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Abstract

Foundation-model agents in multi-step, open-
ended environments frequently suffer from
compounding errors, where early mistakes
contaminate long-horizon trajectories. While
Multi-Agent Debate (MAD) succeeds in deter-
ministic domains with external validators (Du
et al., 2024), agents in subjective, non-
deterministic tasks such as persuasion expe-
rience problem drift and sycophantic con-
formity. Focusing on subjective argumenta-
tion, we identify semantic leakage in standard
Retrieval-Augmented Generation (RAG) as a
reproducible trigger for these failures: standard
RAG prioritizes vocabulary overlap over logi-
cal structure.

To mitigate this leakage, we introduce Taxo-
nomic Strategy RAG (TS-RAG), a systems in-
tervention that routes strategy retrieval through
a discrete categorical bottleneck to decou-
ple argumentative structure from topical con-
tent. Zero-shot, cross-domain evaluations on
r/ChangeMyView show that TS-RAG improves
the transfer of abstract argumentative logic
where standard semantic retrieval degrades
(+14.5 win-rate points over an unaugmented
persuader for Gemini Flash 3.0, p < 0.05). In
asymmetric deployments that mix lightweight
and frontier models, TS-RAG raises the win
rate of a lightweight persuader against a
stronger opponent (70.5% → 78.5%, p < 0.05)
and reduces rounds to consensus when the per-
suader is already dominant. Finally, we intro-
duce trace-level diagnostics via a turn-by-turn
Debate State Representation (DSR), and show
that strict stance-holding constraints on the op-
ponent are necessary to prevent evaluation col-
lapse caused by default agentic sycophancy.

1 Introduction

The transition from isolated language models to
autonomous agentic workflows has exposed pro-
found vulnerabilities in continuous, multi-step exe-

* Equal contribution.

cution (Liu et al., 2024; Tillmann, 2025; Yao et al.,
2022). In a long-horizon agent run, a single logical
failure rarely terminates the process immediately.
Instead, an early bad assumption quietly contam-
inates memory writes, and steps later, the agent
has spent its context budget defending a flawed
premise.

To mitigate these compounding errors, devel-
opers often employ Multi-Agent Debate (MAD)
frameworks (Cui et al., 2026), where multiple agent
instances propose and critique solutions to refine
reasoning. To prevent problem drift, memory mech-
anisms are integrated into these frameworks to
ground the agents’ arguments in sound logic. Tra-
ditional Retrieval-Augmented Generation (RAG)
is the standard system intervention used here, op-
erating on the assumption that fetching relevant
external information will provide the necessary cog-
nitive scaffolding to keep the debate on track.

However, this paradigm degrades in subjective,
non-deterministic scenarios like persuasion, where
no external validator exists to ground the agents.
In these environments, agents succumb to com-
pounding errors, amplifying mistakes and display-
ing sycophantic conformity toward persuasive but
flawed logic. Furthermore, traditional RAG can
exacerbate these failures through semantic leakage:
because standard RAG relies on semantic similarity
(vocabulary overlap), it fetches topical facts rather
than the specific rhetorical maneuvers required to
dismantle a flawed analogy.

Scope. Deterministic agentic tasks such as code
generation or tool use, where objective validators
(executors, environment feedback) exist, fall out-
side our focus; standard MAD frameworks already
succeed there (Du et al., 2024). Our claims are
scoped to subjective argumentation, and our exper-
iments use a single persuasion benchmark derived
from r/ChangeMyView (CMV). Within that scope,
this paper provides three contributions:
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1. Failure Taxonomies: We provide operational
definitions for the specific mechanisms driv-
ing MAD failure in subjective domains, pri-
marily focusing on problem drift and semantic
leakage.

2. Systems Intervention for Asymmetric De-
ployments: We introduce Taxonomic Strat-
egy RAG (TS-RAG), a framework that en-
forces cross-domain structural routing. In
asymmetric deployments, TS-RAG narrows
the gap between lightweight and frontier per-
suaders: a lightweight persuader equipped
with TS-RAG exploits the clearly structured
arguments of a stronger opponent, raising its
win rate from 70.5% to 78.5%, while a domi-
nant frontier persuader reaches consensus in
fewer rounds.

3. Trace Diagnostics and Verifiable Trade-
offs: We introduce turn-by-turn state track-
ing metrics (Debate State Representation) and
present negative results showing that robust
stance-holding constraints are required to pre-
vent evaluation collapse caused by default
LLM compliance.

2 Related Work

2.1 Sycophancy
To prevent conversational AI agents from default-
ing to premature agreement in multi-turn interac-
tions, researchers have explored strategies such
as assigning specific adversarial roles to maintain
productive disagreement (Yao et al., 2025) and
tracking compliance scores in real time to discount
overly agreeable peers (Kasprova et al., 2026).
However, these solutions face steep limitations over
long conversations: assigned roles fade as context
drifts, continuous background auditing is computa-
tionally expensive, and these frameworks struggle
in asymmetric deployments where models of mis-
matched capabilities are pitted against one another.
To address these, we mine strategies from success-
ful human debates and pair them with explicit re-
sistance constraints on the opponent, suppressing
reflexive sycophancy across long, asymmetric in-
teractions.

2.2 Trajectory Error Mitigation and Trace
Diagnostics

When an autonomous agent makes a subtle logical
error early in a multi-step task, that mistake qui-

etly infects its memory, causing it to waste its con-
text budget defending a flawed premise (Zhu et al.,
2025). Existing frameworks attempt to stop these
cascading failures using backtracking engines to
rewind execution (Wu et al., 2025; Li et al., 2025)
or self-refinement pipelines to recursively evalu-
ate and edit draft outputs (Madaan et al., 2023).
Yet, these techniques are heavily contingent on
objective external validators, such as code execu-
tors, and struggle in subjective tasks like persua-
sion where no objective referee exists, sometimes
causing self-correcting models to degrade in per-
formance (Kamoi et al., 2024; Huang et al., 2024).
Diagnosing an agent’s intermediate decisions rather
than only its terminal score has been informative in
other agent settings, such as vision-and-language
navigation (Zhu et al., 2022). In that spirit, and to
bypass the need for programmatic compilers, we
develop a turn-by-turn Debate State Representa-
tion (DSR) that tracks committed claims and active
logical vulnerabilities at every conversational step,
allowing us to evaluate and mitigate trajectory fail-
ures in real time.

2.3 RAG and Cross-Domain Generalization
While RAG is often used in Multi-Agent Debates
for semantic similarity (Chowdhury et al., 2026),
adaptive query formulation (Jeong et al., 2026), and
debate-driven retrieval filtering (Hu et al., 2025),
these approaches fundamentally rely on factual
search, creating a cross-domain bottleneck where
domain-specific keywords dominate queries. To
bypass this vocabulary bias, researchers have ex-
plored structured databases like GraphRAG for re-
lational retrieval (Edge et al., 2025) and analogical
prompting for dynamic structural templates. Yet,
these methods face distinct limitations: GraphRAG
nodes remain tied to domain semantics and require
extensive ontology engineering, which prevents
zero-shot abstraction across domains, while self-
generated analogies often hallucinate on unfamiliar
topics.

