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Abstract

Language is often used strategically, particularly in high-stakes, adversarial settings, yet most work
on pragmatics and LLMs centers on cooperative settings. This leaves a gap in the systematic un-
derstanding of strategic communication in adversarial settings. To address this, we introduce SDA
(Strategic Dialogue Assessment), a framework grounded in Gricean and game-theoretic pragmat-
ics to assess strategic use of language. It adapts the ME Game jury function to make it empirically
estimable for analyzing dialogue. Our approach incorporates two key adaptations: a commitment-
based taxonomy of discourse moves, which provides a finer-grained account of strategic effects,
and the use of estimable proxies grounded in Gricean maxims to operationalize abstract con-
structs such as credibility. Together, these adaptations build on discourse theory by treating dis-
course as the strategic management of commitments, enabling systematic evaluation of how con-
versational moves advance or undermine discourse goals. We further derive three interpretable
metrics—Benefit at Turn ( BAT ), Penalty at Turn ((PAT ), and Normalized Relative Benefit at Turn
((NRBAT |)—to quantify the perceived strategic effects of discourse moves. We also present CPD
(the Crooked Path Dataset), an annotated dataset of real courtroom cross-examinations, to demon-
strate the framework’s effectiveness. Using these tools, we evaluate a range of LLMs and show that
LLMs generally exhibit limited pragmatic understanding of strategic language. While model size
shows an increase in performance on our metrics, reasoning ability does not help and largely hurts,
introducing overcomplication and internal confusionﬂ

Keywords: Strategic communication, Gricean pragmatics, game-theoretic pragmatics, LLM prag-
matics, non-cooperativity, utility function

1. Introduction

We often encounter conversations in which the interlocutors do not share a common goal (Walton
and Krabbe, |1995}; |Oswald, |2010; |Asher and Lascarides, 2013| i.a.), such as in the interrogation
shown in Figure Yet, when it comes to interpreting discourse, most work has long assumed
cooperativity, deeply rooted in the well-established tradition of Gricean pragmatics (Gricel |1975
Clark and Schaefer, [1989). Assuming a shared goal and cooperative principles has indeed yielded

1. We provide data and code in Github and huggingface repos.

©2026 Anshun Asher Zheng, Junyi Jessy Li, David 1. Beaver

This is an open-access article distributed under the terms of a Creative Commons Attribution License
(http://creativecommons.org/licenses/by/3.0/).


https://huggingface.co/datasets/UT-CompLing/CPD
https://github.com/asherz720/CoBRA-Quantifying-Strategic-Language

ZHENG, L1 AND BEAVER

valuable insights in contexts where such assumptions are reasonable. However, these assumptions
become problematic in scenarios like the one shown in Figure[I] The dialogue in the top panel shows

a flight attendant being cross-examined over
whether she falsified an incident report. The
witness’s response that her colleague once cor-
rected an incident report gives rise to the impli-
cature that she herself did not falsify a report. It
implies a denial of the charge while employing
deflection, hedging (‘“to my knowledge”), and
euphemism (“corrected” for “falsified”). Inter-
preted through a cooperative lens (as shown in
the blue box), the response is treated as flout-
ing the maxim of relevance while still preserv-
ing cooperativity, and thus read as a truthful
denial of the charge, even though the speaker
may have previously falsified an incident re-
port. Such a move is thus always beneficial
for the speaker in terms of helping the speaker
to get rid of the charge. In contrast, a rational
agent—one that understands non-cooperativity
and the strategic use of language—would inter-
pret it differently (as shown in the yellow box).
In such a context, the implicature derived from
the response is not readily trusted. Because the
move involves deflection and leaves room for
inconsistency, it is only partially beneficial to
the speaker, and any perceived gain is tempo-
rary, as it can be retracted if an inconsistency
occurs later.

Language is used strategicallyﬂ to advance
speakers’ goals. When goals are aligned,
Gricean pragmatics provides a good strategy:
following the maxims generally helps speak-
ers achieve their (common) goals. When goals
are misaligned, however, things become more
complicated. Assuming that maxim-following

\iv Context: At Cross-Examination

Did you ever falsify any incident reports
regarding in-flight safety?

F

i To my knowledge, there was a case where
i my colleague corrected one such report.

The response is cooperative and beneficial. She follows coop
principles, so her statement is a denial of the charge. Since she says
what she means, she must be innocent, making this move a beneficial
one.

Ideal Agent Following Cooperative Principles

The response is perative but beneficial. Because the
cooperative principles cannot be reliably assumed. While her denial is
beneficial, it also introduces ambiguity. This is a beneficial move

with a trade-off in clarity and relevance.

Ideal Agent with Non-cooperative Understanding

& LLM Judgements

rompt: What do you think of the witness’s response
n this cross-examination? Is the response cooperative?
Does this response increase the risk of losing for the
witness in the trial (i.e., detrimental)?

‘@\ <2, The response is non-cooperative and ,
= Because the response is evasive and the lack of direct
GPT-4o | ANSWer raises suspicion, making it detrimental.

Figure 1: This figure shows a cross-examination

dialogue, two idealized interpretations,
and GPT-40’s judgment, which di-
verges from both interpretations and
mistakenly treats the response as in-
creasing the risk of losing. The full
model output is shown in Appx. Fig.

is still optimal can lead to misinterpretations like in Figure |1} and even if it occasionally yields the
correct interpretation (e.g., when the speaker indeed wants to project cooperativity), following max-
ims alone is rarely sufficient for a speaker to achieve their goals in adversarial settings. We therefore
focus on strategic communication in non-cooperative discourse, an under-explored and intriguing
setting for examining how discourse goals are realized.

2. In the literature, strategic is often used almost in a similar sense to non-cooperative, to emphasize goal misalign-
ment. We, however, use strategic to emphasize how effectively a speaker uses language as a means to advance their
discourse goals (e.g., as in strategic value or strategic effectiveness). We return to this distinction in sectionE}
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While theories of cooperative language are numerous and well-established, systematic accounts
of non-cooperative language use have received comparatively less attention. Game-theoretic prag-
matics (Parikh, 2000; |Glazer and Rubinstein, 2006; |Asher et al., [2017) represents one such line
of workE] Approaches within game-theoretic pragmatics, such as Signaling Games (Lewis| [1969;
Franke, 2009) and Rational Speech Act (RSA) theory (Frank and Goodman, [2012)), do not en-
force cooperativity, yet they also do not emphasize their application to non-cooperative discourse.
For the most part, they demonstrate how traditional Gricean-style pragmatics can be recast in a
game-theoretic framework, for example, in deriving scalar implicatures (Pavan, 2013; Goodman
and Stuhlmiiller, [2013). By contrast, the Message Exchange (ME) Games paradigm (Asher et al.,
2017) is more dedicated to modeling non-cooperative discourse, where interlocutors’ goals are mis-
aligned. In this framework, discourse moves are evaluated by a third-party “jury” in terms of how
effectively they contribute to the realization of speakers’ discourse goals. This underscores the fact
that even in non-cooperative dialogue, interaction is not arbitrary and is governed by constraints
arising from public commitments and accountability to an evaluating audience, which limit how
participants can strategically maneuver without undermining credibility. However, due to practi-
cal constraints, the ME Game “jury” has not been systematically applied to extensive real-word
conversations.

