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Abstract

LLM-as-judge frameworks are widely used for
subjective NLP evaluation, yet their reliabil-
ity on social-cognition tasks remains unclear.
We investigate whether Theory-of-Mind (ToM)
scaffolding can help LLM judges evaluate per-
suasion on Reddit ChangeMyView (CMV). We
test four judges (GPT-5, GPT-4.1, Claude Son-
net 4.6, Qwen3-30B-A3B-Instruct-2507) under
three conditions that share the same ToM an-
notations but vary how they are presented: No-
ToM, Full-ToM (flat), and our proposed PAToM
(Persuasion-Aware ToM), which structures rea-
soning across five sequential belief-stack turns.
Our results show that better reasoning does not
lead to better verdicts. Although PAToM im-
proves reasoning coherence by 1.6×, semantic
coverage by 1.1–1.8×, and our proposed pro-
cess metric PRISM by 2–3×, all four judges
still struggle to reliably distinguish persuasive
comments from high-quality non-persuasive
ones. Process-level analysis shows that reason-
ing quality and verdict accuracy are empirically
decoupled under this scaffolding, an open chal-
lenge for prompt-based approaches to persua-
sion judging. We release prompts, ToM annota-
tions, the PRISM metric suite, and a 1,000-item
benchmark.

1 Introduction
The rise of LLM-as-judge frameworks (Zheng et al.,
2023; Panickssery et al., 2024) has made automated
evaluation a routine part of NLP pipelines for subjec-
tive tasks. These systems are attractive because they
are scalable and correlate reasonably well with human
judgments on factual and fluency-oriented tasks (Chi-
ang et al., 2023; Kim et al., 2024). However, far less is
known about whether LLM judges can evaluate tasks
requiring social cognition, the ability to reason about the
mental states, beliefs, and intentions of other agents (Ull-
man, 2023).

Persuasion is a clear example of this challenge be-
cause persuasive success cannot be determined from
surface text quality alone. Evaluating persuasion re-
quires reasoning about the target audience’s beliefs, atti-
tudes, and likelihood of attitude change rather than only

linguistic quality or fluency. This makes persuasion fun-
damentally a social-cognitive evaluation task. Theory
of Mind (ToM) is the capacity to attribute mental states
to oneself and others (Premack and Woodruff, 1978).
Developmental studies link ToM to persuasive behav-
ior (Slaughter et al., 2013; McAlister and Cornwell,
2009; Peterson et al., 2018), suggesting that persuasion
depends on humans’ ability to model and anticipate the
thoughts, intentions, and reactions of others. Thus, with-
out ToM, a judge evaluating persuasion is effectively
rating how convincing an argument sounds rather than
how likely it is to change someone’s mind.

Despite growing interest in both LLM evaluation reli-
ability and LLM Theory of Mind (Kosinski, 2024; Le
et al., 2019; Chen et al., 2024), little work has studied
how these areas connect. We ask: how much do LLM
judges use Theory of Mind when evaluating persuasion,
and does the structure of ToM annotations measurably
affect evaluation quality?

To study this, we use Reddit ChangeMyView (CMV)
as a real-world persuasion benchmark and compare
three prompting conditions that use the same post, com-
ment, rubric, and ToM annotations, differing only in
how the information is structured (Section 3). A ToM
profile covers six categories: beliefs, desires, intentions,
emotions, knowledge, and perspective-taking. Each
category contributes a short keyword list and a one-
sentence rationale, giving the twelve fields we refer to
throughout. We introduce No-ToM (no mental-state in-
formation), Full-ToM (all 12 ToM fields in a single flat
block), and our proposed PAToM (Persuasion-Aware
ToM), which distributes the same fields across five se-
quential turns guided by first-, second-, and third-order
ToM and Social Judgment Theory (Sherif and Hovland,
1961), a mechanism we call sequential trajectory shap-
ing. We evaluate four judges (GPT-5, GPT-4.1, Claude
Sonnet 4.6, and Qwen3-30B-A3B-Instruct-2507) on
1,000 stratified CMV items (334 P + 333 H + 333 E)
(Section 4.1 for details), auditing reasoning trajectories
using ROSCOE (Golovneva et al., 2023), Reasoning-
Flow (Zhou et al., 2026), and our proposed Process
Reasoning Index via Structured Measures (PRISM), a
reference-free metric combining trajectory arc length,
directional consistency, step coherence, and ReCEval
chain-quality signals (Section 3.5).

We organize our investigation around three research
questions, each isolating a possible explanation for why
LLM judges might fail at persuasion:
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• RQ1 (Section 5.1): Can LLM Judges detect per-
suasion from text alone, without any ToM informa-
tion?

• RQ2 (Section 5.2): Does providing explicit ToM
annotations improve detection, and does the struc-
ture of those annotations matter?

• RQ3 (Section 5.3): Does the richer reasoning pro-
duced by structured ToM prompting translate into
more accurate verdicts?

The answer to all three points to the same conclu-
sion: under every condition we test, these judges do not
reliably detect persuasion.1 Without ToM scaffolding,
the gap between persuasive comments and well-written
non-persuasive ones is half a point across all judges.
Providing ToM in a structured flat block does not help.
PAToM does reshape reasoning substantially (step coher-
ence ∼0.41→0.69, PRISM: 0.26→0.64, covering 1.1–
1.8× more semantic ground), and it yields the largest
discrimination gap in every judge. But absolute accu-
racy moves only modestly: AUC-ROC gains are +0.03–
+0.07, and every reasoning metric that improves under
PAToM correlates negatively with correct verdicts. The
judges reason harder but not more accurately, suggest-
ing a boundary on what this form of ToM scaffolding
can achieve for persuasion judging.

2 Related Work
2.1 LLM Judges and Persuasion Evaluation
LLM-as-judge systems (Zheng et al., 2023) are widely
used in NLP evaluation. Known failure modes in-
clude positional, verbosity, and self-enhancement bi-
ases (Wang et al., 2024; Saito et al., 2023; Panickssery
et al., 2024), while fine-tuned judges partially improve
calibration (Kim et al., 2024; Zhu et al., 2025). Most
prior work targets factual or preference-based tasks
rather than socially grounded reasoning. Persuasion
evaluation differs because judges must reason about the
target’s beliefs and likelihood of attitude change (Sherif
and Hovland, 1961). ChangeMyView provides real-
world persuasion labels through delta awards (Tan
et al., 2016), and prior work has studied argument qual-
ity (Habernal and Gurevych, 2016) and linguistic fea-
tures of persuasive success (Yang et al., 2019). More re-
cent work has explored persuasion capabilities in LLMs:
Singh et al. (2025) introduced PersuasionBench for eval-
uating persuasive generation, Rescala et al. (2024) stud-
ied whether LLMs can predict audience appeal, and
others explored persuasion strategy reasoning (Labruna
et al., 2026), safety evaluation (Liu et al., 2025), and
conversational persuasion (Karande et al., 2024; Breum
et al., 2024). Automated judgment is applied to so-
cially grounded content beyond persuasion as well, for
instance in hybrid human–model moderation of live-
stream chat (Ansari et al., 2026).

1Code, data, prompts, and the PRISM metric suite are avail-
able at https://github.com/baktash81/PaTom.

2.2 Theory of Mind in Language Models
Theory of Mind benchmarks such as ToMi (Le et al.,
2019), HI-ToM (Wu et al., 2023), and OpenToM (Xu
et al., 2024) show that higher-order ToM reasoning re-
mains a consistent weakness for LLMs (Chen et al.,
2024). Prior work also suggests that chain-of-thought
prompting alone does not reliably resolve these limita-
tions (Shapira et al., 2024). Related approaches such
as CCoToM (Lin et al., 2025) aim to improve ToM
benchmark performance through constrained intermedi-
ate reasoning. Other work improves LLM reasoning on
socially grounded questions by aligning the model with
the topic under discussion (Amirizaniani et al., 2026).

2.3 Linking Persuasion and Theory of Mind
Premack and Woodruff introduced Theory of Mind
(ToM) as the capacity to attribute mental states to one-
self and others (Premack and Woodruff, 1978). Slaugh-
ter et al. (2013) showed that stronger ToM abilities corre-
late with more sophisticated persuasive arguments, and
subsequent work connected persuasion to perspective-
taking and mental-state reasoning (McAlister and Corn-
well, 2009; Peterson et al., 2018), suggesting that per-
suasion evaluation inherently requires modeling another
agent’s internal state. In language models, however, Am-
irizaniani et al. (2024) found persistent gaps between
LLM and human ToM capabilities, and little work has
examined whether explicit ToM scaffolding improves
LLM judge reliability during persuasion evaluation. Our
work does not optimize ToM task accuracy itself; in-
stead, we investigate whether structuring identical ToM
information changes the reasoning trajectories, calibra-
tion, and evaluation behavior of LLM judges in a real-
world persuasion setting.

3 Methodology
We treat persuasion evaluation as a scoring and ranking
task on Reddit ChangeMyView (CMV). Each item is a
(post, comment) pair (xp, xc) where the original poster
(OP) holds a stated view and the commenter tries to
change it. A binary label y ∈ {0, 1} records whether
the OP awarded a delta (∆), the publicly acknowledged
signal of view change. Hard-negative comments (y = 0)
come from the same thread and fall in the top quartile
of community scores; they received strong community
approval but did not earn a delta, meaning the commu-
nity found them compelling while the OP did not find
them persuasive. Easy-negative comments (y = 0) fall
in the bottom quartile of community scores and serve as
a lower baseline.

An LLM judge J(xp, xc) returns a persuasiveness
score s ∈ {1, . . . , 10} and a free-form reasoning trace
r. We compare three conditions that differ only in
how Theory-of-Mind (ToM) information is presented
to the judge: No-ToM, Full-ToM, and our proposed
Persuasion-Aware Theory-of-Mind (PAToM). All three
use the same scoring rubric. No-ToM receives no
mental-state information at all; Full-ToM and PAToM

11089

https://github.com/baktash81/PaTom


receive the same twelve ToM field-value pairs and dif-
fer only in how those fields are presented, which lets
us isolate reasoning order as the key variable. Verba-
tim prompts for all three conditions are provided in
Appendix D.

3.1 ToM Profile Extraction
We extract six ToM categories from both the post and
the comment separately: beliefs, desires, intentions,
emotions, knowledge, and perspective-taking (Premack
and Woodruff, 1978; Baron-Cohen et al., 1985). Table 1
presents our working definitions.

Table 1: ToM categories and definitions.

Category Definition

Beliefs What the author thinks is true/false
Desires What the author wants or values
Intentions What the author plans or advocates
Emotions Emotional states or appeals
Knowledge What the author knows or assumes
Perspective-taking Considering other viewpoints

Each category produces a short keyword list (values)
and a one-sentence rationale (content). Together, the
twelve fields form the ToM profile T (x) for each party.
Extraction is performed once per text using Qwen3-30B-
A3B-Instruct-2507 (Qwen Team, 2025) (4-bit AWQ)
in two passes (Beliefs/Desires/Intentions, then Emo-
tions/Knowledge/Perspective-Taking); full extraction
prompts are in Appendix C. The extractor is separate
from the three closed judges; Qwen is the self-extraction
exception described in Section 4.2. Wherever ToM in-
formation is provided it comes from the same T , so
Full-ToM and PAToM differ in presentation rather than
content; No-ToM receives no profile.

Table 2 shows one extracted pair, for a post arguing
that colonization was a net positive and the comment
that earned its delta. The contrast that matters for per-
suasion is in the last row: the OP’s perspective-taking is
characterized by dismissal and overgeneralization, the
commenter’s by explicit engagement with the viewpoint
the OP does not consider. PAToM is built to make a
judge reason over exactly this kind of asymmetry rather
than over surface argument quality.