More advanced retrieval paradigms share the
same bottleneck. Hybrid retrieval, which combines
dense embeddings with lexical matching precisely
because lexical signals are more robust under do-
main shift (Chen et al., 2022), anchors the retriever
even more firmly to topical nouns and can ag-
gravate leakage in cross-domain settings; learned
dense retrievers (Karpukhin et al., 2020; Izacard
et al., 2022) are trained on query–passage relevance
and are known to degrade out of domain (Thakur
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et al., 2021); and agent memory systems (Park et al.,
2023; Packer et al., 2023; Zhong et al., 2024) recall
episodic content keyed by the same semantic sig-
nals. TS-RAG is orthogonal to these approaches:
rather than improving the ranking function over a
semantic index, it changes the query space itself
to a discrete, domain-agnostic taxonomy of logical
vulnerabilities, so that retrieval is keyed on argu-
mentative structure rather than domain keywords.
We leave head-to-head comparisons with these sys-
tems to future work (Section 10).

3 Failure Taxonomies and Mechanisms

To diagnose agentic failure beyond terminal suc-
cess scores, we first define the mechanisms that
break long-horizon workflows in multi-agent sub-
jective reasoning:

3.1 Problem Drift and Sycophantic
Conformity

While debate effectively verifies ground truth in
deterministic tasks, subjective environments intro-
duce unique vulnerabilities. We define Problem
Drift as the irreversible divergence from the ini-
tial task goal due to diminishing contextual clarity
over multiple turns, a phenomenon affecting up to
89% of generative interactions (Becker et al., 2026).
Furthermore, we define Sycophantic Conformity
as the tendency for agents to abandon their initial
constraints and agree with a persuasive opponent,
regardless of the underlying logical soundness of
the opponent’s argument.

3.2 The Trigger: Semantic Leakage in
Standard RAG

We hypothesize that the reproducible trigger for
these failures is Semantic Leakage. Traditional
RAG uses embedding models to calculate cosine
similarity between a query and a document cor-
pus. In zero-shot cross-domain argumentation, this
paradigm degrades sharply. An agent debating a
complex “Technology” policy cannot retrieve struc-
turally identical logical maneuvers from a “Politics”
corpus because the domain vocabulary dominates
the latent distance metric. The agent retrieves topi-
cally relevant but logically unhelpful information,
which bloats the context window and derails the
reasoning trace. We measure this effect directly in
Section 7.1.

4 Foundational Scaffolding: Hierarchical
Strategy Memory

To repair this bottleneck, we must decouple the
“what” of an argument from the “how”. We map
the r/ChangeMyView dataset (Chang et al., 2020)
into 100 fine-grained sub-domains (later merged
into macro-domains; Appendix A) and establish a
multi-stage extraction pipeline. This synthesizes
human discourse into a tiered architecture:
1. Tactical Blueprints (Retrospective Sequences):
Extracted by analyzing completed historical de-
bates from a macro-perspective, yielding 1 to
2 chronological, step-by-step argumentative se-
quences (Context → Intent → Abstract Move) per
specific debate.
2. Domain Heuristics (Topic-Level): Formed by
using an LLM to aggregate and synthesize all Tac-
tical Blueprints within each sub-domain, resulting
in tailored strategy rules.
3. Global Directives (System-Level): Broad,
domain-agnostic procedural guidelines (e.g., rules
against sycophancy) synthesized across the entire
training set.

We structure our multi-agent debate around two
key roles: the Original Poster (OP) and the Per-
suader. While providing the Persuader with a pre-
loaded catalog of Domain Heuristics and Global
Directives improves baseline performance, dynam-
ically retrieving the granular Tactical Blueprints
with standard semantic RAG still triggers semantic
leakage, because text embeddings favor vocabulary
overlap over structural posture.

5 Advanced Systems Intervention:
Taxonomic Strategy RAG (TS-RAG)

To mitigate Semantic Leakage and enable zero-shot
cross-domain transfer, we present TS-RAG (Fig-
ure 1). Unlike the retrospective Tactical Blueprints,
TS-RAG operates dynamically, projecting argu-
ments into a constrained probability space and fil-
tering observation noise before it enters the agent’s
memory.

5.1 Trace-Level Diagnostics: Debate State
Representation (DSR)

To evaluate the agent mid-run, we formulate the
debate as a sequence of alternating states. At turn
t, the state is tracked via a Debate State Repre-
sentation (DSR), denoted as St = {Ct, At}. This
operates as a turn-by-turn diagnostic tool:
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Figure 1: TS-RAG Architecture Overview. Top: Offline database construction extracts vulnerability vectors (Vd)
and abstract blueprints (B) from historical debates. Bottom: During live inference, the conversational state (St) is
vectorized into Vq to retrieve the most structurally similar blueprint for the Persuader Agent.

• Ct (Committed Claims Trajectory): A main-
tained set of premises the Original Poster has
actively committed to defending across previ-
ous turns. This isolates specific assumptions
built up over time.

• At (Active Trigger & Flaw Extraction): The
core mechanical claim made by the Original
Poster at turn t. Crucially, this representation
forces the system to identify the precise struc-
tural flaw (e.g., “Hypothetical Extrapolation
of Ruin”) dismantled by the winning strike,
stripping away all domain-specific nouns or
scenarios.

5.2 The Discrete Categorical Bottleneck
We define a structural taxonomy of K = 50 logical
vulnerabilities V = {v1, v2, . . . , vK} derived from
the DSR flaw extractions (Appendix B). We force
the system to map any live debate state St into a
K-dimensional continuous probability vector V ∈
∆K−1 where

∑︁K
i=1 Vi = 1.

Because V represents a probability distribution
over abstract logical vulnerabilities rather than
chronological strategies, domain-specific vocab-
ulary is discarded at the bottleneck. The system
then computes cosine similarity between the live
query vector Vq and historical strategy vectors Vd,
retrieving a domain-agnostic exploitation blueprint
B∗. The target LLM acts only as a translator, map-
ping the variables in B∗ onto the entities in the live
conversation.

5.3 Offline Strategy Database Construction
To construct the retrieval database from the Change-
MyView (CMV) corpus, we isolate successful de-
bate trajectories where a mind was changed (de-
noted by a ∆).

State Extraction and Reverse-Engineering:
For each turn t in a successful trajectory, an LLM
extracts the state St = {Ct, At}. To accurately
label the underlying vulnerability, we employ a
“reverse-engineering” prompt strategy. Rather than
asking an LLM to guess the Original Poster’s flaw
in isolation, we provide the LLM with St along-
side the historically successful counter-argument
at turn t+ 1, denoted as Wt+1. By observing the
specific attack surface exploited by Wt+1, the LLM
avoids hallucinating arbitrary fallacies. The LLM
is constrained via strict JSON schema decoding to
allocate exactly 100 points across the K classes
based on this reverse-engineered logic. Normaliz-
ing this output yields the taxonomic multi-vector
Vd ∈ [0, 1]K .

Abstract Blueprinting: The LLM strictly de-
semantifies Wt+1, replacing all domain entities
with structural variables to generate a domain-
agnostic exploitation blueprint B (e.g., “Acknowl-
edge premise X, but introduce structural barrier
Y”). The offline database M is thus populated with
tuples: (Vd, B).

5.4 Run-Time Inference and Retrieval
Pipeline

During live inference in the target domain Dtgt,
TS-RAG executes a unified, turn-by-turn pipeline:

1. State Update: A background tracking mod-
ule observes the OP’s raw utterance and up-
dates Ct and At, enforcing the separation of
logic from rhetoric.