Partly because of the abstraction inherent to formal theories, applying such frameworks to natu-
rally occurring data at scale is challenging. We can see this challenge in terms of two subproblems:
first, some key terms are specified in ways that work well for certain contexts (e.g., cooperative
discourse) but do not readily generalize to others; second, even when well-defined in theory, some
constructs are difficult to estimate empirically, making assessment and operationalization challeng-
ing without additional adaptation. Most frameworks, for example, posit an abstract utility function
(i.e., a measure of what is valued in goal realization). A common specification in terms of Gricean
maxims (as in RSA; Goodman and Stuhlmiiller|2013) works well in cooperative settings, but does
not naturally extend to adversarial contexts, where following maxims alone is rarely sufficient for
achieving one’s goals, as noted before. The ME Games model goes further by offering a more con-
crete specification of the utility function tailored to adversarial contexts, thereby partially addressing
the challenge that existing specifications do not readily generalize beyond cooperative discourse.
But it does not resolve the problem of empirical estimability: its technical constructs—such as the
credibility distribution Py(Good;) and winning potential win;(k)—are not directly observable in
most types of naturally occurring discourse. Moreover, the original specification abstracts away
from finer-grained strategic effects of discourse moves; in section [3.2.2] we present an extension to
capture these distinctions.

The ability to recognize the strategic value of language—namely, the extent to which a move ad-
vances or undermines a speaker’s goals—is also important in the current age of Al. Despite growing
attention to Al safety and alignment (Bowman et al., [2022), models still show sycophancy (Sharma
et al., 2024) and limited critical thinking (Musi et al., 2025). These reflect failures to prioritize
aspects of conversational moves that have greater long-term strategic value, such as preserving re-
liability rather than chasing short-term agreement. At the same time, models may violate safety
protocols when unmonitored (Greenblatt et al., 2024), producing responses that appear locally ben-
eficial (securing immediate agreement or task success) but ultimately undermine alignment goals.
Both behaviors are highly undesirable; as deeper alignment is called upon (Qi et al., 2025)), being

3. Other frameworks exist as well, such as those grounded in learning theory (Sicilia et al.;,[2022)). Since our focus is on
game-theoretic pragmatics, we leave engagement with these alternative approaches for future work.



ZHENG, L1 AND BEAVER

able to assess models’ understanding of the strategic effects of discourse moves is crucial. Such
assessment is valuable not only for safety monitoring but also for downstream applications that re-
quire strategic reasoning, such as simulated debate and negotiation, where models must accurately
track how their interlocutors’ moves shape the goals at stake.

As we will show, existing LLMs (at least absent specific training, which we do not study here)
are weak at nuanced analysis of dialogues that do not follow the Gricean principles, and do not
accurately recognize the strategic effects of language. For example, in the bottom panel of Figure|l]
the model identifies the response as non-cooperative, but it does so by simply treating maxim vi-
olations as evidence of non-cooperativity rather than considering whether the speakers in fact are
pursuing opposed goals. Additionally, it labels the move as detrimental (i.e., causing the defendant
to lose) rather than beneficial, indicating that at least the model behavior does not show a proper
understanding of the strategic value of the utterances. The model’s judgment is superficial, focusing
only on the presence of deflection without evaluating the overall strategic gain, which is empirically
beneficial, helping the flight attendant to get rid of the charge.

These observations highlight a dual motivation for our work. Theoretically, existing frameworks
need extension and operationalization to capture finer-grained strategic effects of discourse moves
and to be assessed on large datasets. Practically, such a framework provides the basis for evaluating
LLMs’ performance on recognizing the strategic value of language. We propose SDA (Strategic
Dialogue Assessment), a framework that bridges theory and empirical evaluation. SDA adapts the
ME Game jury function in two ways: first, it introduces a commitment-based taxonomy of discourse
moves, enabling a finer-grained account of strategic effects; second, it operationalizes abstract con-
structs such as credibility by approximating them with observable proxies grounded in Gricean
maxims. In this view, discourse moves are treated as the strategic management of commitments:
each commitment carries potential gains and losses, and speakers may exploit maxim violations not
arbitrarily but as part of their strategy to maximize benefits while avoiding inconsistency (see Fig-
ure . Building on this foundation, SDA defines three metrics—Penalty at Turn (([PAT ), Benefit at
Turn ((BAT ), and Normalized Relative Benefit at Turn (( NRBAT |)—that quantify perceived losses,
benefits, and cumulative strategic gain, respectively. They distinguish the output of the utility func-
tion, which only produces a single value, into different categories (i.e., positive or negative), which
reflect different strategic effects of language use, with the cumulative value capturing the trade-off
between them.

SDA provides a well-motivated framework for performing human annotation, and we release
a corpus on legal discourse, CPD (the Crooked Path Dataset), with accompanying annotations on
a subset of the corpus. We use these annotations to evaluate strategic effectiveness across differ-
ent discourse types, noting that such effectiveness can in principle be assessed in both cooperative
and non-cooperative settings, since in either case speakers use language to pursue goals. Apply-
ing our method to cross- and direct examinations (i.e. dialogues with an opposing witness, and
dialogues with a lawyer’s own witness), we reveal that cooperative and non-cooperative discourse
are asymmetric with respect to the annotated properties. We further use the annotations to validate
that SDA, heavily grounded in the ME jury function, can effectively capture these strategic effects,
which contribute to the realization of discourse goals. Applying our metrics to discourse moves in
predicting conversational outcomes, we find that they achieve strong—but not perfect—predictive
power, indicating that the identified properties reflect how language strategically shapes discourse
goals. We emphasize that perfect prediction is neither expected nor the aim of our method, as con-
versational outcomes are themselves subjective and shaped by many factors beyond discourse alone
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(e.g., speaker bias); instead, our results show that the ME Game utility function, with our exten-
sions, is both empirically operationalizable and theoretically meaningful. By grounding itself in a
theoretically motivated account of strategic communication, SDA thus provides a way of relating
theory to real-world discourse.