3.2 No-ToM: Zero-Shot Chain of Thought
The No-ToM condition follows the standard LLM-as-
judge format (Zheng et al., 2023): the model sees only
(xp, xc) and produces a zero-shot chain-of-thought fol-
lowed by a 1–10 score. No ToM profiles are provided.

3.3 Full-ToM: Flat Context Block
The Full-ToM condition gives the judge the entire ToM
profile T (xp) ∪ T (xc) all at once in a single block
prepended to the scoring instruction, producing a score
and reasoning in one generation step. Because the model
is not required to work through the belief stack before
giving a verdict, the profiles act as extra context rather

Table 2: Extracted ToM values for one (post, comment)
pair (“CMV: Colonisation overall was a net positive for
the world”), abbreviated. Each field also carries a one-
sentence content rationale, omitted here for space; the
full profile format appears in Appendix C.

Category Post author (OP) Comment author

Beliefs Progress, civiliza-
tion, order

Justice, accuracy,
historical truth

Desires Gratitude, recogni-
tion

Equity, recogni-
tion, truth

Intentions Persuasion, reori-
entation

Education, correc-
tion, accountabil-
ity

Emotions Conviction, grati-
tude, confidence

Anger, disgust,
empathy

Knowledge Certainty, author-
ity, expertise

Evidence-based,
critical, informed

Perspective-
taking

Dismissal,
assumption,
overgeneralization

Empathy, rejection
of superiority, his-
torical inclusion

than structured reasoning guides, producing trajectories
similar to No-ToM (Section 5).

3.4 PAToM: Sequential Belief-Stack Prompting
PAToM (Persuasion-Aware Theory of Mind) uses the
same twelve ToM fields as Full-ToM but spreads them
across five sequential turns. Each turn introduces a
relevant subset of the profiles and asks the model a step-
specific question. The model’s answer is added to the
conversation context before the next turn, requiring the
judge to build an explicit intermediate understanding at
each level of the belief stack before moving on. The step
order follows the persuasion-theoretic sequence target
→ persuader → gap → social management → verdict:

1. 1st-order OP beliefs (post beliefs, desires, inten-
tions, knowledge, perspective-taking). The judge
sees the post and the OP’s full profile (except emo-
tions) and identifies the OP’s position and key as-
sumptions. The comment is withheld so the judge
forms an independent picture of the target’s mental
state (Wellman, 1990; Baron-Cohen et al., 1985).

2. 1st-order commenter beliefs (comment beliefs, de-
sires, intentions). The comment text is introduced
with the commenter’s own stance. Perspective-taking
and knowledge are held back for Step 3, since they
represent the commenter’s model of the OP rather
than the commenter’s own position.

3. 2nd-order targeting: latitude of acceptance (com-
ment perspective-taking, knowledge). The com-
menter’s perspective-taking and knowledge are in-
troduced as evidence of how well the commenter
understood the OP. The judge evaluates whether the
argument falls within the OP’s latitude of accep-
tance (Sherif and Hovland, 1961), the zone close
enough to seem credible but far enough to shift the
OP’s view.

4. 3rd-order social management (post emotions, com-

11090



ment emotions). The judge assesses whether the
commenter signals good faith, manages credibility,
and matches the OP’s emotional tone. This captures
social and emotional conditions for persuasion that
are distinct from argument quality (Tan et al., 2016).

5. Verdict (no new fields). The judge integrates all four
intermediate representations to rate the comment as
a persuasive act toward this specific OP (1–10 with
brief reasoning).

All three conditions receive identical text inputs, and the
two that are given ToM information receive the same
twelve fields; only the presentation structure varies.
PAToM is the only condition that enforces a reason-
ing order, builds intermediate representations, and uses
ToM annotations as step controllers rather than as pas-
sive context.

3.5 Metrics
We evaluate judges along two complementary axes:
score-level metrics assess whether the final numeric
verdict separates comment types; reasoning-level met-
rics audit the internal reasoning trajectory regardless of
the final score.

Score-level metrics. Judges receive a fixed 1–10 scor-
ing rubric in the system message with qualitative anchor
bands: 1–2 (irrelevant), 3–4 (no new framing), 5–6
(partial engagement), 7–8 (well-targeted), 9–10 (excep-
tionally persuasive). We treat scores of ≥ 7 as the delta
threshold, corresponding to arguments strong enough
to plausibly earn a delta; this threshold anchors all cali-
bration analyses below. We chose 7 because the rubric
anchors 7–8 as “well-targeted”, so a score of at least
7 marks an argument plausibly strong enough to earn
a delta. Other choices, including a binary formulation,
were tried during development and led to the same con-
clusions. The threshold affects only the FPR and FNR
columns; our primary measures, the discrimination gap,
AUC-ROC, and Cohen’s d, are threshold-free. We re-
port:

• Mean predicted score per comment type (Persua-
sive, Hard-Negative, Easy-Negative) per condition
and model.

• Discrimination gap: mean(P) − mean(H+E), the
primary measure of whether the judge separates
persuasive from non-persuasive comments.

• Score ordering: whether s̄E < s̄H < s̄P holds, the
necessary condition for a calibrated judge.

• AUC-ROC for the P-vs-H binary task (the hardest
cut, since hard negatives are community-approved
and surface-quality comments).

• Cohen’s d with two-sided Mann–Whitney U for
pairwise condition comparisons.

• False-positive rate (negatives scored ≥ 7) and false-
negative rate (persuasives scored < 7) at the delta
threshold.

Reasoning-level metrics. We propose a metric suite
that audits the reasoning trajectory produced by each

judge condition. Let C = (r1, . . . , rT ) be the sequence
of reasoning steps, et = enc(rt) ∈ Rd their sentence
embeddings (Reimers and Gurevych, 2019), and ex
the embedding of the source text (post and comment
concatenated). Steps are defined as the five PAToM con-
troller outputs for the chain condition, and sentence-split
segments of the free-form response for flat conditions.

ROSCOE. (Golovneva et al., 2023) is a reference-free
framework for evaluating multi-step reasoning chains at
the step level. It produces scores that capture whether
consecutive steps are locally coherent, whether each
step stays grounded in the source text, and whether the
chain avoids redundant repetition across steps. We adopt
three of its scores:

SC = 1
T−1

∑T
t=2 cos(et−1, et) (1)

SG = 1
T

∑T
t=1 cos(et, ex) (2)

SR =
(
T
2

)−1 ∑
i<j cos(ei, ej) (3)

Step Coherence (SC) captures how smoothly the chain
transitions between consecutive steps; grounding SG
measures per-step alignment with the source text; redun-
dancy SR measures average pairwise similarity (high
values indicate uniform, less exploratory chains).

ReCEval. (Prasad et al., 2023) is a reference-free frame-
work that evaluates the quality of a reasoning chain’s
final conclusion. It measures how well the final step
is grounded in the source text and how consistent it is
with the rest of the chain, both without requiring a gold
reference. We use two of its signals:

CG = cos(eT , ex) (4)

CC = cos
(
eT ,

1
T

∑T
t=1et

)
(5)

Conclusion grounding CG checks whether the final ver-
dict is anchored in the source text; chain consistency CC
checks whether the verdict follows naturally from the
preceding chain. We additionally track informativeness
(per-step novelty relative to all prior steps) as a diag-
nostic comparator but exclude it from our combined
index, since it inverts for multi-step chains where each
conditioned step is penalized as redundant relative to
prior ones (Appendix B).

Trajectory geometry. Reasoning Flow (Zhou et al.,
2026) models a reasoning chain as a geometric trajec-
tory in embedding space, characterizing inference by
path-level properties rather than step-level content.2 It
distinguishes genuine multi-step reasoning from ver-
bose repetition by measuring how far the chain travels,
how directionally consistent its moves are, and how well
the final step departs from the prior context. We adopt

2Reasoning Flow is concurrent work; we adopt only its
standard geometric measures (L, ρ, δf ), which are well-
defined independently of the original paper.

11091



three measures:

L =
∑T

t=2 ∥et − et−1∥2 (6)

ρ = 1
T−2

∑T−1
t=2 cos(dt,dt+1),dt = et − et−1 (7)

δf =
∥∥eT − 1

T−1

∑T−1
t=1 et

∥∥
2

(8)

Arc length L measures total semantic distance covered;
step-displacement cosine ρ captures directional consis-
tency between successive moves (negative values indi-
cate zig-zagging rather than coherent progress); final
deviation δf measures how far the final verdict sits from
the centroid of earlier steps.

PRISM. As the ablation shows (Appendix B), no single
metric family is sufficient on its own: ROSCOE cap-
tures step quality but not path shape; trajectory geometry
captures exploration but not verdict quality; ReCEval
captures conclusion grounding but inverts for informa-
tiveness. We therefore introduce the Process Reasoning
Index via Structured Measures (PRISM), which com-
bines signals from all three frameworks:

PRISM = L · (−ρ) · SC ·
√
CG · CC, (9)

PRISM rewards (i) trajectory length L (genuine seman-
tic exploration), (ii) directional deliberation (−ρ) (pe-
nalizing random walks), (iii) local step coherence SC,
and (iv) verdict quality

√
CG · CC, the geometric mean

of the two ReCEval signals that consistently improve
under structured prompting. The geometric mean en-
sures neither signal alone can dominate and collapses
the index whenever the final verdict is ungrounded or
off-chain. PRISM is reference-free and applies to all
three conditions.

By design, PRISM measures reasoning process struc-
ture: whether the chain is coherent, grounded, ex-
ploratory, and internally consistent. It is not designed
to predict whether the final verdict is correct; that is a
separate empirical question we address in Appendix A.
The distinction matters because, as we show, reasoning
quality and verdict accuracy are empirically decoupled
on this task.

Verdict correctness. To correlate reasoning metrics with
verdict accuracy, we define a continuous correctness
signal: c = s for persuasive comments (higher score is
more correct) and c = 10− s for negatives (lower score
is more correct), where s is the judge’s 1–10 score. This
encoding maps all comment types onto a common scale
where higher values indicate more accurate verdicts.

4 Experimental Setup
4.1 Datasets
Reddit ChangeMyView (CMV). Our dataset is the
ChangeMyView subreddit, a widely used benchmark
for persuasion research (Tan et al., 2016). We collected
all posts marked with a “Delta(s) from OP” label
between 2013 and 2024. After removing deleted or
moderated content and threads with broken comment

trees, we extract three comment types for each post:
Persuasive (P), comments for which the OP explicitly
awarded a delta; Hard Negative (H), comments from
the same thread in the top quartile of community
score but without a delta (in 91% of posts, at least one
hard negative has a higher community score than the
persuasive comment, meaning community approval
does not reliably predict persuasive success); and Easy
Negative (E), bottom-quartile comments that serve as
an easy baseline. From posts that have at least one P
comment and balanced H/E coverage, we sample a
stratified evaluation set of 1,000 (post, comment) pairs
(334 P + 333 H + 333 E), stratified by comment type
rather than by post: the 1,000 items are drawn from 794
distinct posts, and only 8 posts contribute one comment
of each type, so P, H, and E items are not matched
within a thread. Subset statistics (median comment
lengths: P 137 words, H 89 words, E 56 words; mean
community scores: P 18.8, H 40.1, E −0.2) confirm
that hard negatives are objectively well-argued.