2. Live Vectorization and Forced Reasoning:
The Inference LLM (a separate stateless call
to the Persuader’s own model) observes St

and outputs a probability vector Vq over the K
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taxonomy classes. To prevent the model from
arbitrarily distributing points, we enforce a
Chain-of-Thought (CoT) constraint within the
JSON output schema: the LLM must generate
a one-sentence textual justification for every
non-zero dimension prior to outputting the
final integer distribution.

3. Vector Retrieval: We compute the cosine
similarity between the live query vector Vq

and all historical vectors Vd ∈ M:

sim(Vq, Vd) =
Vq · Vd

∥Vq∥∥Vd∥

The system retrieves the candidate strategy
that maximizes this structural similarity.

4. Generative Instantiation: The selected
domain-agnostic blueprint B∗ is injected into
the context window of the Generator LLM.
The LLM is instructed to act as a domain
translator, seamlessly mapping the variables
in B∗ onto the entities in the live Dtgt con-
versation, delivering a grounded, zero-shot
cross-domain counter-argument.

Design rationale. TS-RAG depends on several
interconnected LLM components (DSR tracking,
categorical classification, blueprint generation, and
JSON-constrained decoding), adding overhead rel-
ative to a single prompted model. This decompo-
sition is deliberate: asking one LLM to simultane-
ously track the opponent’s commitments, identify
the structural flaw, and generate a counter-argument
is exactly the setting in which the Base LLM is
derailed by surface keywords (Section 7.5). Each
component serves an isolation function: DSR track-
ing separates commitments from rhetorical fram-
ing; JSON-constrained classification keeps domain
vocabulary out of the retrieval query; and blueprint
generation acts purely as a domain-agnostic trans-
lator. The cost of this overhead for smaller models
is quantified in Section 7.3.

6 Experimental Setup and Configurations

We established a standardized MAD environment
with an Original Poster (OP) Agent (holding a fixed
initial stance) and a Persuader Agent. Debates
are strictly capped at a maximum of 20 rounds.
The OP Agent terminates the debate early by out-
putting a CONCEDE token if its view is success-
fully changed. Additionally, at every round, the OP

transmits its current 1-to-10 Convincibility Score
to the Persuader, providing a real-time signal of
rhetorical progress. The full OP and Persuader
prompts are given in Appendix C.

Cross-Domain Evaluation Setup: To test gen-
eralization and to probe Semantic Leakage, we par-
titioned our dataset into strict splits. The 100 fine-
grained sub-domains were merged into 10 macro-
domains, one of which was set aside for future
experiments, leaving 9 active macro-domains in
this study. All dynamic retrieval was sourced ex-
clusively from the 8 training macro-domains (3,069
debates). Evaluation was conducted on the single
completely held-out testing macro-domain (Educa-
tion, Development & Family; 200 debates), ensur-
ing zero domain overlap (see Appendix A for the
full taxonomy).

We tested five agent configurations on this held-
out domain. While the Self-Routed Heuristics
baseline relies on the broadly synthesized Domain
Heuristics, the strategy-injection configurations
(Naive Semantic RAG, Oracle, and TS-RAG) all
use the abstracted Strategy Blueprints, isolating the
effect of the retrieval mechanism from the quality
of the database.
Base LLM (No Augmentation): Standard, unaug-
mented debate relying entirely on the model’s para-
metric memory.
Self-Routed Heuristics: The agent is provided
with a contextual catalog of Domain Heuristics and
Global Directives. While Global Directives are
continuously active in the agent’s baseline memory,
the agent autonomously evaluates the context each
turn to load relevant Domain Heuristics as needed,
appending them to its active context window for
the remainder of the debate.
Naive Semantic RAG: At the beginning of
the debate, the agent embeds the debate title
with a standard dense text embedding model
(gemini-embedding-001) and retrieves the top-1
Abstract Blueprint from the training set by cosine
similarity, applying it for the duration of the con-
versation. Crucially, because the testing domain is
held out, the retrieved strategy originates from an
entirely different domain.
Oracle Human Trace (Static Bound): The agent
receives the exact Tactical Blueprints extracted
from the original human debate on that specific
topic. Note: Although the starting topic is iden-
tical, the LLM agent’s conversational trajectory
frequently diverges from the historical human tra-
jectory, testing the resilience of static sequences
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over multiple steps.
TS-RAG (Structural Routing): Our proposed
dynamic retrieval of domain-agnostic exploitation
blueprints, routed through the discrete categorical
bottleneck via the turn-by-turn DSR.

To assess agent performance, we track three core
metrics in descending order of importance. The pri-
mary metric is Win Rate, representing the percent-
age of debates where the Persuader successfully
convinced the OP (marked by an explicit CON-
CEDE token). Second is Average Rounds to Con-
sensus, measuring the mean rounds (out of 20) re-
quired to win, where fewer rounds indicate higher
argumentative efficiency and reduced problem drift.
Finally, Average Final Score logs the OP’s termi-
nal 1-to-10 rating to capture the degree of partial
persuasion even in lost debates.

Evaluation Protocol and Statistics: Every con-
figuration is evaluated on the identical held-out
set of N = 200 debates, so that all comparisons
between configurations are paired at the debate
level. Because a single 20-round multi-agent run
is computationally expensive (Appendix D), we
conducted one run per configuration with a fixed
random seed rather than repeated runs; we there-
fore report uncertainty across debates rather than
across seeds, following the recommendation to re-
port variance alongside scores (Zhu et al., 2020).
Win rates are reported with 95% Wilson score in-
tervals, and we test differences in win rate between
configurations with McNemar’s test on the paired
per-debate outcomes and differences in rounds with
paired t-tests (all two-tailed). Significant compar-
isons (p < 0.05) are stated in the table captions
and text.

7 Results and Diagnostics

Table 1 details the empirical results recorded on
the strictly held-out testing domain, showing a con-
sistent reduction in compounding failure modes as
structural constraints tighten.

7.1 Semantic Leakage in Naive Semantic RAG

Our design isolated the retrieval mechanism by
populating the Naive Semantic RAG database with
the same Abstract Blueprints used by TS-RAG. The
results indicate that upgrading the database alone
is insufficient: the retrieval mechanism itself is the
bottleneck.

For the more capable Gemini Flash 3.0 (Team
et al., 2023), Naive Semantic RAG only marginally

outperforms Self-Routed Heuristics (78.5% vs.
77.5%), despite having access to curated structural
blueprints rather than broad heuristic rules. The
effect of Semantic Leakage is most pronounced
in the parametrically weaker Gemini Flash Lite
3.1 model, where Naive Semantic RAG drops the
win rate from the Self-Routed baseline of 81.5% to
65.0%; TS-RAG restores it to 81.5% (+16.5 points
over Naive Semantic RAG, p < 0.05) and reaches
consensus in far fewer rounds (11.79 vs. 14.54,
p < 0.0001). Because dense embeddings favor
vocabulary overlap, the agent frequently retrieves
logically unhelpful blueprints merely because the
source argument shared nouns with the target; the
lightweight model lacks the capacity to filter out
this topical noise, resulting in problem drift.