We then use our metrics to conduct a preliminary evaluation of a suite of state-of-the-art LLMs,
varying in size and reasoning capability. Under our prompting setup, larger models tend to align
more closely with human judgments, particularly in identifying strategic gains, but the reasoning-
enhanced models often perform worse, particularly in identifying strategic losses. This degradation
is seen in models’ behavior to misinterpret surface-level damage control strategies as the overall
effects of a commitment, along with difficulty in handling self-contradictory behavior, signaling
that existing training paradigms for reasoning may not necessarily enhance important aspects of
pragmatic capabilities.

2. CPD: The Crooked Path Dataset @

To give a more concrete sense of the type of discourse we focus on in this paper, and what is crucial
for evaluating it, we now introduce CPD (the Crooked Path Dataset), a dataset drawn from legal
cross-examinations, which we believe will also be of broad interest to the community. We focus on
cross-examinations in criminal trials for several reasons: (1) it can be determined whether the goals
of the two parties are opposed based on their respective roles in the trial; (2) trials are paradigmatic
zero-sum games, where there is inevitably a winner and a loser; and (3) attorneys and prosecutors
are professionally trained to engage in strategic questioning. We therefore treat cross-examination
as an instance of adversarial settings, where the participants’ goals are misaligned. At the same
time, we note that our goal is not aiming to measure the degree of (non)cooperativity itself; rather,
we use this adversarial setting as a testbed for assessing the strategic effects of discourse moves—
how effectively speakers manage commitments to advance their goals. We return to this distinction
in section 31

We collect testimonies from three prominent U.S. trials: the West Memphis Three Trials (1994),
the O.J. Simpson Trial (1995) and the Enron (Lay & Skilling) Trial (2006) We focus on the cross-
examination part of each testimony. A representative snippet is given in (I), a cross-examination
from the West Memphis Three case. It involves the witness Richard Ofshe (RO), who was called by
the defense as an expert on police coercion. His goal is to maintain credibility so that his testimony
will be accepted, while also demonstrating that the defendant’s statement was coerced by police.
The prosecutor (P), by contrast, aims to undermine his credibility and argues the opposite.

(1) P: How many states and how many courts have refused to accept you as an expert in this
work?

RO: No state has ever refused to accept me as an expert.
P: How many courts?

RO: There’s one case in which a line of testimony to which my testimony would have been
foundational was rejected. It has to do with whether or not a certain theory...

4. Data is sourced from https://famous-trials.com/, which provides transcripts and other trial details.
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Trial Defense Prosecution Total Defense %
WMT 651 575 1226 53.1%
Enron 27 47 74 36.5%
Simpson 1608 417 2025 79.4%

Table 1: Q/A pair distribution by questioner role across four trials. The Defense % column shows
the proportion of defense-attorney-led Q/A pairs.

In total, the cross-examinations in the three trials consist of 4452 turns, with 3325 of these being
Q/A pairs (the rest are largely objections from the opposing side). The distribution of Q/A pairs and
sides for each trial is shown in Table

Legal Assumptions Because we work with legal data, we hope to be careful and transparent
in stating our assumptions during both use and annotation, and we seek to avoid any unintended
implications with input from a legal expert.

First, we assume that the trials we analyze are zero-sum games in terms of their outcomes: the
defendant or the prosecutor either wins or loses. While we fully acknowledge the legal principle that
U.S. attorneys are obligated to pursue justice rather than merely secure convictions, in the specific
cases we collected and analyze the prosecution and defense can be reasonably characterized as
adopting adversarial roles, whose goals are centered on securing a conviction or an acquittal.

Second, we note that cross-examination is governed by evidentiary rules that constrain both
the content and the form of questioning. Under the Federal Rules of Evidence (FRE), the content
of cross-examination is restricted to the subject matter of direct examination and matters bearing
on the witness’s credibility (FRE 611(b)). At the same time, its form permits the use of leading
questions when a party examines an adverse or hostile witness (FRE 611(c)). Together, these rules
institutionalize cross-examination as an interaction structured around misaligned goals, delimiting
both what may be asked and how testimony may be elicited.

Third, although we include testimonies from both defendants and witnesses, we do not simply
conflate these roles. We recognize that witnesses—particularly expert witnesses—may not per-
sonally hold adversarial interests relative to the opposing side. However, given that witnesses are
typically carefully chosen and prepared by the party that calls them and their testimony is subject
to adversarial challenge under the evidentiary rules described above, we treat them as representing
that party’s interests. Thus, we assume that witnesses generally align with the strategic goals of the
side they testify for and are situated in opposition to the other side within the adversarial structure
of the trial.

Finally, we treat cross-examination as representative of non-cooperative discourse and direct
examination as representative of cooperative discourse, based on whether the interlocutors’ goals
are aligned. While the high-profile nature of our cases suggests that witnesses may have under-
gone extensive preparation—which could influence the surface features of their responses, such as
conciseness or restraint—we do not expect this to alter the deeper goals.

3. Non-cooperative Discourse and Sources of Strategic Value

As noted earlier, the terms strategic and non-cooperative are both used in prior literature to refer
to behavior resulting from goal misalignment, or to situations involving such misalignment. Some-
times they are used almost interchangeably, and sometimes with quite distinct meanings. We briefly
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survey these uses before clarifying how we use the terms in the remainder of the paper. In economic
game-theoretic work, strategic behavior is often conflated with non-cooperative games (Osborne
and Rubinstein, [1994), and in classical economics, agents are modeled as individually rational and
self-interested, which frequently leads to non-cooperative settings with divergent preferences. In be-
havioral game-theoretic work, a more nuanced distinction is drawn: strategic agents are those who
reason based on beliefs about others’ strategies, whereas non-strategic agents may act according
to heuristics or rules of thumb without such reasoning (Camerer, [2003; |Wright and Leyton-Brown,
2019). In multi-agent systems and Al research, strategic behavior is often treated as if it were
equivalent to adversarial or non-cooperative behavior, reflecting goal misalignment; this is evident
both in technical treatments of incomplete-information games such as poker (Sandholm), [2010) and
in broader surveys that highlight the dominance of non-cooperative framings and call for new ap-
proaches to cooperative Al (Dafoe et al., [2020). In political science and international relations, a
similar conflation appears in Schelling’s Strategy of Conflict, where strategy is inherently linked to
conflict and non-cooperation (Schelling, [1960). We focus here on non-cooperative discourse as a
testbed for assessing strategic effects.