4.2 Models
We evaluate four LLM judges spanning three
model families and two deployment regimes
(closed and open source): GPT-5 (OpenAI, 2025a)
(gpt-5-reasoning, OpenAI Chat Comple-
tions API, 2025-08 snapshot), GPT-4.1 (OpenAI,
2025b) (same API, same snapshot), Claude Son-
net 4.6 (Anthropic, 2026) (Anthropic Messages API,
claude-sonnet-4-6 snapshot), and Qwen3-30B-
A3B-Instruct-2507 (Qwen Team, 2025) (open-source
MoE, served locally via vLLM (Kwon et al., 2023);
abbreviated as Qwen in tables). All four judges
share the same system prompt and scoring rubric
across conditions; only the user turns differ in ToM
exposure (Section 3). Decoding is temperature 0.2 with
max new tokens = 768 per turn. All four models
are evaluated on the same 1,000-item stratified sample.

ToM human annotation. ToM profiles are extracted
as described in Section 3.1, with truncation flags passed
to downstream evaluators.

One caveat follows from that design: Qwen3-30B-
A3B-Instruct-2507 is both the extraction model and one
of the four judges, so for that judge alone the scaffold-
ing is self-produced. The other three judges never see
profiles they wrote, and every finding holds for them,
with PAToM discrimination gaps of +1.00, +1.14, and
+1.13 against Qwen’s +1.03. Extraction is also a sin-
gle pass, not the iterative self-refinement in which bias
amplification has been reported.

To validate extraction quality, two annotators labeled
a 30-pair sample on delta validity and faithfulness of
each ToM category. On delta validity, at least one an-
notator found the delta comment persuasive for 93%
of items and both did for 70%, with the two giving
the same answer on 77%. Mean per-category inter-
annotator agreement on the ToM fields is 82.2%, match-
ing prior reports on automatic ToM extraction (Xu et al.,
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2024). Per-category breakdowns are in Table 9 (Ap-
pendix C); the full annotation procedure and question
definitions are described in Appendix F.

We also asked whether the profiles depend on which
model wrote them. Using the same prompts, we ex-
tracted ToM again for the same 30 comments with a
different model, Claude Sonnet 4.6. For 83% of fields,
the Claude profile for a comment is closer to the Qwen
profile for that same comment than to any other com-
ment in the sample, against 3.3% by chance, and the
two models rank the six categories in the same order
our annotators did (Appendix C). This shows only that
the profiles do not depend on one model’s habits, not
that they are correct: two models can share a mistake a
person would catch.

Reasoning-step human annotation. The study above
checks the ToM profiles the judge is given. A second
study checks the reasoning the judge produces from
them. Three annotators scored every step of 50 PAToM
chains (29 GPT-5, 21 Claude Sonnet 4.6) as correct,
partly correct, or wrong, agreeing with each other on
80% of Step 3 ratings and up to 96% on Step 2. Scores
are near perfect for the early steps, then fall at Step 3,
where the judge has to decide whether the argument
lands close enough to the OP’s current view to be per-
suasive: 14% of Step-3 ratings are below full marks
against 2–3% at Steps 1, 2, and 4, and the judge picks
the right category on 86% of chains. The most common
complaint is that the judge will not choose: it names
two or three possible answers and moves on, and Step 5
carries that hesitation into the verdict (Appendix G).

4.3 Conditions
We evaluate three conditions that isolate the contribution
of access to ToM information from structured reasoning
over it:

NOTOM-COT No-ToM with chain-of-thought instruc-
tion; standard LLM-as-judge recipe (Section 3.2).

FULLTOM-COT Full-ToM with chain-of-thought in-
struction; all twelve ToM fields presented simulta-
neously, single generation step (Section 3.3).

PAToM Sequential five-step belief-stack prompting
(Section 3.4).

FULLTOM-COT is the direct comparison for PAToM:
both include explicit step-by-step reasoning, so any dif-
ference in reasoning quality cannot be explained by
chain-of-thought alone. The key variable is whether
ToM fields are given one at a time across turns (PAToM)
or all at once (FULLTOM-COT).

4.4 Evaluation
Full definitions of score-level and reasoning-level met-
rics are given in Section 3.5. Here we summarize the
statistical conventions used throughout the paper.

Reasoning texts are split into steps (one per PAToM
controller turn; sentence-split for flat conditions)

and embedded with allMiniLML6v2 (Reimers and
Gurevych, 2019). PCA projections for trajectory plots
are fit jointly across all conditions to make the geome-
tries directly comparable.

Statistics. All effect sizes use sample variance (ddof
= 1); all significance tests use two-sided Mann–Whitney
U . We mark +p < 0.10, ∗p < 0.05, ∗∗p < 0.01,
∗∗∗p < 0.001. For the multi-metric tables we report
uncorrected p and rely on the consistency of effect-size
directions across metrics for interpretation, following
standard ROSCOE practice. For the key claim that
PRISM correlates negatively with verdict correctness,
we additionally verified significance under Bonferroni
correction across all ten metrics (α=0.005); the corre-
lation remains significant in 6 of 12 model–condition
cells.

5 Results
We report findings for four judges (GPT-5, GPT-4.1,
Claude Sonnet 4.6, Qwen3-30B-A3B-Instruct-2507) on
the 1,000-item stratified CMV sample (334 P + 333 H
+ 333 E), organized by research question.

5.1 RQ1: Without Theory of Mind, LLMs Cannot
Reliably Detect Persuasion

Table 3 shows mean scores by comment type. Under
NOTOM-COT, the persuasive-vs-hard-negative gap is
uniformly small: +0.47 (GPT-5), +0.52 (GPT-4.1),
+0.30 (Claude), −0.00 (Qwen). All judges score hard
negatives within half a point of genuinely persuasive
comments. The required ordering s̄E<s̄H<s̄P holds
for all closed models; Qwen under NOTOM-COT is the
sole exception (6.69 vs. 6.69). Without ToM scaffold-
ing, no judge can reliably tell apart comments that actu-
ally changed the OP’s mind from well-written comments
that did not. Surface text quality alone is not enough to
detect persuasion.

5.2 RQ2: Theory of Mind Information Improves
Discrimination but Calibration Remains Low

The weak discrimination in RQ1 could stem from two
causes: the judge either lacks access to the relevant
mental-state information, or it has the information but
cannot reason over it effectively. FULLTOM-COT tests
the first explanation and PAToM tests the second.

Adding the full ToM profile in a flat block produces
discrimination changes of −0.07 (GPT-5), −0.02 (GPT-
4.1), +0.09 (Claude), +0.22 (Qwen) relative to No-
ToM, showing that access to ToM information alone has
little effect. PAToM, by contrast, scores hard negatives
significantly lower than FULLTOM-COT in every judge
(p<0.01 or better; Table 3), while persuasive scores stay
roughly flat, yielding the largest discrimination gap in
every judge (+1.00, +1.14, +1.13, +1.03). This gain
comes entirely from increased skepticism (hard-negative
suppression) rather than from better recognition of per-
suasive comments.
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Table 3: Mean judge scores and calibration metrics (n = 1,000 items per model). DISC = mean(P) − mean(H+E).
AUC = AUC-ROC for P-vs-H; d = Cohen’s d (P vs. H); FPR = negatives scored ≥ 7; FNR = persuasives scored
< 7. Superscripts on PAToM cells: significance vs. FULLTOM-COT (Mann–Whitney U ). ∗p<0.05, ∗∗p<0.01,
∗∗∗p<0.001. Best value per column per model bolded.

Score-level Calibration (≥ 7)

Model Condition P H E Disc AUC d FPR FNR

GPT-5
NOTOM-COT 5.18 4.71 3.75 +0.95 0.576 0.265 0.126 0.722
FULLTOM-COT 5.16 4.76 3.79 +0.88 0.567 0.234 0.111 0.731
PAToM 5.03 4.40∗∗ 3.66 +1.00 0.609 0.397 0.066 0.835

GPT-4.1
NOTOM-COT 5.39 4.87 3.90 +1.02 0.581 0.289 0.156 0.680
FULLTOM-COT 5.49 4.90 4.08 +1.00 0.588 0.323 0.173 0.626
PAToM 5.28 4.41∗∗∗ 3.87 +1.14 0.634 0.485 0.147 0.710

Claude 4.6
NOTOM-COT 4.47 4.17 3.13 +0.82 0.550 0.162 0.060 0.862
FULLTOM-COT 4.74 4.30 3.35 +0.91 0.572 0.239 0.084 0.796
PAToM 4.41∗∗ 3.69∗∗∗ 2.88∗∗∗ +1.13 0.617 0.398 0.054 0.859

Qwen
NOTOM-COT 6.69 6.69 5.60 +0.54 0.504 −0.001 0.530 0.401
FULLTOM-COT 7.99 7.69 6.78 +0.76 0.516 0.137 0.736 0.150
PAToM 6.76 6.10∗∗∗ 5.35 +1.03 0.566 0.234 0.461 0.380

However, absolute calibration remains low (Table 3,
right panel). AUC-ROC ranges from 0.50 to 0.63; Co-
hen’s d improves under PAToM for all models but stays
small-to-moderate (0.23–0.49). FNR under PAToM
is 84% (GPT-5), 71% (GPT-4.1), 86% (Claude), 38%
(Qwen): most genuinely persuasive comments remain
scored below 7. In short, PAToM makes judges more
skeptical, which widens the discrimination gap, but ab-
solute detection accuracy remains limited. A worked
case study in Appendix E illustrates this pattern on a
single post: all judges correctly rank P > H > E, yet
even on this well-separated item PAToM lowers persua-
sive scores rather than raising them.

5.3 RQ3: Structured ToM Reshapes Reasoning
Without Proportional Verdict Gains

If PAToM only modestly improves discrimination
(RQ2), what does the sequential belief-stack actually
change? Table 4 reports reasoning metrics across all
four judges. Against FULLTOM-COT, PAToM leads on
every metric but redundancy and informativeness, which
both move the wrong way (Appendix B): step coher-
ence rises from 0.42–0.48 to 0.68–0.73, arc length from
2.0–3.0 to 2.9–3.2, and PRISM from 0.22–0.33 to 0.58–
0.66 (2.0–2.9×). Yet despite these 2–3× reasoning
gains, AUC-ROC increases by only +0.03–+0.07.

The reasoning trajectory reveals a clear disconnect
between process quality and verdict accuracy. Figure 1
isolates items where both FULLTOM-COT and PAToM
gave the same wrong score (< 7). Across all 176 agreed-
wrong items, PAToM covers significantly more semantic
ground (p<10−24, Mann–Whitney U ), confirming that
reasoning depth is a property of the prompting structure,
not of verdict correctness. Appendix I presents two of
these chains in full. Table 5 makes this explicit: Spear-
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Figure 1: Score agreement masks reasoning divergence.
Agreed-wrong GPT-4.1 items (persuasive, scored < 7
by both conditions). (a) PCA trajectories for a single
item; both conditions produce five steps and the same
score (5), yet PAToM (blue) covers more ground than
FULLTOM-COT (orange). (b) Arc-length distributions
across all 176 agreed-wrong items; p < 10−24 (Mann–
Whitney U ).

man correlations between reasoning metrics and verdict
correctness under PAToM show that arc length, final
deviation, and informativeness are the only positive pre-
dictors, while all ROSCOE and remaining ReCEval sig-
nals are consistently negative. PRISM itself is negative
across all four judges (−0.05 to −0.13). A per-family
ablation (Appendix B) confirms that no single metric
family is sufficient on its own; only PRISM remains
stable across subsets and model families (d=+ 2.55∗∗∗

on all persuasive items, d=+ 2.51∗∗∗ on agreed-wrong
items; four-model means).