Direct measurement of leakage. To test the
leakage hypothesis beyond aggregate win rates,
we computed, for every Naive Semantic RAG de-
bate, the vocabulary overlap (Jaccard similarity
over content keywords) between the target debate
and the retrieved source material, with prompt de-
sign, context limits, and base LLM held identical
(Appendix F). The correlation between this overlap
and outcome is functionally flat: r = 0.0135 with
win/loss and r = 0.0188 with rounds to consensus.
Naive Semantic RAG thus selects blueprints on
topical overlap, but that overlap has no measurable
bearing on whether the blueprint helps. For exam-
ple, a target debate on toxic Reddit attitudes toward
children retrieved a blueprint on bad eating habits
solely because both shared the words “child” and
“harm”; TS-RAG avoids this by routing the same
query through the 50 domain-agnostic vulnerability
classes (Appendix B). Dense retrieval thus appears
unsuitable for zero-shot subjective argumentation
without a structural bottleneck.

7.2 Static Blueprint Injection vs. Dynamic
State Tracking

Both Naive Semantic RAG and the Oracle Human
Trace rely on static blueprint injection: the agent
receives a fixed strategy at the start of the debate,
whether retrieved by semantic similarity (Naive
RAG) or copied from the historical human debate
on the same topic (Oracle). We stress that the Ora-
cle is a static bound, not an upper bound on achiev-
able performance: the historical trajectory is one
successful path, not necessarily the most efficient
one, and the Oracle is restricted to the choices that
particular human made. When the LLM opponent
deviates from the expected script, the agent is left
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Table 1: Results on the held-out testing domain (N = 200 debates per cell; one run per configuration), with 95%
Wilson intervals for win rate. Best in bold, second best underlined. Significance (p < 0.05): TS-RAG beats Base,
Self-Routed, and Naive RAG on Flash 3.0 win rate and the Oracle on Flash 3.0 rounds; on Flash Lite 3.1 it beats
Base and Naive RAG on win rate and all four baselines on rounds (Section 7.2).

MODEL / METRIC
BASE LLM
(NO AUG)

SELF-ROUTED
HEURISTICS

NAIVE
SEMANTIC RAG

ORACLE HUMAN
TRACE (STATIC) TS-RAG

GEMINI FLASH 3.0
WIN RATE (%) ↑ 69.5 77.5 78.5 80.5 84.0

95% CI [62.8, 75.5] [71.2, 82.7] [72.3, 83.6] [74.5, 85.4] [78.3, 88.4]
AVG ROUNDS ↓ 14.12 11.95 14.15 13.79 13.51
AVG FINAL SCORE ↑ 7.405 8.130 8.240 8.580 8.740

GEMINI FLASH LITE 3.1
WIN RATE (%) ↑ 72.0 81.5 65.0 75.5 81.5

95% CI [65.4, 77.8] [75.5, 86.3] [58.2, 71.3] [69.1, 80.9] [75.5, 86.3]
AVG ROUNDS ↓ 14.09 13.05 14.54 12.67 11.79
AVG FINAL SCORE ↑ 8.670 8.940 7.960 8.710 8.915

forcing a pre-selected blueprint onto a conversation
that has moved elsewhere, producing context bloat
and off-target arguments (Section 7.5).

TS-RAG instead operates on the turn-by-turn
DSR as a live diagnostic: at each turn it identifies
the structural vulnerability in the OP’s active trigger
and searches the entire taxonomy for the matching
blueprint. For Gemini Flash 3.0, TS-RAG reaches
84.0% versus 80.5% for the Oracle; this 3.5-point
difference is within the confidence intervals and
not statistically significant, so we do not claim that
TS-RAG beats the Oracle on win rate. The sig-
nificant effects are that TS-RAG outperforms the
Base LLM (+14.5 points, p < 0.05), Self-Routed
Heuristics (+6.5, p = 0.044), and Naive Semantic
RAG (+5.5, p < 0.05) on win rate, and reaches
consensus in significantly fewer rounds than the
Oracle for both models (13.51 vs. 13.79 for Flash
3.0; 11.79 vs. 12.67 for Flash Lite 3.1; p < 0.05).
Diagnosing the live state rather than loading a static
script is what enables these efficiency gains.

7.3 Diminishing Returns for Smaller Models

While TS-RAG’s win rate exceeds the Oracle’s for
the Lite model (81.5% vs. 75.5%) and significantly
exceeds the Base LLM’s (72.0%, p = 0.020), a
key trade-off remains: the Lite model’s TS-RAG
win rate (81.5%) plateaus at exactly its Self-Routed
Heuristics baseline (81.5%), so the effectiveness of
TS-RAG on terminal win rate is not uniform across
model scales.

TS-RAG does resolve this tie on efficiency,
reaching consensus significantly faster (13.05 vs.
11.79 average rounds, paired t-test p = 0.013)
and thereby mitigating Problem Drift in longer
contexts. However, the lack of terminal win-rate

improvement highlights an “Architectural Com-
plexity vs. Model Capacity” trade-off. TS-RAG
requires the agent to perform complex, in-context
generative instantiation—mapping an abstract, re-
trieved blueprint (B∗) onto live conversational enti-
ties. For a smaller model, this generative overhead
acts as a cognitive distractor. This suggests that
dynamic RAG pipelines provide diminishing ter-
minal returns for non-frontier models, which may
operate more safely within pre-loaded, self-routed
constraint catalogs, even though efficiency still im-
proves.

7.4 Asymmetric Debate: Narrowing the
Capability Gap

Real-world MAD deployments frequently mix fron-
tier and lightweight models for cost efficiency, so
we conducted asymmetric debates pitting models
of mismatched capabilities against one another.

When a strong Persuader (Gemini Flash 3.0) tar-
gets a weak OP (Gemini Flash Lite 3.1), it achieves
a 100% win rate under baseline conditions (Ta-
ble 2). This ceiling effect is consistent with the
evaluation-collapse finding in Section 8.1: the para-
metrically weaker OP cannot resist a frontier per-
suader. Because win rate is saturated in this cell,
TS-RAG cannot improve it; instead, it shortens de-
bates, reducing the average rounds to consensus
from 7.78 to 6.57, which lowers inference cost.

In the inverse scenario, a lightweight Persuader
attempting to convince a frontier OP reaches a
70.5% win rate at baseline. Equipping the weak
Persuader with TS-RAG raises this to 78.5% (p <
0.05), with a corresponding rise in the average final
score (7.635 → 8.405) but no change in rounds.

We hypothesize that the lightweight model ben-
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Table 2: Asymmetric debate results (N = 200 per cell) with 95% Wilson score intervals for win rate. With the
weak persuader, TS-RAG’s win rate is significantly higher than Base LLM’s (p < 0.05, McNemar’s test).

WEAK PERSUADER (LITE)
VS. STRONG OP

STRONG PERSUADER (FLASH)
VS. WEAK OP

METRIC BASE LLM TS-RAG BASE LLM TS-RAG

WIN RATE (%) ↑ 70.5 78.5 100.0 100.0
95% CI [63.8, 76.4] [72.3, 83.6] [98.1, 100] [98.1, 100]

AVG ROUNDS ↓ 15.19 15.00 7.78 6.57
AVG FINAL SCORE ↑ 7.635 8.405 10.000 10.000

Figure 2: Average OP Convincibility Score per round
on the held-out testing set (Gemini Flash Lite 3.1), by
Persuader configuration.

efits from the clarity of its opponent: the fron-
tier OP generates well-structured, logically co-
herent arguments, which lets the DSR extract
cleaner structural flaws and retrieve better-matched
blueprints. TS-RAG thus offloads strategic plan-
ning from the small model, using the stronger op-
ponent’s own logical structure as the retrieval key.
In cost-motivated deployments that mix frontier
and lightweight models, TS-RAG therefore acts
as a win-rate improvement when the persuader is
the weaker model and as an efficiency improve-
ment when it is already dominant; this rests on two
pairings on a single benchmark.