Turning now to work on dialogue, |/Asher et al.|(2017) uses strategic conversations to mean dis-
course where interlocutors’ goals are misaligned. By contrast, in this paper, we will use the terms
non-cooperative and strategic as follows: non-cooperative refers to settings of goal misalignment,
while strategic refers to how effectively discourse moves realize a speaker’s goals. In principle,
strategic effectiveness can be assessed in both cooperative and non-cooperative contexts, since in
either case speakers use language (as a strategy) to pursue goals. In cooperative contexts, following
cooperative principles provides an effective way to realize the shared goals; in adversarial contexts,
appearing to be cooperative can still be strategically useful to advance self-interested goals. A max-
imally strategic speaker in adversarial settings may appear cooperative (e.g., by following Gricean
maxims), not because their goals are aligned, but because the appearance of cooperativity enhances
credibility and serves their strategy. However, relying on maxims alone is not sufficient to achieve
discourse goals, as we discuss below in section 3.1

We focus here on non-cooperative discourse because it is comparatively under-explored, and we
are interested in assessing how the discourse goals are realized in such settings. We acknowledge
similar questions can be asked about cooperative discourse (e.g., what can be said beyond Gricean
maxims in goal realization), but we leave this for future work. In the remainder of this section,
we review both Gricean and game-theoretic pragmatics, which jointly constitute the theoretical
foundation of our proposal. We explore how each framework approaches non-cooperative discourse
and evaluates the strategic effects of discourse moves, and note their potential limitations.

3.1 Gricean Pragmatics: Maxims in Non-cooperative Discourse

The most influential account of conversational cooperativity is due to Paul Grice (Grice|1975,|1989),
later developed by Neo-Gricean pragmaticists (e.g., Horn![1984; [Levinson||[1987). These theories
propose that rational interlocutors structure their contributions around conversational maxims—
those of quality, quantity, relevance, and mannerE]

In cooperative contexts, these maxims serve as norms, and violations are interpreted as flouting—
intentionally and transparently violating maxims to preserve overall cooperativity (Brown, [1987;

5. We later group the maxim of quantity under the maxim of quality, since whether an interlocutor provides an adequate
and appropriate amount of information depends on knowing what the interlocutor actually knows.
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Thomas| 2014). But in non-cooperative settings, the role of maxims shifts. Here, interlocutors
cannot assume that others are maximizing quality, quantity, or relevance (Asher et al., 2017, p.363).
Still, speakers frequently behave as if they were cooperative (e.g.,|Levinson|2000; Horn/2006). That
is, even if they are not literally maximizing the maxims, they act in ways that give the appearance of
doing so, because such behavior projects credibility and enables hearers to interpret their utterances.

This makes Gricean maxims also relevant for understanding goal realization in adversarial dis-
course. A non-cooperative speaker can strategically invoke or mimic maxim-following to generate
trust, manage credibility, or deflect damaging commitments (Goffman, |[1970). In this sense, maxims
are not binding rules but strategic resources: tools that speakers exploit to advance their own goals.
A maximally strategic speaker, at least in legal cross-examinations, may therefore appear cooper-
ative precisely because projecting cooperativity enhances their ability to achieve their goals. Still,
maxims alone do not determine the strategic effects of discourse moves: for example, in response
to “Are you taking any medication?”, both “Yes” and “No” appear cooperative, making the speaker
appear to be credible, yet their strategic effects on the discourse goal differs. We therefore treat
maxims primarily as a credibility controller (see section {.4): they mark how reliable a response
appears and, in doing so, modulate the strategic effects that response can haveE]

3.2 Game-Theoretic Pragmatics: Maximizing Strategic Utilities

Game-theoretic pragmatics offers a complementary perspective on communicative behavior by
modeling discourse as a strategic decision-making process. While several works model pragmatic
reasoning within a game-theoretic framework (Parikh, 20005 |Glazer and Rubinstein, 2006} |Franke,
2013), they primarily focus on goal-aligned settings, in which Gricean behavior is treated as a de-
sirable or equilibrium outcome; however, such (Gricean) cooperativity is not inherently required
by the framework itself, but depends on the agents’ payoff structure. Instead, with appropriate re-
finement, they can naturally apply to scenarios involving competition and manipulation—such as
debates or cross-examinations—where interlocutors have misaligned goals (Asher and Lascarides,
2013; |Asher and Paull 2016 |Asher et al), [2017). In addition, game/decision-theoretic works on
LLM reasoning (e.g.,/Duan et al.[2024) are also relevant though they are less engaged with sophis-
ticated communication than the pragmatics line of work. In the following, we briefly discuss three
game-theoretic accounts of communication—Signaling Games (Lewis, |1969; |Frankel 2009), Ratio-
nal Speech Act (RSA) theory (Frank and Goodmanl |2012)), and Message Exchange (ME) Games
(Asher et al., 2017)—that will help understand the traditions of this approach to pragmatics and
clarify how our proposal in section 4| connects to them. We refer interested readers to |Benz and
Stevens| (2018)), which provides a systematic review of different frameworks.

3.2.1 SIGNALING GAMES AND RATIONAL SPEECH ACT (RSA) THEORY

A classical starting point for game-theoretic models of communication is Signaling Games (Lewis),
1969; Franke, 2009)). In this setting, a pragmatic speaker (or sender) selects a signal to influence a
literal listener (or receiver), who interprets the signal and chooses an action. The speaker’s choice

6. A more sophisticated treatment might allow that speakers sometimes attempt to project the appearance of cooperative
flouting of maxims. For instance, a speaker might conceivably deploy irony or reductio ad absurdum arguments, with
the intention of transparently violating the maxim of quality, if they felt this would have a desirable rhetorical effect.
We are doubtful that an extension to include cooperative flouting would have any significant impact on the textual
analyses we provide in this paper and so leave it to future work.
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is driven by expected utility: a signal is successful if it guides the listener toward an outcome
that maximizes the payoff for both parties. A central question is whether the interaction reaches
an equilibrium—that is, a stable outcome in which neither party has an incentive to unilaterally
change their choice. For example, in [Franke|(2009)’s signaling-game model of scalar implicature, a
speaker chooses between utterances such as some and all depending on the underlying state of the
world (e.g., whether all objects in a set have a property or only some do). The payoff structure is
cooperative: both players receive a reward if the listener correctly infers the true state. In this setup,
if the world is “all,” the best choice for the speaker is to say all, which leads the listener to guess
correctly. If the world is “some,” the speaker could in principle say some or all, but if she says all
the listener will guess wrongly, lowering both players’ payoff. Thus, the equilibrium strategy is for
the speaker to say all when the state is “all” and some when the state is “some.” At equilibrium,
the listener interprets all literally, but interprets some pragmatically as “some but not all,” since
otherwise the speaker would have used the stronger signal. The focus in Signaling Games is on
whether the utterance leads to an optimal action at equilibrium.