In summary, PAToM improves PRISM by 2.0–2.9×
yet AUC-ROC gains only +0.03–+0.07, and PRISM
correlates negatively with correctness. The judges rea-
son better but do not judge better; we interpret this
disconnect in Section 6.
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Table 4: Mean reasoning metrics across four judges. N/F/P denote NOTOM-COT/FULLTOM-COT/PAToM; arrows in-
dicate direction and bold marks the best value. Means exclude undefined values (Qwen PRISM n=518/869/1000).

GPT-5 GPT-4.1 Claude Sonnet Qwen

Family Metric N F P N F P N F P N F P

ROSCOE
step coh. ↑ 0.409 0.419 0.682 0.436 0.446 0.711 0.415 0.437 0.690 0.468 0.476 0.725
grounding ↑ 0.465 0.472 0.626 0.440 0.453 0.622 0.438 0.458 0.587 0.551 0.529 0.667
redundancy ↓ 0.407 0.409 0.634 0.425 0.441 0.645 0.416 0.440 0.657 0.466 0.476 0.667

Trajectory
arc length ↑ 2.497 2.124 3.150 2.643 2.679 3.001 2.429 3.031 3.120 1.615 1.980 2.928
disp. cos. ↑ −0.489 −0.469 −0.445 −0.486 −0.505 −0.402 −0.500 −0.507 −0.467 −0.484 −0.497 −0.417
final dev. ↓ 0.954 0.977 0.667 0.935 0.905 0.667 0.942 0.894 0.640 0.965 0.919 0.628

ReCEval
informative. ↑ 0.698 0.711 0.436 0.664 0.653 0.417 0.687 0.639 0.429 0.714 0.671 0.410
concl. grnd. ↑ 0.365 0.350 0.537 0.265 0.291 0.538 0.331 0.359 0.511 0.486 0.421 0.594
chain cons. ↑ 0.756 0.764 0.841 0.744 0.759 0.840 0.759 0.752 0.856 0.815 0.798 0.861

Combined PRISM ↑ 0.257 0.218 0.638 0.235 0.269 0.577 0.246 0.331 0.658 0.261 0.275 0.634

Table 5: Spearman ρ between each reasoning metric
and verdict correctness under PAToM, per judge. Full
correlation analysis including flat conditions is in Ap-
pendix A. +p<0.10, ∗p<0.05, ∗∗p<0.01, ∗∗∗p<0.001.

Family Metric GPT-5 GPT-4.1 Claude Qwen

ROSCOE
step coh. −0.119∗∗∗ −0.152∗∗∗ −0.139∗∗∗ −0.124∗∗∗

grounding −0.086∗∗ −0.155∗∗∗ −0.060+ −0.120∗∗∗

redundancy −0.149∗∗∗ −0.206∗∗∗ −0.157∗∗∗ −0.139∗∗∗

ReCEval
informative. +0.132∗∗∗ +0.167∗∗∗ +0.148∗∗∗ +0.122∗∗∗

concl. grnd. −0.108∗∗∗ −0.157∗∗∗ −0.092∗∗ −0.088∗∗

chain cons. −0.125∗∗∗ −0.175∗∗∗ −0.130∗∗∗ −0.082∗∗

Trajectory
arc length +0.118∗∗∗ +0.149∗∗∗ +0.137∗∗∗ +0.123∗∗∗

disp. cos. −0.017 +0.064∗ −0.020 +0.034
final dev. +0.124∗∗∗ +0.174∗∗∗ +0.130∗∗∗ +0.083∗∗

Combined PRISM −0.087∗∗ −0.125∗∗∗ −0.074∗ −0.048

5.4 Generalization to a Second Dataset
On CMV, we know an argument worked because
the OP said so. To see whether our findings hold
when success is measured by what people actually
did, we replicated the core comparison on Persuasion
for Good (Wang et al., 2019), a set of conversations in
which one person asks another to donate to charity and
the record shows how much money changed hands. We
built 2,180 pairs (545 P + 1,090 H + 545 E) the same
way we built the CMV set and ran all three conditions
on Qwen, GPT-4.1, and GPT-5 (Appendix H).

The main finding carries over. PAToM again improves
the reasoning far more than the flat conditions do, lifting
PRISM to 0.54–0.63 from 0.14–0.22 and step coher-
ence from about 0.37 to 0.67. The verdicts again barely
move: AUC stays between 0.56 and 0.62 in every con-
dition, and judges that score higher on PRISM are again
slightly more likely to be wrong (ρ from −0.073 to
−0.219, all p < 0.001). Holding for one open model
and two frontier models on a behaviorally grounded
label, this is our strongest evidence that better reasoning
and better verdicts come apart for reasons not particular
to one model or setting.

The two ToM conditions rank differently across
the two datasets. On CMV, PAToM gives the best
persuasive-versus-hard-negative AUC for every judge;
on Persuasion for Good, FULLTOM-COT does, and

PAToM mostly just lowers scores. Which of the two
ToM conditions produces better verdicts is therefore not
stable across datasets, which is why we describe PAToM
as changing how a judge reasons rather than as a reliable
way to make it more accurate.

6 Discussion
The results show a consistent pattern across four judges
and three model families: structured Theory-of-Mind
prompting reshapes how LLM judges reason about per-
suasion without making them judge it accurately.

6.1 Surface Quality as the Default Evaluation
Dimension

Without ToM scaffolding, all four judges score hard
negatives within ∼0.5 points of persuasive comments
(Section 5.1). Hard negatives are, by construction,
community-approved arguments that the OP did not
find persuasive: in 91% of posts at least one outscores
the delta-earning comment. A judge that treats “well-
argued” as “persuasive” will tie or reverse the P-vs-H
ranking, which is what we observe. Adding the full
profile in a flat block does not shift this default: dis-
crimination changes by −0.07 for GPT-5, −0.02 for
GPT-4.1, +0.09 for Claude, and +0.22 for Qwen. The
judges’ default dimension is surface argument quality,
and access to ToM information without structured rea-
soning collapses to the No-ToM baseline.

6.2 Why Structured ToM Reasoning Fails
In human development, persuasive ability depends on
ToM capacity (Slaughter et al., 2013; McAlister and
Cornwell, 2009; Peterson et al., 2018), and the relation-
ship is constructive: a child who can represent another’s
beliefs uses that representation to choose arguments
within the target’s latitude of acceptance (Sherif and
Hovland, 1961; Baron-Cohen et al., 1985). PAToM was
designed to reproduce that chain, and the reasoning
metrics confirm it succeeds at structuring it (d=1.1–3.9
across the ROSCOE and ReCEval metrics; Table 7).

Verdict accuracy does not follow. The step-level sig-
nals PRISM rewards each correlate negatively with cor-
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rect verdicts (ρ=−0.08 to −0.18), while informative-
ness (ρ≈+0.14) decreases under PAToM (Appendix A).
The models appear to follow ToM-flavored instructions,
producing text that reads like belief-stack reasoning,
without maintaining a separate representation of another
agent’s mental state. Wellman (1990) showed that chil-
dren begin describing others’ beliefs around age three
but cannot use them to predict actions until four or
five, and Wu et al. (2023) report an analogous gap in
LLMs. The agreed-wrong analysis shows this directly:
on the 176 items where both conditions give the same
wrong verdict, PAToM covers significantly more seman-
tic ground (p<10−24) and still arrives at the same wrong
answer. Appendix I works through two of these chains
in full: in both, Step 3 correctly places the argument
inside the OP’s latitude of acceptance, and Step 5 then
marks the comment down for tone and lack of conces-
sion, discarding the judgment the scaffold was built to
produce.

6.3 Hard-Negative Suppression and the Latitude
of Acceptance

PAToM’s discrimination gain comes from suppressing
hard negatives rather than from recognizing persuasive
comments: hard-negative scores drop in every judge
(p<0.01) while persuasive scores stay flat or fall as well,
and 71–86% of genuinely persuasive comments from
the closed models remain scored below 7. The belief-
stack makes judges more skeptical, not more accurate.

This asymmetry fits Social Judgment Theory. Step 3
asks the judge whether the argument falls within the
OP’s latitude of acceptance; forced to articulate a mis-
match, it correctly lowers hard-negative scores. The
symmetrical task, identifying arguments that fall within
the zone and succeed, appears to require a deeper model
of attitude change. Our step-level annotation supports
this: Step 3 is where errors concentrate, and the judge
answers “within latitude” in 111 of 150 cases, rarely
reaching for the categories that would mark an argu-
ment as likely to fail (Appendix G).

6.4 Implications for LLM-as-Judge Evaluation
Because the judges’ default mode evaluates argument
quality rather than persuasive fit, reasoning coherently
about the wrong dimension produces more confidently
wrong verdicts. Process quality therefore cannot be as-
sumed to track outcome accuracy on social-cognition
tasks, and score-level metrics alone cannot separate a
judge that reasons well and judges correctly from one
that reasons well and judges wrongly. We therefore rec-
ommend reporting both score-level and reasoning-level
metrics for any LLM-as-judge pipeline on subjective
tasks. Chain-of-thought (Wei et al., 2022) does not by
itself elicit social-cognitive reasoning even when ToM
information is available (Shapira et al., 2024): both
flat conditions produce trajectories much like No-ToM.
That the miscalibration persists across four judges, three
model families, and two deployment regimes suggests
the limitation is not model-specific, and that progress

may require fine-tuning on delta-labeled data, retrieval
of similar outcomes, or hybrid systems combining LLM
reasoning with behavioral signals.

7 Conclusion
We evaluate four judges under three ToM conditions
on 1,000 CMV items and replicate the core comparison
on Persuasion for Good. On CMV, PAToM improves
reasoning quality by 2–3× and yields the largest dis-
crimination gap in every judge, mainly by suppress-
ing hard-negative scores; its AUC remains 0.57–0.63.
Across both datasets, prompt restructuring changes rea-
soning trajectories without reliably improving verdicts,
and the structural signals rewarded by PRISM correlate
negatively with correctness (Appendix A). Improving
verdicts will likely require supervision or behavioral
signals beyond prompt structure; subjective LLM eval-
uation should report process and outcome metrics to-
gether.

Limitations
We study two persuasion settings, online argument and
charity dialogue; other settings such as debate or nego-
tiation remain untested. For closed-source judges we
can only analyze the reasoning they surface, not their
internal states, though every finding also holds for the
open-weight Qwen judge.

ToM profiles come from one extraction model and
are held fixed across conditions, so they cannot account
for any difference between conditions. A second model
reproduces them closely (Appendix C), but agreement
between two models is not the same as validation by
people: our annotators accepted or rejected the model’s
output rather than writing their own, which cannot detect
a mistake both would make, so the agreement figures in
Section 4.2 are best read as an upper bound.

The delta is a binary award and does not capture
partial changes of mind. It also reflects more than the
argument itself, though our design fixes one such factor,
since every negative comment was posted before the
delta-winning one and was therefore already visible to
the OP. Finally, we compare judges with one another
rather than with people: we have no study of humans
predicting which comment an OP will reward, so we
cannot say how much of the remaining gap is model
limitation and how much is task difficulty. For reference,
aggregate human approval does not track deltas either,
ranking persuasive comments against hard negatives at
AUC=0.27, below chance. We therefore claim only that
these judges do not exceed a surface-quality heuristic
under the conditions we test; the reasoning–verdict re-
sult at the center of the paper is measured within model
and across conditions, and does not depend on a human
baseline. Collecting one would calibrate the absolute
numbers and is the clearest next step.
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A Metric–Verdict Correlation Analysis
The results in Section 5 show that PRISM reliably distin-
guishes PAToM from flat conditions even when scores
are identical. A natural follow-up question is whether
any reasoning metric, individually or in combination,
predicts whether the judge reaches a correct verdict. We
report Spearman rank correlations between each reason-
ing metric and verdict correctness across all four judges
and three conditions.