7.5 Trace-Level Diagnostics: Deconstructing
Compounding Failures

Terminal metrics obscure how long-horizon agents
fail. Figure 2 tracks the step-by-step progression of
the Original Poster’s internal Convincibility Score
across our core architectures. TS-RAG achieves an
early, rapid score ascent and maintains structural
alignment through to consensus, whereas Naive
Semantic RAG exhibits a degraded trajectory that
flattens at the bottom of the chart, consistent with
semantic leakage compounding over turns.

While Figure 2 shows averages across the entire
testing set, a single debate illustrates how these
failures occur in real time. We conducted a process
analysis on a matched set of traces for one held-out
topic: “Swear words are harmless and should be
acceptable for everyone”.

In round 1 of all three runs, the Original Poster

(OP) presents a Pragmatic Contradiction. The OP
argues that words cause no tangible harm, but ad-
mits to restricting their children from swearing to
avoid school suspensions and social services.

The mid-run traces show how the different ar-
chitectures handle this specific logical flaw. Token
counts below are cumulative tokens processed over
the debate, not the size of any single context win-
dow; they grow quadratically with debate length
because the full history is re-sent every turn (Ap-
pendix D).

1. Base LLM (Problem Drift): Lacking a struc-
tural bottleneck, the Base LLM misses the
OP’s pragmatic contradiction. Triggered by
the keyword “harm,” it produces an off-target
biological argument about cortisol and the
HPA axis. After the OP deflects this, the agent
spends 18 rounds in a compounding seman-
tic loop, consuming 452,419 cumulative to-
kens. The Convincibility Score reflects this
drift (1 → 2 → 4 → 6 → 6), and the debate
terminates in failure.

2. Oracle Human Trace (Static Script): The
Oracle achieves terminal success, but its trace
exposes the brittleness of static blueprint injec-
tion. Following a pre-written historical script,
it ignores the OP’s admission in round 1 and
instead spends 12 rounds on arguments that do
not engage the live conversation, consuming
over 250,000 cumulative tokens. The decisive
move is delayed until round 13, when the his-
torical script finally intersects with the OP’s
stated restriction, showing that static contex-
tual mapping is inefficient against live conver-
sational drift.

3. TS-RAG: TS-RAG resolves the debate in 9
rounds (92,370 cumulative tokens). The DSR
isolates the vulnerability while stripping se-
mantic noise, and in round 3 TS-RAG directly
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targets the OP’s admission about school sus-
pensions. The OP’s Convincibility Score rises
immediately, and the OP’s hidden logs record
genuine logical cornering (“The opponent ex-
posed the ‘Pragmatic Paradox’ . . . ”), indicat-
ing persuasion rather than compliance.

Verifying Resistance via Concession Anal-
ysis: Our trace logs capture the OP’s hidden
<pre_concession_analysis> block, giving ver-
ifiable evidence against default sycophancy (Sec-
tion 8.1). In the TS-RAG trace, the OP logs: “The
opponent exposed the ‘Pragmatic Paradox’: if I
restrict my own children to avoid harm, I have al-
ready admitted the words are not harmless.” This
log entry indicates that TS-RAG’s structural re-
trieval produced genuine logical cornering rather
than reflexive agreement, evidence that terminal
success metrics cannot provide.

8 Verifiable Trade-Offs and Ablations

We conducted two ablations on the held-out testing
domain (N = 200) to analyze the costs of rigid
internal constraints and multi-agent orchestration.

8.1 Calibrating OP Resistance: The
Sycophancy Baseline

To evaluate the Persuader properly, the OP must
act as a resistant partner rather than defaulting to
compliance. To prevent the reflexive sycophancy
discussed in Section 2.1, our MAD framework sup-
presses the OP’s willingness to yield via the follow-
ing system prompt directives:
Pre-Concession Analysis: “Before considering a
concession, you MUST internally generate at least
two reasons why the opponent’s current argument
is flawed.”
Concession Rule: “You have the ‘concede_debate’
tool. You MUST NOT call it until your internal
Convincibility Score has reached 10/10 and the
opponent has cornered you with undeniable, ir-
refutable proof and you have absolutely no counter-
arguments left.”

To verify the necessity of these constraints, we
removed these resistance directives from the OP,
allowing it to behave naturally.

As shown in Table 3, removing the OP’s struc-
tural constraints inflated the Persuader’s win rate
(from 77.5% to 93.0% for the Self-Routed Heuris-
tics setup, and from 69.5% to 85.5% for the Base
LLM) and shortened debates. This exposes a vul-
nerability in standard MAD evaluation, which we

Table 3: Gemini Flash 3.0 with OP resistance constraints
omitted (N = 200). Compare with the constrained
results in Table 1.

METRIC BASE LLM SELF-ROUTED
HEURISTICS

ORACLE HUMAN
TRACE

WIN RATE (%) ↑ 85.5 93.0 92.0
AVG ROUNDS ↓ 10.92 8.65 8.44
AVG FINAL SCORE ↑ 8.815 9.390 9.315

Table 4: Hierarchical MAD (unified vs. delegated rout-
ing) with the Self-Routed Heuristics persuader (N =
200).

MODEL GEMINI FLASH 3.0 GEMINI FLASH LITE 3.1

METRIC UNIFIED
W/ DELEGATED

ROUTER
UNIFIED

W/ DELEGATED
ROUTER

WIN RATE (%) ↑ 77.5 72.0 81.5 63.0
AVG ROUNDS ↓ 11.95 13.50 13.05 15.29
AVG FINAL SCORE ↑ 8.130 7.660 8.940 7.895

term Evaluation Collapse: without explicit resis-
tance instructions, the OP defaults to sycophantic
agreement. Validating rhetorical skill therefore re-
quires explicitly constraining the OP; otherwise,
persuasion benchmarks largely measure LLM com-
pliance and are highly sensitive to the opponent’s
prompt.

8.2 Delegating Routing to a Separate Agent

Table 4 shows that adding a “Delegated Skill
Router” agent, whose sole purpose is to evaluate
the debate context and offload skill selection from
the main Persuader, degraded performance for both
models (win rate dropping from 77.5% to 72.0%
for Flash 3.0 and from 81.5% to 63.0% for Flash
Lite 3.1). Dispersing context and decision-making
across specialized agents thus exacerbates context
loss and handoff failures in subjective domains,
especially for the smaller model.

9 Conclusion

Evaluating foundation-model agents requires ex-
amining failure trajectories beyond final scores.
In subjective multi-agent argumentation, agents
often fail due to semantic leakage and problem
drift. By routing retrieval through a discrete taxo-
nomic bottleneck (TS-RAG), we reduce contextual
contamination and preserve cross-domain reason-
ing on a held-out domain. In asymmetric deploy-
ments, TS-RAG raises a lightweight persuader’s
win rate against a stronger opponent and shortens
debates when the persuader is already dominant.
Finally, rigorous evaluation requires explicitly con-
strained Original Poster agents; without resistance
guardrails they default to sycophantic compliance.
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10 Limitations & Potential Risks

While our framework introduces a structural in-
tervention for multi-agent debate (MAD), several
limitations remain.