Rational Speech Act (RSA) theory (Frank and Goodmanl, 2012} extends this paradigm by intro-
ducing recursive reasoning between the speaker and the listener. While Signaling Games focus on
equilibrium strategies, RSA models communication as a sequence of probabilistic belief updates.
It distinguishes three roles (compared to only two in Signaling Games). A literal listener inter-
prets an utterance u solely by its truth-conditional meaning [u], yielding a probabilistic distribution
P(s | [u])) over possible states s. Then a pragmatic speaker chooses utterances based on how a
literal listener would interpret u, balancing the informativity of u (i.e., log P(s | [u])) against its
communication cost C'(u) (i.e., log P(s | [u]) — C(u)). This speaker utility is primarily grounded
in the maxims of quantity and manner, while « serves as a rationality parameter that controls how
strongly the speaker prefers high-utility choices (Ps(u | s) o exp(a(log P(s | [u]) — C(u)))).
Finally, a pragmatic listener inverts this reasoning to infer the pragmatic speaker’s intended mean-
ing via Bayes’ rule (Pr(s | u) o Ps(u | s) - P(s) with P(s) denoting prior beliefs about world
states). Unlike in Signaling Games, the pragmatic speaker in RSA does not assume strict utility
maximization: instead, utterances are chosen probabilistically via a softmax function modulated by
a rationality parameter c.

Consider the same scalar implicature example. RSA derives the implicature through recursive
probabilistic reasoning rather than equilibrium optimality. Suppose there are two possible states:
Sann and Sgome, and that some is compatible with both states while all is compatible only with the sy;.
It follows from these assumptions that upon hearing all, the literal listener assigns probability 1 to
Sall, Whereas upon hearing some, the listener assigns equal probability to s, and sgome. A pragmatic
speaker who prefers to be informative therefore assigns higher probability to all than to some in sy,
since all induces a posterior that is more concentrated on the true state We refer interested readers
to|Degen| (2023) for a systematic review of RSA modeling.

These frameworks provide a generative model for predicting both what an interlocutor would
say and how that utterance would be interpreted. However, in modeling discourse such as (IJ), the
devil is in the details.

First, to automate the (recursive) reasoning that such discourse requires, one must determine the
set of possible states that an utterance can map onto. This, however, depends heavily on the inter-
locutor’s epistemic state and world knowledge—factors that are rarely fixed or directly observable.

7. Under the standard RSA choice rule, Pr, (s | all) = 1 while Pr, (sa1 | some) = %, so all is strictly preferred.
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Consider RO’s response in example (I)) that he was not rejected by the state as an expert. What are
the possible underlying world states? The possible contexts are diverse: he may not have been re-
jected as an expert at all; he may not have been rejected as a witness but also not formally recognized
as an expert; he may have been rejected by one state but not others; or he may have been rejected by
multiple states. But who decides which states belong in this set? There is no straightforward way to
pin down the set of states that a (literal) utterance corresponds to.

Second, there is a specification challenge: one must determine the appropriate utility function,
which is highly flexible and depends on the interlocutor’s goals. By default, games above assume
a cooperative pragmatic speaker whose utility is aligned with that of the listener and defined in
terms of optimizing the communicative properties prescribed by the Gricean maxims. However,
this assumption breaks down in more adversarial settings such as interrogations, as in (I). In this
example, RO’s utility is not symmetric to P’s: unlike in cooperative settings where both parties share
the same utility function, RO’s gains do not entail gains for P. Nor is RO maximally faithful to the
maxims (e.g., RO is not maximally faithful to quantity, since he provides only a partial answer). To
capture strategic language, we need a utility function that allows for asymmetry and characterizes
contributions with respect to the speaker’s own goals.

Third, even in RSA’s recursive model, the interaction is restricted to a single speaker and a
single listener, whereas in reality a pragmatic speaker may need to consider the utilities of multiple
parties—for example, a defendant/witness must reason not only about the prosecutor but also about
the jury. As a result, many applications of these models (e.g., [Vogel et al.| (2014); [Anderson and
Dillon| (2019); [Spinoso-Di Piano et al.| (2025)) are confined to simplified scenarios with a small
specified set of world states. Offering a comprehensive generative model that resolves all these
issues lies far beyond the scope of this paper. Our focus, instead, is on assessing the strategic
effects of discourse moves on the realization of discourse goals, which is closely connected to the
second problem noted above. One promising direction comes from Message Exchange (ME) Games
(Asher et al., 2017), which is specifically designed to model non-cooperative conversations. It offers
an explicit treatment of the utility function in such cases and is not primarily grounded in Gricean
maxims.

3.2.2 MESSAGE EXCHANGE (ME) GAMES

Message Exchange (ME) Games (Asher and Paull, [2016}; |Asher et al., 2017; |Asher and Paul, 2018)
provide another formal game-theoretic model but originally designed to account for non-cooperative
discourse. This line of work specifically focuses on cases where the players’ interests are strictly
opposedE] as explored in the current paper. ME Games model discourse as an infinite game in
which, as in other communication games, the speaker and listener reason about each other.

Unlike in other frameworks, ME Games assume that, in addition to the classic speaker-listener
setup, non-cooperative conversations also involve a third party, the “jury” in their term, which serves
as the contribution evaluator. On this view, conversational moves are not simply aimed at persuading
interlocuters or projecting credibility to them so that those moves are trusted; rather, they are aimed
at convincing the third party. The jury then serves as the scoring function of the game. Players
formulate their conversational goals around what they believe they can defend against oppositions

8. Goal divergence can occur at varying levels. In some cases, interlocutors may perform non-cooperative moves as part
of a broader effort to eventually reach consensus, as in negotiations. The cases investigated in ME Games, and in the
present paper, are situated in stricter zero-sum settings, thereby setting aside the ambiguities that arise in discourses
where goals sometimes align and sometimes diverge.
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from their opponent and what they anticipate will be assessed favorably by the jury. The jury decides
whether a move advances a player’s conversational goals, which in turn shapes the speaker’s utility
function, since the value of a move depends not only on how the listener would interpret it but also
on how the jury would judge it.