Correlation target. For each item we define a contin-
uous correctness signal: c = s for persuasive comments
(higher score = more correct) and c = 10− s for neg-
atives (lower score = more correct), where s is the
judge’s 1–10 score. Spearman’s ρ is computed between
each reasoning metric and c.

Sign consistency. Because a single pooled correlation
can mask model- or condition-specific reversals, we also
compute ρ in each of the 4× 3 = 12 model–condition
cells and report the fraction of cells where the sign
matches the dominant direction (Sign cons.), together
with the number of individually significant (p < 0.05)
cells.

Results. Table 6 shows a consistent pattern. The two
metrics with the highest sign consistency and strongest
per-condition correlations point in opposite directions:
informativeness is the only metric that consistently in-
creases with correct verdicts (ρ=+ 0.11 to +0.14, 92%
sign consistency, 11/12 significant cells), while ground-
ing consistently decreases with correctness (ρ=− 0.12
to −0.16, 100% consistency, 10/12 significant). In other
words, judges that bring novel information per step tend
to score more accurately, while judges that stay close to
the source text tend to err.

Step coherence, redundancy, conclusion grounding,
and chain consistency all negatively correlate with
correctness. Because PRISM aggregates these same
components, its negative correlation with correctness
(ρ=−0.07 to −0.14, 100% consistency) follows directly
from the individual-metric pattern rather than constitut-
ing an independent finding. We therefore emphasize that
the scientific content lies in the per-metric correla-
tions: each structural signal that PAToM improves is in-
dividually anti-correlated with correct verdicts. PRISM
is best understood as a convenient process-structure in-
dex that separates PAToM from flat conditions (d>2.2),
not as a verdict predictor.

Among trajectory metrics, arc length and final devi-
ation show positive correlations under PAToM (+0.13,
+0.12) but are near zero under flat conditions, consistent
with the interpretation that PAToM makes longer chains
semantically meaningful rather than merely verbose.

Can a combined metric do both? A natural question
is whether any combination of reasoning metrics can
simultaneously (a) distinguish PAToM from flat condi-
tions (large positive condition effect, like PRISM) and
(b) positively correlate with verdict correctness. We
performed an exhaustive search over multiplicative and
ratio combinations of all nine component metrics, eval-
uating each candidate on both objectives across all four
models and three conditions (48 cells).

The search reveals a fundamental trade-off. Metrics
that increase under PAToM (step coherence, ground-
ing, conclusion grounding, chain consistency) all anti-
correlate with correctness. The only metric that consis-
tently predicts correct verdicts, informativeness (ρ=+
0.14, 92% sign consistency), decreases under PAToM
(d=−4.04∗∗∗). Combining the two directions, e.g.SC2 ·
Inf/SG, yields a metric that satisfies both criteria but
with weak effect sizes on each (correctness ρ=+ 0.05,
condition d=+0.99), far below PRISM’s d=+2.54 or
informativeness’s ρ=+ 0.14 individually.

This confirms that no single reasoning metric can
serve as both a process auditor and a verdict predic-
tor on this task. PRISM remains the strongest process-
structure index (d ∈ [2.3, 3.2]∗∗∗ across models). Its
negative correlation with correctness inherits from its
components (Table 6) and reflects the central empiri-
cal observation: the individual coherence, grounding,
and consistency signals that PAToM improves each anti-
correlate with correct verdicts. The judges reason more
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Table 6: Spearman correlation (ρ) between each reasoning metric and verdict correctness. Columns show per-
condition correlations (all four models pooled) and the overall pooled ρ. Sign is the dominant direction across
12 model–condition cells; Sign cons. is the fraction of cells sharing that sign; Sig. cells counts cells with p<0.05.
+p<0.10, ∗p<0.05, ∗∗p<0.01, ∗∗∗p<0.001.

Per-condition ρ

Family Metric NOTOM FULLTOM PAToM Overall ρ Sign Sign cons. Sig. cells

ROSCOE
step coherence −0.074∗∗∗ −0.083∗∗∗ −0.135∗∗∗ −0.017+ − 100% 8/12
grounding −0.156∗∗∗ −0.142∗∗∗ −0.124∗∗∗ −0.079∗∗∗ − 100% 10/12
redundancy −0.091∗∗∗ −0.080∗∗∗ −0.156∗∗∗ −0.029∗∗ − 83% 9/12

ReCEval
informativeness +0.107∗∗∗ +0.102∗∗∗ +0.143∗∗∗ +0.028∗∗ + 92% 11/12
concl. grounding −0.101∗∗∗ −0.084∗∗∗ −0.121∗∗∗ −0.068∗∗∗ − 92% 8/12
chain consistency −0.009 +0.008 −0.120∗∗∗ −0.012 − 58% 6/12

Trajectory
arc length −0.007 +0.001 +0.133∗∗∗ +0.021∗ + 58% 9/12
step disp cos. +0.058∗∗∗ +0.005 −0.003 +0.031∗∗ + 67% 3/12
final deviation +0.036∗ +0.015 +0.120∗∗∗ −0.001 + 75% 8/12

Combined PRISM −0.135∗∗∗ −0.101∗∗∗ −0.072∗∗∗ −0.036∗∗∗ − 100% 9/12

carefully by every structural measure, yet that careful
reasoning does not translate into more accurate verdicts.

B Analysis and Ablation
Failure modes. Persuasive items where all three con-
ditions score below the delta threshold (agreed-wrong)
share three patterns: (i) OP-as-arbiter mismatch
(∼50%): the chain correctly places the argument within
the latitude of acceptance at Step 3, but the final verdict
falls back on a generic argument-quality assessment;
(ii) Latitude collapse on cover-and-reframe (∼25%):
Step 3 misclassifies a successful reframe as simple
agreement with the OP (Tan et al., 2016); (iii) Step-
4 emotional override (∼25%): sharp-toned comments
are penalized for missing a good-faith signal that the OP
did not actually require. In all three cases the geomet-
ric trajectory reaches the correct ToM assessment; only
process-level auditing reveals where the final verdict
goes wrong.

B.1 Full Per-Model Ablation
We evaluate two nested subsets of persuasive items for
each model. S1 contains all persuasive items (n=334
per model); scores may differ across conditions, so S1
tests whether reasoning quality improves regardless of
verdict. S3 contains the triple agreed-wrong subset:
items where all three conditions assign the same score
below the delta threshold (GPT-5 n=64, GPT-4.1 n=33,
Claude n=55, Qwen n=12). Because the score is iden-
tical by construction, any metric difference on S3 is
purely a reasoning-process effect.

All effect sizes below compare PAToM against
FULLTOM-COT, the strongest flat-prompt baseline. Both
conditions receive the same twelve ToM fields, so any
difference reflects the sequential belief-stack structure
rather than information access.

Table 7 reports Cohen’s d on S1. Every ROSCOE
and ReCEval conclusion metric except redundancy fa-

Table 7: Cohen’s d (PAToM vs. FULLTOM-COT) on all
persuasive items (S1, n=334 per model). Tests omit
undefined metric values; Qwen PRISM uses n=291
items with values defined in both conditions. Positive d
means PAToM is higher. Two-sided Mann–Whitney U .
∗p<0.05, ∗∗p<0.01, ∗∗∗p<0.001.

Family Metric GPT-5 GPT-4.1 Claude Qwen

ROSCOE
step coh. ↑ +3.20∗∗∗ +3.91∗∗∗ +3.18∗∗∗ +3.21∗∗∗

grounding ↑ +1.71∗∗∗ +2.14∗∗∗ +1.49∗∗∗ +1.74∗∗∗

redundancy ↓ +2.72∗∗∗ +3.08∗∗∗ +2.89∗∗∗ +2.47∗∗∗

Trajectory
arc len. ↑ +2.21∗∗∗ +0.38∗∗∗ −0.04∗ +2.45∗∗∗

disp. cos. ↑ +0.27∗∗ +1.00∗∗∗ +0.48∗∗∗ +0.80∗∗∗

final dev. ↓ −3.02∗∗∗ −2.65∗∗∗ −2.38∗∗∗ −2.81∗∗∗

ReCEval
inform. ↑ −5.08∗∗∗ −4.67∗∗∗ −3.78∗∗∗ −5.06∗∗∗

concl. grnd. ↑ +1.17∗∗∗ +1.97∗∗∗ +1.05∗∗∗ +1.30∗∗∗

chain cons. ↑ +1.25∗∗∗ +1.60∗∗∗ +1.52∗∗∗ +1.19∗∗∗

Combined PRISM ↑ +3.16∗∗∗ +2.29∗∗∗ +2.21∗∗∗ +2.55∗∗∗

vors PAToM with large effect sizes (d>1.0) in every
model. Redundancy moves the other way: the positive
d means PAToM chains repeat more, which Table 4
counts as a cost. Informativeness also inverts (d=− 3.8
to −5.1) because PAToM’s conditioning steps are penal-
ized as redundant relative to earlier steps. Arc length
and displacement cosine show moderate positive effects,
confirming that the chain covers more semantic ground
and moves more consistently. PRISM is stable across
all four models (d=+ 2.2 to +3.2).

Table 8 reports the same analysis on S3. The pattern
holds: ROSCOE step coherence ranges from d=+2.69
to +3.66 even on items where the judge gives the same
wrong answer under all three conditions. This con-
firms that PAToM reasoning is more locally coherent
regardless of verdict accuracy. PRISM remains stable
(d=+ 2.2 to +3.2). On S3, displacement cosine is not
significant for GPT-5, and chain consistency is not sig-
nificant for Qwen. These two cells are consistent with
the smaller model-specific subsets.
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Table 8: Cohen’s d (PAToM vs. FULLTOM-COT) on
agreed-wrong items (S3: all three conditions assign the
same score <7). Sample sizes: GPT-5 n=64, GPT-4.1
n=33, Claude n=55, Qwen n=12. Tests omit unde-
fined metric values; Qwen PRISM uses n=9 items with
values defined in both conditions. ∗p<0.05, ∗∗p<0.01,
∗∗∗p<0.001.

Family Metric GPT-5 GPT-4.1 Claude Qwen

ROSCOE
step coh. ↑ +3.66∗∗∗ +3.27∗∗∗ +2.69∗∗∗ +3.17∗∗∗

grounding ↑ +1.86∗∗∗ +2.09∗∗∗ +1.41∗∗∗ +1.57∗∗

redundancy ↓ +3.01∗∗∗ +2.66∗∗∗ +2.47∗∗∗ +2.01∗∗∗

Trajectory
arc len. ↑ +2.41∗∗∗ +0.82∗∗∗ +0.49∗∗ +2.43∗∗∗

disp. cos. ↑ +0.23 +0.72∗ +0.33∗ +1.89∗∗

final dev. ↓ −2.95∗∗∗ −2.38∗∗∗ −2.33∗∗∗ −2.03∗∗∗

ReCEval
inform. ↑ −4.84∗∗∗ −3.97∗∗∗ −3.49∗∗∗ −3.78∗∗∗

concl. grnd. ↑ +1.30∗∗∗ +1.88∗∗∗ +0.99∗∗∗ +1.27∗

chain cons. ↑ +1.23∗∗∗ +1.24∗∗∗ +1.33∗∗∗ +0.59

Combined PRISM ↑ +3.19∗∗∗ +2.36∗∗∗ +2.32∗∗∗ +2.18∗∗

C ToM profile extraction

Table 9: Inter-annotator agreement on ToM extraction
quality (n = 30 items). “A1 yes” and “A2 yes” are the
number of items each annotator marked as faithfully
extracted. Delta validity checks whether the ground-
truth delta label (awarded by the OP) is consistent with
the comment content, i.e.whether the labeled persuasive
comment plausibly deserved its delta; it validates the
dataset, not the extraction. The remaining rows evaluate
extraction faithfulness per ToM category.