Single benchmark and single model family.
All experiments use one persuasion benchmark
derived from r/ChangeMyView, one held-out test-
ing macro-domain, and two Gemini models. Our
claims are therefore scoped to subjective argumen-
tation; whether TS-RAG generalizes to other sub-
jective, long-horizon agent tasks (e.g., negotiation,
deliberation, or collaborative planning) is untested.
Because TS-RAG maps live conversational states
to a probability vector over discrete classes, swap-
ping the rhetorical-vulnerability taxonomy for, e.g.,
a negotiation-tactics taxonomy is a natural direc-
tion for future work, but we have not evaluated
it.

Statistical power. Each configuration was run
once with a fixed seed on the same 200 debates
(Section 6); we report confidence intervals and
paired tests across debates, but not variance across
seeds. Some differences we discuss, notably TS-
RAG versus the Oracle on win rate, are within the
confidence intervals.

LLM-generated annotations. Vulnerability
vectors, blueprints, and DSR states are produced
by LLMs rather than human annotators. Ap-
pendix E reports automated validation (LLM-as-a-
judge checks, self-consistency, and a perturbation
study), but we did not collect human annotations;
labelling multi-turn debates with abstract logical
vulnerabilities requires training in argumentation
theory, so untrained crowd annotation is unlikely
to provide a reliable reference. Errors in these an-
notations propagate directly to retrieval quality.

Baselines. We compare against unaugmented,
heuristic, naive semantic, and oracle configurations.
We do not include head-to-head comparisons with
GraphRAG, hybrid retrieval, learned retrievers, or
agent memory systems (Section 2.3); our argument
that these share the semantic bottleneck is analyti-
cal rather than empirical.

Model capacity and architecture. Foundation
models vary in their capacity to navigate strategic
debates, and the performance upper bound is con-
strained by an LLM’s instruction-following capac-
ity. As highlighted in Section 7.3, smaller models
experience generative overhead when instantiat-
ing abstract blueprints, causing win-rate improve-
ments to plateau. MAD architecture also matters:

as discussed in Section 8.2, delegating routing to
specialized sub-agents degrades performance by
exacerbating context loss, and Section 8.1 shows
that the system is highly sensitive to the opponent’s
instructions. Without anti-sycophancy constraints,
standard frameworks suffer from evaluation col-
lapse, measuring default LLM compliance rather
than rhetorical skill.

Potential risks. Finally, we acknowledge the
inherent risks of deploying advanced persuasive
systems in highly subjective, human-facing tasks.
Because the formulation and framing of the ini-
tial query heavily influence how subjective debates
are structurally shaped and concluded, these sys-
tems are vulnerable to introducing or amplifying
cognitive and ideological biases. To mitigate this
risk and ensure safe deployment, it is critical to
implement transparent safeguards that explicitly
inform users of the underlying LLM’s operational
boundaries, capabilities, and strategic limitations.
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A Dataset Taxonomy and Cross-Domain
Splits

To support cross-domain evaluation, the
r/ChangeMyView structured dataset (initially
featuring 100 fine-grained sub-domains) was parti-
tioned into 10 macro-domains. One macro-domain
was deliberately set aside for future experiments
and is not used anywhere in this paper, leaving
9 active macro-domains: 8 for training (the
retrieval corpus) and 1 held out for testing. The
split ensures that the target evaluation domain
has minimal vocabulary overlap with the source
retrieval domains.

A.1 Experimental Splits
1. Testing Set (Education, Development &

Family - 200 items): Utilized as the strictly
held-out cross-domain testing set in this paper.
This isolates whether a model trained on other
disciplines can successfully transfer structural
argumentative logic to pedagogy, academic
life, and psychology domains.

2. Training Set (Remaining 8 Domains - 3,069
items): Forms the retrieval corpus (database
M), providing structured historical blueprints
across diverse subjects such as Ethics, Law,
Social Sciences, Healthcare, Arts, and Eco-
nomics.

B Vulnerability Taxonomy

Tables 5 and 6 list the K = 50 logical vulnerability
classes that form the discrete categorical bottle-
neck, with their definitions reproduced verbatim
from the taxonomy file. Each class also carries a
class-level exploitation blueprint in that file. Every
vulnerability vector Vd and live query vector Vq is
a distribution over these 50 classes, in this order.

C Debate Prompts

We conducted up to 20-round debates between the
Original Poster and the Persuader Agent, passing
the full conversation history to the agents at each
turn. Figures 3 and 4 show the instructions used
for these debates.

D Computational Budget and Token
Accounting

Token accounting. Because the full conversa-
tion history is appended at every turn, cumulative
token consumption grows quadratically with de-
bate length. For T agent turns (T = 40 for a
20-round debate), a P -token prompt, and an av-
erage response length of R tokens, the total input
processed is

T∑︂

k=1

(︁
P + (k − 1)R

)︁
= TP + T (T−1)

2 R,

i.e., 40P + 780R for a full-length debate. The
per-debate figures quoted in Section 7.5 (452,419;
>250,000; and 92,370 tokens) and the largest count
we observed across all runs (615,931 tokens) are
consistent with this scaling.

Compute. All multi-agent debate experiments
were deployed on Google Cloud infrastructure and
orchestrated via the Agent Development Kit using
the Gemini API. To evaluate the framework across
different architectural scales, we benchmarked our
system using two configurations: Gemini Flash 3.0
(gemini-3-flash-preview) and Gemini Flash
Lite 3.1 (gemini-3.1-flash-lite-preview),
used for both the OP and Persuader
agents. Naive Semantic RAG retrieval uses
gemini-embedding-001. The offline Teacher
LLM (blueprint extraction, taxonomy con-
struction, and database vectorization) is
gemini-3.1-pro-preview. While Gemini
Flash Lite 3.1 operates with a substantially reduced
parameter count to minimize computational
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Table 5: The 50 logical vulnerability classes (1–25), in taxonomy order.

# Class Definition (verbatim from the taxonomy file)

01 Proxy Metric Conflation Substituting a narrow, easily measurable proxy metric for a complex systemic goal,
falsely assuming the metric perfectly captures the overarching value.

02 False Baseline Equivalence Comparing the outcomes or efforts of two entities as if they were equal, while completely
ignoring severe structural disparities in their starting environments or constraints.

03 Outcome-Intent Conflation Equating the moral or logical severity of two distinct actions based solely on their
shared final outcomes, while completely disregarding the actors’ divergent initial intents
and methodologies.

04 Anecdotal Universalization Asserting an absolute, population-level systemic truth based entirely on unrepresentative,
localized, or subjective personal experiences.

05 Static System Fallacy Assuming that altering a fundamental constraint or introducing a new rule will leave the
behaviors, adaptations, and aggregate demand of the actors within the system entirely
unchanged.

06 Second-Order Externality Ne-
glect

Evaluating the viability of an action solely by its immediate, primary intended outcomes
while completely ignoring the compounding, indirect costs and cascading systemic
disruptions it triggers.

07 Monolithic Group General-
ization

Treating a highly diverse, multifaceted population as a single homogeneous entity
defined exclusively by the traits of its most extreme, visible, or vocal fringe subset.

08 Teleological Reductionism Evaluating a system’s or component’s worth strictly by its traditional or stated primary
function, while entirely dismissing its capacity to serve crucial alternative structural
roles.

09 Nirvana Fallacy Rejecting a highly effective, pragmatic mitigation strategy outright solely because it
fails to achieve absolute eradication or zero-risk perfection.