The jury function, 7, is defined in (I]), which decides the benefit of each conversational turn k for
speaker i. A turn yields benefit only if it is both coherent (COH: whether the current turn & connects
to prior discourse via certain discourse relations; COH;(k) € {—1, 1}) and responsive (RES: whether
the current turn k& connects to the immediate prior turn via discourse relations; RES; (k) € {—1,1}),
reflecting whether the discourse moves are forming meaningful discourse structure, which in turn
contributes meaningfully to the realization of discourse goals. These benefits are sustained only
if the turn is also consistent (CONS: whether the current turn k& contradicts prior commitments of
speaker i; CONS;(k) € {0, 1}), credible (i.e., how trustworthy speaker i is at turn k, modeled as
P;(Good;) € [0,1]), and aligned with a potential win for the speaker (win;(k) € {0,1}). Thus,
how strategic an interlocutor is can be understood as the interlocutor’s ability to pursue their own
interests by maximizing their score 7. For the full formal reasoning behind the specific terms chosen,
we refer interested readers to|Asher et al.|(2017).

| 7 |li = (COH; (k) + RES; (k)) x CONS; (k)
x Pr(Good;) x win;(k) (1)

ME Games offer a way to model non-cooperative conversations and misaligned utilities by
grounding them in coherence relations. Coherence, on this view, plays a crucial role for two reasons.
First, coherence is to a great extent externally observable. In the case of jury trials, this is effectively
built into the institutional setting, since we assume that coherence must be judged by the jury without
access to the interlocutors’ private epistemic states. Second, coherence serves as evidence that a
discourse move contributes to the speaker’s broader goal structure: only moves that are coherent
can be interpreted as goal-directed and therefore count as goal-realizing contributions (Asher and
Lascarides), [2013). This close connection between coherence and goals of text holds not only in
cooperative discourses but also in not necessarily cooperative settings (Asher et al.,|2017). The jury
function therefore takes coherence relations as proxies for determining whether a speaker’s moves
advance their discourse goals, and the utilities for each speaker are calculated on this basis. In
this way, ME Games provide an account that sidesteps reliance on Gricean principles (i.e., it is not
necessary to rely on maxims to achieve one’s goals), which distinguishes it from accounts that focus
on cooperation.

Reproducing the jury function for an analysis of our dataset would be of clear value, but we
diverge in some ways from the ME Games framework both because of our own theoretical proclivi-
ties, and because of certain practical concerns. One concern is that while the function helps address
the specification challenge identified in section [3.2.1—namely, defining a utility function suitable
for adversarial contexts—it still faces an operationalization challenge: many of its abstract terms
are difficult to estimate empirically, making them hard to apply in practice. For instance, there
is no straightforward way to obtain a function Py(Good;) that outputs the credibility distribution
of an interlocutor, as this would depend on numerous factors that may be explicitly present (e.g.,
inconsistencies) or absent (e.g., speaker bias) in the discourse. In reality, credibility assessments
are also ambiguous, which worsens the estimability issue. Consider the same example in (I)): the
witness admits there was a case in which his testimony was rejected, which could cast doubt on
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his expertise. This suspicion may reduce his credibility; however, this reduction is also debatable,
since the witness also appears trustworthy, and it seems unlikely that he would fabricate something
that harms his own reputation. Hence, one might assess the witness’s credibility in two different
ways: either assigning a higher probability to P(Bad) than P(Good), viewing his expertise as unreli-
able, or the opposite, assigning more weight to P(Good), since his words appear sincere. Similarly,
winning potential win;(k) is also hard to estimate as it is defined in terms of the intersection of
the possible future paths following the current move and all possible winning paths; modeling this
accurately would require an “omniscient” perspective over the discourse space, which is in reality
often impractical.

In addition, while the specification of the jury function in ME Games identify relevant and
insightful properties, it abstracts away from finer-grained strategic effects on discourse goals. Con-
sider the example in (2)), another cross-examination from the West Memphis Three case. It involves
the witness Richard Ofshe (RO), who was called by the defense as an expert on police coercion. His
goal is presumably to maintain credibility so that his testimony will be accepted, while also demon-
strating that the defendant’s statement was coerced by police. The prosecutor (P), by contrast, aims
to undermine his credibility and argues the opposite.

(2) P: Didyou find anything in any of that evidence to indicate that any of the officers yelled
or used a loud voice or were degrading to the defendant in those tapes or in that testi-
mony that you reviewed?

RO: No, the officers testified they did not do that.

P: Okay, and in those tapes that you observed, you didn’t hear anything of that nature,
did you?
RO: No, I did not.

P: And is what you term or what you find in there coercive that the officers asked at times,
leading questions — is that one of the things?

RO: The questions were more than leading. The questions were very directly specifying
what the answers should be.

RO’s responses are all coherent, responsive, consistent, and avoid direct commitments that
would contradict his goals as regards the facts of the case and the reliablity of his testimony (e.g.,
any suggestion that the defendant was not coerced by police, or to anything that would lead to the
outright rejection of his testimony). Thus, this testimony is aligned with a potential win for him (or
his side), and so win; (k) = 1. If credibility is assessed entirely in terms of sincerity, then in theory
these responses would not damage the speaker’s credibility either. Accordingly, the jury function
would predict that all of these responses carry equal value in advancing the speaker’s goals.

Yet empirically, this is not the case. Admissions such as being rejected as an expert in an-
other court, or acknowledging that the police did not display behaviors typical of coercion, do not
contribute positively to the witness’s goal of maintaining credibility while demonstrating that the
defendant was coerced by police. By contrast, statements such as not having been refused recog-
nition as an expert by the state, or pointing out that the police asked misleading questions, clearly
doﬂ This observation suggests that although these responses are all coherent, and thus form part

9. We also note that even if one treats prior rejection in other courts as a credibility attack, the function only distinguishes
some responses (e.g., in (T)) but still fails to differentiate others (e.g., in (2)). In addition, this suggests the definition
of credibility itself is broad, which introduces additional interpretive ambiguity.
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of how discourse goals are pursued, in real discourse, the effects of coherent moves on those goals
are more fine-grained. Hence, the ME Game jury function can provide what is necessary, as |Asher
et al.[ (2017, p.383) suggest, for establishing the winning conditions of a game (e.g., coherence, con-
sistency). However, for a player to actually win, one would expect that there are more “beneficial”
moves than “detrimental” ones while still maintaining coherence, consistency, and credibility. In
section [£.5] we build on the insights that ME Games provide about how strategic conversation is
evaluated and suggest one approach to addressing the estimability problem while capturing finer-
grained effects of discourse moves.

Our study aims to offer a path for developing a variant of the ME Game jury function, by extend-
ing and operationalizing the original, and evaluating the resulting function over extensive, realistic,
high-stakes discourse. We differ from prior work in two key ways. First, we extend the ME jury
function by providing a parallel framing that directly incorporates Gricean maxims and proposing
a commitment-based taxonomy that captures finer-grained effects of discourse moves. Second, to
our knowledge, this is the first study to apply such theories of strategic communication to extensive,
realistic strategic dialogue, specifically, courtroom cross-examinations, where cooperation cannot
be assumed and strategic language carries high real-world stakes.