Category A1 yes A2 yes Agree Agree %

Delta validity 28 21 23 77%

Beliefs 25 29 26 87%
Desires 25 30 25 83%
Intentions 26 30 26 87%
Emotions 23 29 22 73%
Knowledge 27 30 27 90%
Perspective-Taking 22 22 22 73%

Mean (ToM) 82.2%

Cross-extractor agreement. The validation in Ta-
ble 9 asks annotators to accept or reject a single model’s
output. As a complementary check on whether the pro-
files depend on the choice of extractor, we re-extracted
ToM for the same 30 comments with Claude Sonnet 4.6,
using the same two-pass prompts, the same truncation,
and the same parser; only the model differs. All 30
items parsed with all six categories present.

We embed each extractor’s values and content text
with allMiniLML6v2 and compare the two profiles
for the same comment (matched) against profiles for
different comments (mismatched). The mismatched
column is the important control: ToM descriptions share
a great deal of generic phrasing, so raw similarity over-
states agreement, and only the gap between the two
shows that the extractors agree on content specific to
each comment. Top-1 is the fraction of items for which
the matching profile is the nearest of all 30 candidates
(chance =1/30=0.033).

Table 10: Cross-extractor agreement between Qwen3-
30B-A3B-Instruct-2507 and Claude Sonnet 4.6 on the
same n=30 comments. All categories differ from the
mismatched baseline at p<10−8 (Wilcoxon signed-rank
on matched vs. mean mismatched similarity per item).
Category ordering tracks the human agreement rates in
Table 9 (Spearman ρ=0.85, p=0.032).

Category Matched Mismatched Gap Top-1

Beliefs 0.726 0.180 0.546 1.00
Desires 0.619 0.250 0.368 0.83
Intentions 0.641 0.306 0.335 0.77
Emotions 0.658 0.380 0.278 0.63
Knowledge 0.704 0.230 0.474 1.00
Perspective-Taking 0.594 0.318 0.277 0.73

Mean 0.657 0.277 0.380 0.83

Two extractors from different families therefore re-
cover substantially the same profiles, so the results in
Section 5 do not rest on a Qwen-specific artifact. The
agreement is also structured in an interpretable way:
beliefs and knowledge, which are close to propositional
content stated in the text, are recovered almost perfectly,
while emotions and perspective-taking, which require
inferring attitude and stance, agree least. Our annota-
tors reached the same conclusion independently, mark-
ing emotion values as inferred rather than explicit and
perspective-taking as generously read. As noted in the
Limitations, agreement between two models is weaker
evidence than independent extraction by humans, which
remains future work.

CMV post — extraction Pass 1
You are analyzing a post from
r/ChangeMyView (CMV) through Theory
of Mind (TOM).
<post>
Title: {title}

Body: {body}
</post>

Analyze ONLY these three TOM
categories (keep output brief):

1. BELIEFS: What the author thinks
is true/false. Values (1-4 words
each, comma-separated) and Content
(brief).
2. DESIRES: What the author
wants/values. Values and Content.
3. INTENTIONS: What the author
plans or wants others to do. Values
and Content.

Output Format:

<analysis>
2-3 relatively short sentences of
analysis and reasoning.
</analysis>

<beliefs>
Values: Value1, Value2 (or
‘‘none’’)
Content: Brief description
</beliefs>
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<desires>
Values: Value1, Value2 (or
‘‘none’’)
Content: Brief description
</desires>

<intentions>
Values: Value1, Value2 (or
‘‘none’’)
Content: Brief description
</intentions>

IMPORTANT: Output only these four
tags. Be concise.

CMV post — extraction Pass 2
You are analyzing a post from
r/ChangeMyView (CMV) through Theory
of Mind (TOM).
<post>
Title: {title}

Body: {body}
</post>

Analyze ONLY these three TOM
categories (keep output brief):

4. EMOTIONS: What the author feels
or attributes to others. Values and
Content.
5. KNOWLEDGE: What the author
knows/doesn’t know. Values and
Content.
6. PERSPECTIVE-TAKING: How the
author considers other viewpoints.
Values and Content.

Output Format:

<emotions>
Values: Value1, Value2 (or
‘‘none’’)
Content: Brief description
</emotions>

<knowledge>
Values: Value1, Value2 (or
‘‘none’’)
Content: Brief description
</knowledge>

<perspective taking>
Values: Value1, Value2 (or
‘‘none’’)
Content: Brief description
</perspective taking>

IMPORTANT: Output only these three
tags. Be concise.

CMV comment — extraction Pass 1
You are analyzing a comment from
r/ChangeMyView (CMV) through Theory
of Mind (TOM).
<context>
Original Post Title: {title}
</context>

<comment>
{body}
</comment>

Analyze ONLY these three TOM

categories (keep output brief):

1. BELIEFS: What the author thinks
is true/false. Values and Content.
2. DESIRES: What the author
wants/values. Values and Content.
3. INTENTIONS: What the author
plans or wants others to do. Values
and Content.

Output Format:

<analysis>
2-3 relatively short sentences of
analysis and reasoning.
</analysis>

<beliefs>
Values: Value1, Value2 (or
‘‘none’’)
Content: Brief description
</beliefs>

<desires>
Values: Value1, Value2 (or
‘‘none’’)
Content: Brief description
</desires>

<intentions>
Values: Value1, Value2 (or
‘‘none’’)
Content: Brief description
</intentions>

IMPORTANT: Output only these four
tags. Be concise.

CMV comment — extraction Pass 2
You are analyzing a comment from
r/ChangeMyView (CMV) through Theory
of Mind (TOM).
<context>
Original Post Title: {title}
</context>

<comment>
{body}
</comment>

Analyze ONLY these three TOM
categories (keep output brief):

4. EMOTIONS: What the author feels
or attributes to others. Values and
Content.
5. KNOWLEDGE: What the author
knows/doesn’t know. Values and
Content.
6. PERSPECTIVE-TAKING: How the
author considers other viewpoints.
Values and Content.

Output Format:

<emotions>
Values: Value1, Value2 (or
‘‘none’’)
Content: Brief description
</emotions>

<knowledge>
Values: Value1, Value2 (or
‘‘none’’)
Content: Brief description
</knowledge>

<perspective taking>
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Values: Value1, Value2 (or
‘‘none’’)
Content: Brief description
</perspective taking>

IMPORTANT: Output only these three
tags. Be concise.

D Prompts
D.1 Rubric, anchor, and response format.
All judges see a shared 1–10 persuasiveness rubric in the
system message (qualitative bands from non-persuasive
to exceptionally persuasive). We treat scores of 7–8 and
above as the region anchored to plausible delta-worthy
arguments, matching the threshold used when compar-
ing model scores to ground-truth ∆s in the main text.
Every judge must answer with Reasoning: (short
justification) and Score: (integer 1–10). No-ToM and
Full-ToM use one generation with the system prompt be-
low; Full-ToM additionally inserts the twelve ToM fields
into the user message as structured profiles. PAToM uses
its own system prompt (opening subsection below) and
four analytical turns before the same Reasoning: /
Score: verdict format on turn five.

D.2 No-ToM and Full-ToM (single-turn scoring)

System prompt — No-ToM and Full-ToM
You are an expert evaluator of
persuasive arguments. You analyze
comments from r/ChangeMyView (CMV),
a Reddit community where users
post a view they hold but are open
to changing. Commenters try to
change the original poster’s (OP)’s
mind. A comment that succeeds
earns a ‘‘delta’’ (∆) from the OP
as explicit acknowledgment that it
changed their view.
A persuasive comment typically:
• Directly engages with the OP’s
core beliefs and stated concerns.
• Introduces new framing, evidence,
or perspectives the OP had not
considered.
• Acknowledges the OP’s emotional
state before challenging their
reasoning.
• Reframes the OP’s goals or plans
toward a different conclusion.
• Does NOT simply agree with or echo
the OP’s existing arguments.
• Does NOT parrot the OP’s own
knowledge claims back at them
without adding new insight.
You will rate each comment on a
persuasiveness scale from 1 to 10:
1--2 : Irrelevant, dismissive, or
purely agreeing --- no persuasive
value.
3--4 : Engages with the topic but
adds no new framing or evidence.
5--6 : Offers some new angle but
does not squarely address the OP’s
core concerns.

7--8 : Well-targeted argument
that addresses key concerns and
introduces new framing.
9--10 : Exceptionally persuasive
--- directly dismantles the OP’s
position with compelling logic.

User message — No-ToM (Full-ToM adds ToM
blocks)
### Post
Title: {post title}

{post body truncated to ∼1500 chars}
[Full-ToM only: Post Author ---
Theory of Mind Profile:
six categories with values and/or

content lines]

### Comment to Evaluate
{comment body truncated to ∼1000
chars}
[Full-ToM only: Comment Author ---
Theory of Mind Profile:
six categories with values and/or

content lines]

[Full-ToM only: instruction to
use profiles to assess engagement
with beliefs/desires, reframing
intentions/emotions, and avoiding
parroting knowledge claims]

Provide a brief reasoning (2--3
sentences) and then a score.
Respond in exactly this format:
Reasoning: <your reasoning>
Score: <integer 1--10>

D.3 PAToM (five-turn chain)
System prompt (shared across Steps 1–5):

System Prompt — PAToM
You are an expert evaluator
of persuasive arguments in
r/ChangeMyView (CMV), a Reddit
community where users post a view
they hold but are open to changing.
Commenters try to change the
original poster’s (OP’s) mind; a
successful comment earns a ‘‘delta’’
(∆) from the OP.
Persuasion in CMV is not about a
generically good argument --- it
is about an argument *calibrated
to this specific OP’s* epistemic
commitments and the gaps in their
stated reasoning. You will reason
step-by-step through a nested
Theory of Mind analysis. Each step
builds on the last; do not jump to a
verdict until asked.

Step 1 (1st-order OP: OP’s belief state). ToM fields
shown: beliefs, desires, intentions, knowledge, per-
spective taking.
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Step 1 of 5 — 1st-order OP: OP’s belief state
### Step 1 of 5 --- 1st-order OP:
OP’s belief state
**Post**
Title: {post title}
{post body[:1500]}
{op tom profile}
Answer in 3--5 sentences:
1. What does the OP actually
believe, and what position are they
defending?
2. What are the **load-bearing
assumptions** underneath their
stated view --- the premises
they treat as self-evident that a
challenger would need to undermine?
Do not mention the comment yet ---
it has not been shown.

Step 2 (1st-order Commenter: argument and epistemic
stance). Introduces comment text. ToM fields shown:
beliefs, desires, intentions.

Step 2 of 5 — 1st-order Commenter: argument
& epistemic stance
### Step 2 of 5 --- 1st-order
Commenter: commenter’s argument
and epistemic stance
{commenter tom: beliefs, desires,
intentions}
**Comment being evaluated**
{comment body[:1200]}
Answer in 3--5 sentences:
1. What is the commenter’s core
argument or counter-position?
2. What is their own epistemic
stance --- what do *they* believe,
and from what perspective are they
arguing?