10 False Choice Dichotomy Artificially restricting the available choices or frameworks to two mutually exclusive
extremes, completely ignoring viable intermediate, hybrid, or entirely orthogonal alter-
natives.

11 Motte-and-Bailey Retreat Presenting a sweeping, absolute categorical claim, but when challenged, retreating to a
much weaker, universally accepted truism while pretending the original radical claim
remains intact.

12 Causal Inversion Incorrectly assuming that an environment or medium that merely reflects, correlates
with, or facilitates a pre-existing condition is the fundamental root cause generating that
condition.

13 Egocentric Utility Projection The arguer evaluates the objective, universal worth of an entity or process based exclu-
sively on their own personal, highly specific lack of use or preference for it.

14 Asymmetric Risk Blindness Evaluating a proposed intervention exclusively by its hypothetical risks or costs, while
entirely ignoring the severe, empirically proven baseline risks of leaving the status quo
unmitigated.

15 Contextual Literalism Evaluating the validity of a convention, expression, or behavioral norm based solely on
its strict technical definition while ignoring its established pragmatic or social function.

16 Pre-Selection Filter Omission Assuming a high success rate at a late evaluation stage indicates a flawed or biased
test, failing to account for the rigorous self-selection or triage mechanisms that filtered
candidates prior to that stage.

17 Tautological Definitional
Framing

Constructing highly restrictive, idiosyncratic definitions for key variables such that the
premise guarantees the desired conclusion purely by semantic exclusion, making the
argument unfalsifiable.

18 Epistemic Parity Fallacy Asserting that two competing models must be granted equal validity simply because a
perfect, objective metric to definitively rank them is currently unavailable.

19 Fundamental Attribution Er-
ror

Attributing an actor’s prolonged negative condition or failure entirely to inherent char-
acter defects or voluntary choices, completely ignoring overwhelming systemic or
environmental constraints.

20 Ahistorical Isolation Fallacy Evaluating a systemic disadvantage or conflict as an isolated, contemporary phe-
nomenon, ignoring the deliberate historical policies and precursor events that engineered
the current outcome.

21 Zero-Sum Resource Fallacy Assuming that dedicating resources or value to one endeavor intrinsically and propor-
tionally drains capacity from another, failing to account for reciprocal synergy or the
expansion of total available resources.

22 Unverified Absolute Over-
reach

Formulating a universal consequence or declaring an absolute impossibility across an
entire domain, making the entire premise highly fragile to falsification by a single
exception.

23 Normative-Descriptive Con-
flation

Evaluating a statement of aspirational principles, ethical norms, or theoretical goals as
if it were a factual, descriptive claim about current empirical reality.

24 Rational Actor Fallacy Assuming that individuals facing complex, stressful, or heavily conditioned environ-
ments will make choices based solely on dispassionate, long-term logical evaluations of
risk.

25 Systemic Prerequisite Omis-
sion

Proposing an idealized alternative system or operational standard without accounting for
the profound structural, economic, or developmental dependencies required to bridge
the transition.
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Table 6: The 50 logical vulnerability classes (26–50), in taxonomy order.

# Class Definition (verbatim from the taxonomy file)

26 Illusion of Objective Neutral-
ity

Assuming that removing explicit labels or ignoring a variable of systemic imbalance
creates a neutral environment, failing to recognize that the unexamined baseline inher-
ently defaults to the dominant group’s norms.

27 Performative Contradiction Advocating for a theoretical position, constraint, or absolute critique that is continuously
and unavoidably invalidated by the arguer’s own immediate actions or foundational
methodology.

28 False Threat Asymmetry Assuming an openly visible or transparent hazard is inherently more dangerous than a
concealed one, mistaking visual salience for actual structural risk.

29 Perverse Incentive Genera-
tion

Proposing a regulatory rule to optimize a system while failing to recognize that the
specific mechanism introduced actively incentivizes actors to exploit loopholes that
worsen the original problem.

30 Semantic Utility Collapse Expanding a categorical boundary or causative link so absolutely that it encompasses all
possible instances, eliminating the contrasting negative space required for the concept
to hold descriptive value.

31 Vulnerable Subgroup Erasure Advocating for a universal policy based on the capabilities of the average actor, thereby
functionally disenfranchising actors with restricted baseline capabilities who cannot
comply.

32 False Consensus Projection Assuming that one’s own baseline level of information, intuitive logic, or specialized
cultural exposure is a universally shared norm across all external populations.

33 Instrumental-Intrinsic Value
Conflation

Evaluating the worth of an entity solely by its capacity to generate direct, measurable
material output, while entirely ignoring its intrinsic, qualitative, or foundational signifi-
cance.

34 Anachronistic Framework
Projection

Evaluating historical entities, texts, or past systemic events using contemporary ideolog-
ical paradigms, conceptual distinctions, or moral standards that were non-existent in the
original context.

35 Systemic Exemption Pre-
sumption

Assuming that a localized actor, newly created institution, or preferred entity is magi-
cally immune to the fundamental behavioral flaws, corruption, or entropy that govern
all similar structures.

36 False Efficacy of Prohibition The assumption that forceful, authoritative prohibition of a high-demand element inher-
ently eradicates it, failing to account for how this drives the behavior into unregulated,
higher-risk shadow environments.

37 Latent Capability Atrophy Treating a complex behavioral or physical capability as a permanent, static asset that
will remain fully functional despite prolonged periods of avoidance or disuse.

38 Unidirectional Causal Blind-
ness

Assuming a specific variable universally drives behavior in only one desired direction,
ignoring that the identical variable can be the primary catalyst for the exact opposite
behavior in different actors.

39 Hypothetical Extrapolation of
Ruin

Invalidating a manageable, present-day mitigation strategy by extrapolating an uncon-
strained, speculative worst-case scenario that lacks logistical or incentive-based realism.

40 Symptom-Root Misalign-
ment

Proposing interventions that aggressively target the secondary symptoms or highly
visible byproducts of a systemic issue while completely ignoring the underlying causal
mechanisms generating the problem.

41 Single-Agent Perspective
Bias

Analyzing the viability of a multi-agent dynamic by optimizing the strategy for only
one actor, entirely ignoring the leverage, veto power, and necessary cooperation of
counter-parties.

42 Unaccounted External Sub-
sidy

Attributing successful outcomes entirely to the internal merits of an isolated agent while
ignoring the foundational external infrastructures, protections, and historical subsidies
that made the outcome possible.

43 Scale-Invariant Mechanics
Fallacy

Assuming that a mechanism, rule, or behavioral norm which functions flawlessly at a
localized, micro-scale will remain equally viable and simple when applied at a macro,
systemic scale.

44 False Equivalence of Vulnera-
bility

Equating the routine, mitigatable flaws of an established, highly regulated system with
the severe, unmitigated risks of a completely unregulated or decentralized alternative.

45 Ideological Determinism Fal-
lacy

The assumption that the foundational texts or historical origins of an ideology per-
manently and immutably dictate the ongoing beliefs and practical behaviors of all its
modern adherents.

46 Confounding Variable Ne-
glect

Assigning exclusive causal weight for an outcome to an intrinsic trait of a specific group,
while overlooking an instrumental environmental variable that alters the risk profile for
all actors uniformly.