3.3 Evaluation of LLMs’ Pragmatic Abilities

Previous work has examined the pragmatic abilities of LLMsE] through the lens of Gricean maxims,
humor, and deception in curated contexts (Hu et al.,[2023}; |Krause and Vossen, 2024)). Other studies
have investigated strategic language use in games such as Werewolf (Xu et al., 2023, Avalon (Light
et al., [2023)), and Diplomacy (FAIR et al., 2022). Additionally, researchers have explored ways to
improve LLMs’ ability to win through strategic interaction using prompt engineering (Xu et al.,
2023)), Theory of Mind (ToM) modeling (Lore and Heydari, 2024; Zhang et al., 2025)), and fine-
tuning (FAIR et al.,[2022)). However, these works often focus on idealized or low-stakes scenarios,
and there has been very little work investigating the strategic use of language in realistic contexts.
One example is [Ferracane et al.| (2021)), which examines the subjectivity involved in identifying
non-sincere moves in congressional hearings.

In our work, we apply our theoretically grounded framework to the study of LLMs’ pragmatic
understanding. Unlike prior research emphasizing downstream reasoning or task performance, our
focus is on discourse understanding, a foundational layer necessary for meaningful strategic reason-
ing and evaluation of cooperativity.

4. SDA: Strategic Dialogue Assessment

Having introduced how non-cooperativity and strategic effects of discourse moves are approached in
different frameworks, we now explore two directions: (a) While still drawing on insights from the

10. Note that we do not mean that this alone forms or determines the winning condition of a game, but rather it is a
foundation for it. The current paper does not aim to model precisely whether a player wins. Instead, it follows the
spirit of the jury function, which scores the individual contributions of players but does not, by itself, determine
the winning conditions. Our focus is on approximating utilities that the jury function would give for players rather
than providing an exact method for predicting outcomes, though the former is a necessary step toward the latter.
For example, as we show in our intrinsic evaluation in section[7] the strategic effects we measure are predictive of
outcomes but do not correctly predict every single case. For a detailed discussion of the formalization of winning
conditions, we refer interested readers to section 4 of |Asher et al.|(2017)).

11. We refer interested readers toMa et al.|(2025) for a systematic review of the broad topic of LLM pragmatics.
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ME Game formulation of the jury function, we consider the possibility of incorporating Gricean
maxims, which remain relevant for understanding goal realization in adversarial discourse and
widely assumed in game-theoretic frameworks (Franke, 2009; Goodman and Stuhlmiiller, 2013)),
as an alternative way of framing the jury functioan] (b) We also explore potential solutions to the
problem of estimating the constructs introduced by the jury function, and we attempt to capture the
finer-grained effects of discourse moves observed in dialogues like that in (2). By doing so, we
aim to relate theory to real-world discourse and to provide a well-motivated approach to evaluating
LLMs’ pragmatic ability to recognize strategic effects of language.

Before turning to how we approach these two matters, we present the following dialogue (fur-
ther analysed in Figure [2)) to illustrate the components required to capture the strategic effects of
language, and discuss which key assumptions and intuitions are (and are not) captured by existing
approaches (e.g., ME Games). The dialogue is between the prosecutor (P) and Richard Ofshe (RO),
as discussed previously. For ease of reference, we number RO’s responses. The central issue here is
whether the police interrogation was coercive rather than routine, a distinction that matters because
coercion would undermine the reliability or admissibility of the defendant’s statements. Within this
exchange, the defense expert seeks to sustain the claim that the questioning exerted improper pres-
sure, while the prosecutor aims to reframe the officers’ conduct, such as asking leading questions,
as standard practice and therefore does not amount to coercion.

(3) P: [...]In what you term or what you find in there coercive [...]?
RO: [...] The questions were very directly specifying what the answers should be. uttl

P: Did you find anything in the statement [...] to indicate that the officers gave him the
information about which boy was castrated?

RO: In their statements? Perhaps there is no such record. utt2
P: Ok, you also talked to Mr. Smith for three hours?

RO: No. I talked with him for the length of time it took to produce the transcript here. utt3
P: [...] what coercive tactics do you allege that the police made in this case — or did? .

RO: In order to answer your question, first I need to break the interrogation down [...] so
that I can cut out parts of it and focus on a particular part. uttd

To quantify the strategic effects of these responses, we in fact evaluate what commitments RO
makes (section , and whether those commitments are meaningful, i.e., interpretable w.r.t. the
prosecutor’s questions (section .2)). Crucially, such meaningful commitments can carry different
strategic values, depending both on their content (section4.3)) and on how they are realized (section
[.4) in discourse. We elaborate the details in the following sections [4.1}4.4]

This can be seen by comparing RO’s responses across turns. In uttl, RO makes a direct and
relevant commitment that characterizes the questioning as coercive; the content of this commitment

12. Though we do not regard this as determinative, we do think that an advantage of using Gricean maxims in the
discourse model is that they provide a relatively conservative and widely accepted account of how contextual meaning
is derived (Grice’s analysis of implicatures). By contrast, models that distance themselves from Gricean maxims
must rely on alternative and somewhat less widely accepted mechanisms to fulfill this role, an SDRT-like notion of
coherence in the case of ME Games. It is important to recognize that the present work does not assume Gricean
cooperativity, but instead uses Gricean maxims to study levels of cooperative or pseudo-cooperative behavior in
adversarial settings.
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supports his expert testimony and is therefore strategically BENEFICIAL . In utt2, RO’s response
concedes (at least defeasibly) that there may be no record indicating that officers supplied the rele-
vant information—a concession that is strategically DETRIMENTAL for RO given the prosecutor’s
line of attack. However, this detrimental content is conveyed with hedging (‘“Perhaps”), which
weakens the speaker’s apparent commitment strength and can partially mitigate the loss by reduc-
ing the perceived reliability and explicitness of the concession. Utt3 has strategically NEUTRAL
content: RO corrects an overgeneralization about the duration of the interview, which does not di-
rectly advance either side’s central claim about coercion. Still, the manner of the correction may
read as evasive, potentially incurring a credibility cost despite addressing the question. Finally,
utt4 does not provide an answer to the prosecutor’s question at all; instead it postpones engage-
ment by proposing a reformulation of the task, thereby failing to introduce any commitment whose
content addresses the current question ( NONE ) and incurring a strategic penalty despite offering
information that may be relevant at a later stage.

These contrasts highlight three recurring dimensions of strategic evaluation. First, a response
may yield an immediate benefit or penalty by advancing or undermining the speaker’s goals through
the content of the commitment it introduces. Second, this effect may be modulated by credibility,
as it is plausible that commitments conveyed indirectly or in violation of conversational expecta-
tions often have weaker strategic impact, a dependence also reflected in the ME jury function via
P (Good;). We formalize these intuitions in section by defining turn-level benefits ( BAT ), and
turn-level penalties (PAT ). Third, because benefits and penalties accrue over turns, a speaker’s
overall strategic position depends on the cumulative balance between gains and losses. This is
formalized as the normalized cumulative difference over the course of the dialogue (NRBAT ).