Step 3 (Latitude of acceptance, Social Judgment The-
ory). ToM fields shown: perspective taking, knowl-
edge (commenter’s model of OP).

Step 3 of 5 — Latitude of Acceptance (Social
Judgment Theory)
### Step 3 of 5 --- Latitude of
acceptance (Social Judgment Theory)
{commenter tom: perspective taking,
knowledge}
The OP’s anchor position and
load-bearing assumptions are
established in Step 1. The
commenter’s argument is established
in Step 2.
Social Judgment Theory (Sherif &
Hovland, 1961) holds that persuasion
succeeds only when an argument lands
within the target’s **latitude
of acceptance** --- the range of
positions they would consider.
Answer in 3--5 sentences:
1. What is the OP’s likely
**latitude of acceptance** --- how
far from their anchor would they be

willing to move, given their stated
beliefs and reasoning style?
2. Does the commenter’s argument
land **within** that latitude ---
far enough to move the OP but not so
discrepant it triggers rejection?
3. Or does it **assimilate**
(essentially restates what the OP
already believes) or **contrast**
(positions itself so far from the
anchor it would be dismissed)?

Step 4 (3rd-order ToM: credibility and intent manage-
ment). ToM fields shown: emotions for both OP and
commenter.

Step 4 of 5 — 3rd-order ToM: Credibility & Intent
Management
### Step 4 of 5 --- 3rd-order
(Commenter → OP → Commenter):
credibility and intent management
{op tom: emotions}
{commenter tom: emotions}
Answer in 2--4 sentences:
1. Does the commenter’s emotional
stance acknowledge or match the
OP’s emotional register --- showing
genuine engagement rather than
dismissal?
2. Do they signal **good faith**
--- intellectual respect, shared
values, or intellectual humility
before challenging the OP?
3. Does the commenter preemptively
manage how the OP will perceive
their credibility (e.g., conceding
minor points, acknowledging the OP’s
strongest concern)?

Step 5 (Verdict). No new ToM fields. Conditioned on
the full recursive belief-stack from Steps 1–4.

Step 5 of 5 — Verdict
### Step 5 of 5 --- Verdict
Using your full nested analysis:
• Step 1 --- OP’s beliefs and
load-bearing assumptions
• Step 2 --- Commenter’s argument
and epistemic stance
• Step 3 --- Whether the argument
lands within the OP’s latitude of
acceptance (SJT)
• Step 4 --- Whether the commenter
managed OP’s perception of their
credibility/intent
Rate whether this comment is a
**well-calibrated persuasive act
toward this specific OP**.
Respond in **exactly** this format:
Reasoning: ⟨2--3 sentences grounded
in your chain-of-analysis above⟩
Score: ⟨integer 1--10⟩
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E Case Study
We present a single CMV item that illustrates the three
comment types evaluated in this paper, together with the
extracted ToM profiles and judge scores across condi-
tions. The post, comment texts, and ToM profiles below
are shown verbatim (lightly truncated for space).

E.1 Post

CMV post: “I don’t see why people like flowers
as a gift”
Of course, they should be
appreciated like all gifts. But
really? They suck, they die fast
WHILE being expensive as hell
to buy. ‘‘Just get a vase’’ ---
What’s the point of a gift if I
have to buy another thing for it
myself? ‘‘The colors are nice’’
--- Pretty colors for like a week
then bam: ugly colors taking up
space. ‘‘Just throw them out’’ ---
I don’t like throwing out gifts, I
wanna keep them forever so I can
remember the thought. You can’t
do that with flowers because once
they’re dead you gotta get rid of
them. ‘‘Flowers are supposed to be
short-term gifts’’ --- What is the
point of a short-term gift? Who
likes a gift you’re made to get rid
of? ‘‘What about fake flowers’’ ---
They’re made of harmful plastics!
‘‘What if the flowers are potted?’’
--- Your gift is responsibility? Now
I have to love and care for this
houseplant or I’ll feel horrible?

E.2 Three Comment Types

Persuasive (P): delta awarded.

Persuasive comment (truncated)
I’m going to focus on the idea you
raised ‘‘who wants a short term
gift?’’ The answer is plenty of
people. Think about ‘‘experience’’
gifts: a trip, a show, a special
meal. These are based on how the
experience feels in the moment,
and the memories you retain. The
same is the case for chocolates and
alcohol. The pleasure is fleeting
but still meaningful.
Of course some people prefer
long-term souvenirs, but others
prefer the sensory, temporary
experience. I’m a visual person
and I get genuine pleasure every
time I look at a vase of flowers,
for the 5 or so days I can enjoy
them. If the flowers are a gift
then every time I look at them it
reminds me of the person who gave
them to me. I even enjoy seeing
how they change over those days. In
fact, the temporary nature actually

Table 11: Extracted ToM profile for the OP (post). Val-
ues are short keyword lists; Content is a one-sentence
rationale.

Category Values / Content

Beliefs V: Transient, wasteful, burdensome
C: Flowers are a poor gift because they die
quickly, require extra effort (vases, water), and
cause distress when discarded.

Desires V: Lasting, meaningful, low-maintenance
C: The author desires gifts that can be kept
long-term and evoke positive memory without
decay or disposal.

Intentions V: Recipient autonomy, emotional preservation
C: The author wants others to stop giving flow-
ers and instead offer enduring, mindful alterna-
tives.

Emotions V: Frustration, disappointment, resentment
C: Frustration over the impermanence and dis-
posability of flowers, disappointment in the
expectation to maintain them.

Knowledge V: Practicality, environmental awareness
C: The author knows flowers are expensive,
short-lived, and require maintenance; even fake
ones are environmentally harmful.

Perspective V: Empathy, receptivity
C: Acknowledges counterarguments (vases,
composting, potted plants) but rejects them
as inadequate.

makes me appreciate them more. So
for me the temporary nature is a
factor in the plus column, not the
minus column!

Hard Negative (H): no delta, high community score.

Hard-negative comment
I agree when it’s about bought
flowers. I’ve been visiting
rose plantations in Ecuador and
talked to people working there,
and the working conditions are
really bad and it’s really bad
for the environment. There are
alternatives though. My grandmother
had a beautiful garden with lots
of flowers. When she was visiting
people she sometimes picked some
flowers in her garden to give to
people. People really appreciated
it. If you have a place to pick
wild flowers it’s also really nice
and special.

Easy Negative (E): no delta, low community score.

Easy-negative comment
Walmart sells bouquets for $5. I
get them for my girl randomly all
the time and she loves them.
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Table 12: Judge scores for the three comments across
conditions. The ordering s̄P ≥ s̄H > s̄E holds in every
cell; under PAToM, GPT-4.1 ties the persuasive and
hard-negative comments at 5.

Model Condition P H E

GPT-5 NOTOM-COT 7 4 3
PAToM 6 4 3

GPT-4.1 NOTOM-COT 7 5 2
PAToM 5 5 3

Claude 4.6 NOTOM-COT 7 3 1
PAToM 6 4 2

E.3 Judge Scores
E.4 Discussion
This item is one of the clearest successes in the dataset:
all judges correctly rank P > H > E under both
conditions. The persuasive comment directly targets the
OP’s load-bearing assumption (“who wants a short-term
gift?”) by reframing impermanence as a feature rather
than a flaw, drawing on analogies to experience gifts
(trips, meals). The hard negative partially agrees with
the OP and offers an alternative (garden-picked flowers)
but sidesteps the core premise rather than challenging it.
The easy negative is dismissive and anecdotal, offering
no engagement with the OP’s reasoning.

The extracted ToM profiles (Table 11) capture these
distinctions: the OP’s profile highlights frustration, a
desire for permanence, and rejection of maintenance-
based solutions; the persuasive comment’s profile shows
empathy, perspective-shifting, and an understanding
that impermanence can enhance value. Under PAToM,
the judge’s Step 3 (latitude of acceptance) correctly
identifies that the persuasive comment lands within the
OP’s acceptance range by validating their preference
for meaningful gifts while reframing what “meaningful”
can include.

Yet even on this well-separated item, no judge scores
the persuasive comment above 7, and PAToM actu-
ally lowers the persuasive score from 7 to 5–6 in all
three judges. The structured reasoning improves hard-
negative suppression but does not boost persuasive-
comment recognition, consistent with the aggregate pat-
tern reported in Section 5.2.

F Human Annotation Procedure
To validate ToM extraction quality, two annotators—a
computer-science Master’s student and an Information
School PhD student—labeled a stratified sample of 30
CMV items. Each item consisted of the original post,
the persuasive comment (the one that earned a delta),
and the OP’s delta reply. For each item, annotators
answered seven binary (Yes/No) questions:

1. Persuasiveness (Q1): Does the persuasive com-
ment give a clear, substantive reason for the OP to
change their view?

2. Beliefs (Q2): Do the extracted belief-values match
what the commenter seems to believe or assert?

3. Desires (Q3): Do the desire-values match what the
commenter wants or prioritizes?

4. Intentions (Q4): Do the intention-values match
what the commenter is trying to do or achieve?

5. Emotions (Q5): Do the emotion-values match the
emotional tone or appeals in the comment?

6. Knowledge (Q6): Do the knowledge-values match
what the commenter claims to know or how they
use evidence?

7. Perspective Taking (Q7): Do the perspective-
taking values match how the commenter considers
other viewpoints?

Annotators were provided with category definitions
from Table 1 and instructed to judge each ToM category
independently against the comment text. If a category
had no clear content in the comment, annotators were
told that the extraction saying “none” or being mini-
mal still counts as correct. Annotators could also flag
unusable samples. Progress was saved after each sub-
mission, and annotators could revisit and revise earlier
answers. On Q1, at least one annotator found the delta
comment persuasive for 93% of items and both did for
70%; the two gave the same answer on 77%. Mean
per-category agreement on Q2–Q7 is 82.2% (Table 9).
The annotation interface is released with the paper.

Sampling and topical coverage. The 30 items were
drawn uniformly at random from the cleaned delta-post
pool with a fixed seed, and come from 30 distinct posts.
The sample is topically broad rather than concentrated in
one debate area, spanning criminal justice, party politics,
colonialism, religion, gun policy, education, parenting,
gender and LGBTQ questions, the Ukraine conflict, la-
bor and economics, and metaphysics. Post titles, lightly
truncated, are:
1. Louis CK doesn’t deserve to be punished
2. Stray cats should be euthanized and it should be illegal to

let your...
3. I believe the attorney-client privilege should be abolished

CMV
4. Democrats need to move to the right in order to win in the

future
5. there is a disturbing tendency of teenage girls in the US

claiming to...
6. There’s never been a better time to be rich and powerful:

54% can’t r...
7. Colonisation overall was a net positive for the world.
8. European countries should not extradite military-age

Ukrainian men fo...
9. Banning extremist political groups from Reddit is often a

bad idea
10. Sharepoint sucks. It Reduces Productivity Than It Actually

Helps.
11. We need to solve the important stuff first. Everything else

can wait.
12. There’s no real issue with the National Guard being de-

ployed
13. Two State solution is dead, no one knows what’s next
14. Tips are a practical and effective solution for encouraging

good cust...
15. School dress codes aren’t sexist
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16. Accepting the theory of binary multi-universes necessitates
immortali...

17. Before we see any major change in American capitalist
practices, we m...

18. ”Free Will” is sufficient complexity in a decision-making
process. It...