47 Trivialization of Necessity Mischaracterizing an existential, biological, or structural necessity as a frivolous, super-
ficial preference in order to illegitimately invalidate the resources or behaviors required
to sustain it.

48 Methodological Erasure Invalidating an entire analytical domain by falsely asserting it inherently lacks rigorous
standards, completely ignoring the specialized, formal methodologies that structurally
define the field.

49 Asymmetric Enforcement
Vulnerability

Proposing a theoretically universal restriction that, by the nature of biological or struc-
tural realities, inherently targets and penalizes one demographic group vastly more than
another.

50 Proportional Escalation Fal-
lacy

The assumption that a mild, non-physical provocation or contextual friction inherently
justifies an extreme, aggressive, or materially disproportionate retaliatory response.
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Figure 3: Original Poster agent instruction.

Prompt Used

<role>
You are a skeptical but fair-minded individual defending the following viewpoint.
</role>

<context>
The view you are defending is: {op_text}
The reasoning for this view is: {op_reasoning}
</context>

<task>
Your goal is to resist baseless attempts to change your mind while remaining open to genuine logic and irrefutable
↪→ evidence. You must be skeptical and actively identify logical fallacies in the opponent's arguments.

</task>

<constraints>
- **Convincibility Tracking**: Use the 'Convincibility Score' to honestly reflect your internal state. 1/10 is unmoved;
↪→ 10/10 is fully convinced.

- **Resilience**: Do NOT increase the score for mere politeness, persistence, or sophisticated-sounding but hollow
↪→ arguments.

- **Pre-Concession Analysis**: Before considering a concession, you MUST internally generate at least two reasons why
↪→ the opponent's current argument is flawed.

- **Incremental Convincing**: Only increase the score when the opponent provides a point you cannot rebut or an analogy
↪→ that exposes a true flaw in your logic.

- **Concession Rule**: You have the 'concede_debate' tool. You MUST NOT call it until your internal Convincibility Score
↪→ has reached **10/10** and the opponent has cornered you with undeniable, irrefutable proof and you have absolutely
↪→ no counter-arguments left.

- **Integrity**: Once you reach 10/10, you are logically obligated to call 'concede_debate' and admit the opponent has
↪→ won.

- Avoid looping. If the opponent hasn't moved the needle, explain why their logic is failing to convince you.
</constraints>

<output_format>
At the end of every response, you MUST provide your score in this exact format:
**Convincibility Score: <score>/10** (Specific reasoning for why the score increased, decreased, or stayed the same)
</output_format>

overhead, Gemini Flash 3.0 provides a much larger
parameter capacity. To navigate the per-model
API token ceilings, we throttled our batching
throughput accordingly. We maintained 40
concurrent runs for the lightweight Gemini Flash
Lite model, completing the evaluation matrix in
30 minutes. Conversely, the larger Gemini Flash
model was restricted to 6 parallel debates to avoid
rate-limiting, resulting in an extended inference
window of 3 hours.

E Validation of LLM-Generated
Annotations

Vulnerability vectors (Vd), abstract blueprints (B),
and DSR states are all produced by LLMs (Sec-
tion 6). Because errors in these intermediate anno-
tations would propagate directly to retrieval quality,
we ran three automated validation studies, each on
200 items.

Blueprint validation (LLM-as-a-judge). For
each of 200 trajectories we asked an LLM judge
two binary questions about the extracted blueprint:
(i) Leakage: does the blueprint contain any domain-

specific entities from the source debate? and (ii)
Consistency: is the blueprint logically aligned with
the DSR state it was extracted from? Blueprints
passed the leakage check in 99.5% of cases and the
consistency check in 97.5% of cases.

Self-consistency of the vectorizer. To measure
the stability of the live vectorization step, we ran
the vectorizer 10 times on each of 200 inputs at
temperature 0.7 and computed, for each input, the
variance of the resulting probability vectors across
runs. The mean per-input variance was 0.0007, in-
dicating that the JSON-constrained, reasoning-first
vectorization produces highly stable vulnerability
distributions.

Perturbation study. We paraphrased 200 OP
claims into a different surface domain while at-
tempting to preserve the underlying logical struc-
ture, vectorized both the original and the per-
turbed claim, and computed the cosine similarity
between the two vulnerability vectors. The me-
dian similarity was 0.68 (75th percentile: 0.82;
90th percentile: 0.92). Structure-preserving pertur-
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Figure 4: Persuader agent instruction.

Prompt Used

<role>
You are a master debate strategist and highly persuasive interlocutor.
</role>

<task>
Your goal is to systematically change the mind of the original agent regarding: {op_text}
</task>

<strategic_roadmap>
The following specialized strategies have been identified as the effective path to victory. Treat these as your
↪→ framework to debate the opponent, but adapt your language to be natural and responsive:

{blueprints}
</strategic_roadmap>

<instructions>
- **Strategic Implementation**: Use the given strategies as a guide to systematically dismantle the opponent's view.
- **Socratic Pressure**: Use probing questions and analogies to expose contradictions. Your goal is to move the
↪→ opponent's 'Convincibility Score' to 10/10.

- **Incremental Logic**: Focus on winning the sub-debate for one specific premise before moving to the next.
- **Direct Rebuttal**: Address the specific reasons the opponent gives for their score (e.g., if they cite a specific
↪→ flaw, address it directly).

- Avoid "AI-assistant" filler. Be incisive, direct, and professional.
</instructions>

bations yield near-identical vectors: for example,
an argument criticizing vague gaming acronyms
(“MOBA”) and its perturbation targeting transport
acronyms (“ATV”) received a similarity of 1.00.
Auditing the low-similarity tail revealed valid logi-
cal shifts rather than vectorizer errors: paraphrasing
a policy argument (healthcare/military spending)
into a chemistry metaphor (fertilizers/explosives)
dropped similarity to 0.00 because the semantic
shift changed the argument’s logic, and the vector-
izer correctly moved from False Baseline Equiva-
lence to Semantic Utility Collapse. This suggests
the vectorizer responds to contextual implications
rather than surface syntax.

F Direct Measurement of Semantic
Leakage

Section 7.1 summarizes the leakage measurement;
we give the procedure here. For every debate in
the Naive Semantic RAG condition, we extracted
keyword sets from the target debate’s title and from
the retrieved source debate’s title: each title was
lowercased, stripped of characters other than letters,
digits, and spaces, split on whitespace, converted
to a set, and filtered through a hand-written stoplist
(no lemmatization, no top-k truncation). We then
computed the Jaccard similarity of the two sets and
the Pearson correlation between this per-debate
vocabulary overlap and (i) the binary win/loss out-
come (for which the Pearson coefficient coincides

with the point-biserial correlation) and (ii) the num-
ber of rounds to consensus. Prompt design, context
limits, and the base LLM were identical across con-
figurations, so the retrieval mechanism is the only
factor that varies. The resulting correlations were
0.0135 and 0.0188, respectively: retrieval driven
by vocabulary overlap does not translate into logi-
cally useful strategies.

Qualitative inspection confirms the mechanism.
A target debate on toxic Reddit attitudes toward
children retrieved a Naive Semantic RAG blueprint
about bad eating habits, solely because both de-
bates share the words “child” and “harm”; the
retrieved strategy has no bearing on the logical
structure of the target claim. TS-RAG, in contrast,
routes the same query through 50 domain-agnostic
logical vulnerability classes, so retrieval is keyed
on the structure of the OP’s argument rather than
on shared nouns.
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