19. most people definitely smelled terrible in medieval times
20. It is not immoral for a parent of an autistic child to make

their chi...
21. if gay incest is wrong, then so is homosexuality between

non-siblings.
22. Religion is archaic
23. For couples with children, not wanting a single income

lifestyle with...
24. I am against an assault weapons ban in the US.
25. Altruism is a hoax, power is a virtue, happiness is not an

end
26. Vodka is useless as an ingredient to cocktails because it

has no flavor
27. Unnecessary cosmetic procedures do more harm than good
28. Being a PoC is harder than being queer
29. It sucks, but an Armistice is the only realistic end to the

Ukraine c...
30. School are teaching Maths the wrong way

G Reasoning-Step Annotation
Three annotators scored every step of 50 PAToM chains
(29 GPT-5, 21 Claude Sonnet 4.6) drawn from the main
evaluation set. Each step was marked 0 (wrong or un-
supported), 1 (partly correct), or 2 (correct), following
written guidelines that we release with the code. Two
steps came with extra questions. For Step 3, annotators
noted which of three answers the judge gave about how
the argument relates to the OP’s view (“within latitude”,
“assimilation”, or “contrast”) and whether that answer
was right. For Step 5, they noted whether the verdict fol-
lows from the four steps before it and whether it brings
in anything those steps did not say.

Table 13: Reasoning-step annotation (50 chains, 3 an-
notators, 150 ratings per step). Rated 2 is the share of
ratings at the maximum; Agree is the range of exact
pairwise agreement across the three annotator pairs. Er-
rors concentrate at Step 3, the latitude-of-acceptance
judgment, and propagate into the Step 5 verdict.

Step Mean Rated 2 Agree

1 OP’s belief state 1.97 96.7% 92–94%
2 Commenter’s argument 1.98 98.0% 96%
3 Latitude of acceptance 1.85 86.0% 80%
4 Credibility & tone 1.97 97.3% 94–98%
5 Final verdict 1.91 92.0% 84–90%

Step 3 is the weakest point by every measure: the
lowest average score, the fewest full marks, and the
lowest agreement between annotators. That last number
matters, because it says the judgment is hard for people
too, not only for the model. The judge gives the right an-
swer on 43 of 50 chains (86%), and it answers “within
latitude” 111 times out of 150. In other words, it sel-
dom reaches for the two categories that would mark an
argument as unlikely to land, which are exactly the ones
that would separate a hard negative from a persuasive

comment.
The annotators wrote comments on 45 steps they

marked down. The most common complaint, about a
quarter of them, is that the judge will not choose: it
lists two or three possible answers and moves on. One
annotator writes that a step “can’t decide between three
different outcomes instead of picking one”; another, that
the reasoning “supports both Within Latitude and As-
similation, but does not clearly establish which.” Step 5
then carries that hesitation into the verdict, as one anno-
tator puts it, “the same indecision as Step 3.” The chains
still hold together: the verdict follows from the earlier
steps in 94.7% of ratings and brings in new reasoning in
only 3.3%. So the reasoning stays orderly while failing
to tell the two kinds of comment apart, which is the split
described in Section 5 showing up one step at a time.

H Generalization to Persuasion for Good
The corpus and its label. Persuasion for Good (Wang
et al., 2019) contains 1,017 conversations between two
people, in which one tries to convince the other to give
part of their task payment to Save the Children. Each
conversation ends with a record of how much the second
person gave. We use that amount, and ignore the field
recording how much they said they would give, which
leaves 545 conversations where money was donated and
472 where none was. This is what makes the dataset a
useful second test: on CMV the label is an award the OP
chose to give, while here it is a record of what someone
actually did.

Fitting it to our setup. These are back-and-forth con-
versations, not a post with replies, so we had to map
them onto the (post, comment) format our judges expect.
We use the donor’s first three messages as the “post”,
since these show what they believed and objected to be-
fore being talked round. Later messages already reflect
the persuader’s influence and would give away the out-
come, so we leave them out. Everything the persuader
said, joined in order, becomes the “comment”. We cut
both to the same lengths we used for CMV (1,500 and
1,200 characters). Persuaders took 10.4 turns on aver-
age when they succeeded and 10.7 when they failed, so
how much someone talked does not by itself reveal the
answer.

Building the pairs. On CMV, the negative comments
come from the same thread as the persuasive one. Per-
suasion for Good has no equivalent, since each conver-
sation involves just one pair of people, so we match
across conversations instead. Every successful conver-
sation supplies one persuasive item. We sort the failed
conversations by how many turns the persuader took,
as a rough measure of how hard they tried: the top
two-thirds (317) become hard negatives and the bottom
third (155) easy negatives. Drawing two hard and one
easy negative for each successful conversation (seed 42)
gives 2,180 pairs (545 P + 1,090 H + 545 E). ToM pro-
files come from Qwen3-30B-A3B-Instruct-2507 (Qwen
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Team, 2025), the same extractor used for CMV, using
the six categories of Appendix C; all 2,180 parsed with-
out error.

Table 14: PFG results across three judges (n=2,180).
DISC = mean(P )−mean(H+E); AUC on the P-vs-
H cut. ρPRISM is the Spearman correlation between
PRISM and verdict correctness under PAToM. Best
AUC per judge in bold. On every judge FULLTOM
attains the best AUC, and PRISM rises sharply under
PAToM while correlating negatively with correctness.

Judge Cond. Disc AUC PRISM ρPRISM

Qwen
NOTOM +0.82 0.573 0.138
FULLTOM +1.28 0.601 0.208
PAToM +0.82 0.561 0.538 −0.171∗∗∗

GPT-4.1
NOTOM +0.27 0.562 0.173
FULLTOM +0.66 0.617 0.215
PAToM +0.68 0.581 0.550 −0.219∗∗∗

GPT-5
NOTOM +0.30 0.557 0.190
FULLTOM +0.62 0.621 0.140
PAToM +0.54 0.606 0.625 −0.073∗∗∗

∗∗∗p<0.001. Step coherence rises analogously
(NOTOM → PAToM: Qwen 0.37→0.67, GPT-4.1 0.39→0.68,

GPT-5 0.37→0.66).

What holds, and what does not. The main result
holds. PAToM again improves the reasoning by a wide
margin on all three judges, raising PRISM to between
2.6 and 4.5 times the flat conditions and step coherence
from about 0.37 to 0.67. The verdicts again stay close to
chance in every condition (AUC 0.56–0.62), and judges
scoring higher on PRISM are again slightly more likely
to be wrong. This holds for one open model and two
frontier models whose raw scores differ by a factor of
three or four, which is the best evidence we have that
the pattern is not a quirk of any one system.

The two ToM conditions rank differently on the two
datasets. On CMV, PAToM gave the best persuasive-
versus-hard-negative AUC for every judge. Here FULL-
TOM does (0.621, 0.617, 0.601), and PAToM mainly
pushes scores down instead of separating the two groups
more sharply. So which ToM condition yields better ver-
dicts changes from one dataset to the other. This fits
our main claim, that reasoning quality and verdict ac-
curacy move independently, but it rules out reading the
CMV numbers as evidence that PAToM reliably im-
proves verdicts. We take the cautious view: structured
ToM prompting changes how a judge reasons much
more than whether it is right, and its small effects on
verdicts do not carry from one setting to the next.

I Reasoned Better, Judged Wrong
Section 5 reports that on the 176 persuasive items where
FULLTOM-COT and PAToM both score below the delta
threshold, PAToM still covers significantly more seman-
tic ground (p<10−24). This appendix shows two of
those items in full, so the disconnect can be read at the
level of a single chain rather than a distribution. Both
comments earned a delta from the OP. Both were scored

6 by PAToM, one point short of the threshold. Steps are
lightly truncated.

Example 1: insurance as a Ponzi scheme. The OP
argues that all insurance is “literally a Ponzi scheme”.
The delta-winning comment explains that a Ponzi
scheme pays early investors out of new investors’ money,
whereas an insurer pays claims out of pooled premiums
and profits on the margin. FULLTOM-COT scores this 5,
PAToM 6.

PAToM chain — cwn2zj/eyd2hq1

Step 1 (OP’s belief state). The
OP believes all forms of insurance
are fundamentally fraudulent and
unnecessary, likening them to Ponzi
schemes... individuals would be
better off saving their own money
for emergencies.

Step 2 (commenter’s argument). The
commenter’s core argument is that
insurance differs from a Ponzi
scheme because insurers profit
on the margin between premiums
collected and claims paid, not by
using new customers’ payments to pay
earlier ones.

Step 3 (latitude of acceptance).
The OP’s latitude of acceptance
is likely very narrow... they
would only consider arguments that
acknowledge some flaws in insurance
but show it is not fraudulent, or
that demonstrate a clear, practical
distinction between insurance and
Ponzi schemes.

Step 4 (credibility and tone).
The commenter’s emotional stance
does not directly acknowledge the
OP’s frustration and cynicism;
it maintains a tone of confident
correction... which may come across
as dismissive.

Step 5 (verdict). The comment
accurately distinguishes insurance
from a Ponzi scheme and provides a
clear, factual correction, which
lands within the OP’s narrow
latitude of acceptance. However,
it does not address the OP’s deeper
skepticism... nor does it manage
credibility by conceding any points
or showing empathy. Score: 6.

Example 2: race and gender in police violence. The
OP argues that police violence is as much a gender issue
as a race issue. The delta-winning comment clarifies
that it never denied a gender aspect, only that the gender
aspect did not warrant the same level of response as the
racial one. FULLTOM-COT scores this 2, PAToM 6.

PAToM chain — gse90x/fs4s701

Step 1 (OP’s belief state). The
OP believes police violence is not
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solely a racial issue but equally
a gender issue... both race and
gender must be addressed.

Step 2 (commenter’s argument). The
commenter is not denying gender bias,
but rejects the idea that gender
and race deserve equal emphasis
in public discourse about police
violence.

Step 3 (latitude of acceptance).
Given the OP’s nuanced,
intersectional reasoning... their
latitude of acceptance likely
includes arguments that recognize
both factors but differ on the
degree of emphasis. They are open
to arguments that prioritize race
somewhat more than gender, as long
as gender is not dismissed.

Step 4 (credibility and tone). The
commenter’s emotional stance is
primarily defensive... they do
not explicitly engage with the OP’s
emotional urgency.

Step 5 (verdict). The comment
lands within the OP’s latitude of
acceptance by acknowledging the
gender aspect but prioritizing the
racial component... However, it
does not directly engage with the
OP’s core emotional concerns or
manage credibility through explicit
empathy... it lacks the depth and
emotional resonance needed for a
higher score. Score: 6.

What the two have in common. In both chains the
belief-stack works as designed through Step 3. The
judge reconstructs the OP’s position, states the latitude
of acceptance in specific terms, and then in Step 5 ex-
plicitly concludes that the argument falls inside that
latitude, which is the judgment the protocol was built
to elicit and which the delta confirms is correct. The
verdict nonetheless comes out below threshold, and in
both cases for the same reason: Step 4 supplies a deficit
of empathy, concession, or “emotional resonance”, and
Step 5 treats that deficit as decisive, marking the com-
ment down from the placement Step 3 had earned.

This is the decoupling in miniature. The scaffold suc-
ceeds at the social-cognitive sub-task and then discards
the result, because the final score is dominated by the
same tone and argument-quality dimensions that drive
the No-ToM baseline (Section 6.1). It also matches what
our annotators found at Step 5, where errors concentrate
second only to Step 3 (Appendix G): the chain stays
coherent, and the verdict does not follow the part of the
chain that carries the persuasion signal.

J Use of AI Assistants
AI assistants (Claude, ChatGPT) were used during this
work for code debugging and revising some text of the
paper.
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