4.1 Discourse as commitment-making process

A classical game-theoretic view of communication holds that language is not evaluated purely in
truth-conditional terms; rather, it is viewed as a form of action. Like ME Games, we adopt the
perspective that discourse is a process of making commitments (Walton and Krabbel [1995; |[Farkas
and Brucel 2010; |Asher et al., 2017). As|Asher et al.|(2017) put it:

Crucially, some, perhaps most, of these [conversational] objectives involve commit-
ments to contents, which are the conventional meanings and contextually derived im-
plicatures of the utterances of the conversation. (p. 359)

This implies at least two things: (1) discourse goals are achieved through the act of making commit-
ments, and (2) more specifically, they are achieved through commitments to contents—encompassing
both conventional meaning and contextually derived meaning. Fundamentally, then, the jury func-
tion measures the effects of the contents of commitments.

4.2 Tying Goal Realization via Questions Under Discussion (QUD)

As noted above, discourse is a process of making commitments to achieve goals. Hence what
we want to quantify concerns how successfully a speaker advances their own goals through such
commitments. To achieve their goals, there are many possible commitments a speaker could make.
However, these are not selected randomly or arbitrarily; rather, we observe particular, organized
moves that are interpretable with respect to those goals. This requires some mediating principle
that links individual commitments to broader discourse goals. Different accounts provide such a
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principle. In the ME Game jury function, goal advancement is tied to the presence of coherence
relations, since coherence connects discourse structure to the goals of a text. Another option is
to ground the link in the notion of Questions Under Discussion (QUD) which can be seen as a
development of the notion of relevance (Roberts (1996, 2012; for overviews, see |Velleman and
Beaveri[2016; Beaver et al|[2017). Because the current paper focuses on a type of text in which
one interlocutor primarily asks questions and the other provides answers, it is natural to use the
QUD framework, which views all discourse as consisting (at least implicitly) of Q/A pairs. That
said, other approaches, including coherence-based accounts, remain viable alternatives, and our
choice here partly reflects both the genre of discourse and our own areas of expertise, rather than a
particular piece of evidence favoring one framework over another.

In QUD-based accounts (Roberts|2012; |Ginzburg|2012)), utterances that fail to engage the cur-
rent QUD are treated as non sequiturs in the sense that they cannot straightforwardly be integrated
into the discourse structureE] While such utterances may still provide information in general, they
do not commit to the ongoing discourse goals and therefore do not function as satisfactory strategies
for advancing them (i.e., they do not maximize joint utility). QUDs thus tie discourse moves to dis-
course goals: only moves that address the current QUD count as contributions to goal realization,
whether via conventional meaning or contextually derived implicatures.

4.3 Evaluating the Contents of Commitments

We now turn to how commitments are linked to discourse goals through QUDs, specifying more
precisely what makes a commitment meaningful—namely, that it is interpretable relative to the
current QUD. The jury function does not simply check whether a commitment has been made;
rather, it evaluates the effects of the specific content to which the speaker commits. As illustrated
in example (2), different commitments that address the QUD can advance the speaker’s goals in
different ways.

A Taxonomy of commitment effects In our system, the strategic benefits are rooted in the con-
tents of the commitments, whether literal or implicated, that a speaker makes. Crucially, whether
a meaningful commitment is strategically beneficial depends on the current QUD For example,
when the QUD is “Are you taking any medication?” in the context of testing the witness’ mental
stability, a positive commitment such as “Yes, sir” may undermine the witness’s goal of maintain-
ing credibility, while a negative commitment may support it. In addition, when the QUD is “What
is your name?”—as a confirmation question to establish that the witness is the correct person to
testify—a commitment such as established by the response “Mary” may carry no remarkable strate-
gic gain or loss.

Following this logic, we propose that a commitment ((COMMIT ), relative to the current QUD, be
classified as BENEFICIAL , DETRIMENTAL , NEUTRAL (or impartial), or NONE (i.e., no mean-

13. Failing to address the current QUD is not necessarily strategically ineffective and may serve other functions at a more
global level. In this paper, however, our focus and annotations are intentionally local: the effects we measure are
defined at the turn level, and we do not extend our claims beyond this level of analysis. We discuss the implications
and limitations of this choice in more detail in section

14. We claim that utterances are interpreted relative to the current QUD, but we do not assume that this QUD exists in
isolation (e.g., the medication question is situated in a larger question of what happened in the court (rather than in
the hospital)). Rather, the current QUD is part of a broader discourse structure (e.g., a hierarchy of questions that
defines the context of the interaction). Our annotation scheme therefore conditions labels on the locally active QUD
without denying the role of higher-level discourse organization.
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TURN 'TURN]
Q: And in what you term or what you find in there coercive [...]? Q: Ok, you also talked to Mr. Smith for three hours?
A: [...]The questions were very directly specifying what the answers A: No. I talked with him for the length of time it took to produce the
- should be. ¥ transcript here.
Commit: BENEFICIAL Bal =1 Pal =0 NRBal = 1.34 Commit: NEUTRAL BaT = 0.5 Pal = 0.2 NRBaT = —1.92
REL=0 MAN=0 QUAL =0 CONST =0 REL=0 MAN =04 QUAL =0 CONST =0
Q: Did you find anything in the statement [...] to indicate that the %S[ééﬂ(“\;l}ajrc(ﬁfgwe tactics do you allege that the police made in
officers gave him the information about which boy was castrated? — —
A: In order to answer your question, first I need to break the
E AT e Siatem e ts? Peraps there 5o suchirecord bt imerrggalinn down[...Jso that I can cut out parts of it and focus on
" . : RS a particular part.
Commit: DETRIMENTAL BaT = 0.4 PaT =1 NRBal = 1.12 Commit: NONE Bal =0 PaT =0.5 NRBal = —0.61
REL=0 MAN =04 QUAL =0 CONST =0 REL=0.4 MAN=04 QUAL =0 CONST =0

Figure 2: Examples of different commitment types and the corresponding values of PaT, BaT, and
NRBaT

ingful commitment) according their effects on the discourse goals. Figure [2] illustrates these cat-
egories with examples from real cross-examinations. With this taxonomy, we can now capture
finer-grained distinctions among the commitments in (I{2). Admissions such as being rejected as
an expert in another court, or acknowledging that the police did not display behaviors typical of
coercion, count as DETRIMENTAL . By contrast, statements such as not having been refused recog-
nition as an expert by the state, or pointing out that the police asked misleading questions, count as
BENEFICIAL .

We note that this taxonomy can also be applied to the original coherence-based ME jury function
in order to capture finer-grained effects, as we have done here. Specifically, one can assume that the
absence of a coherence relation functions like NONE in our categorization: it ties discourse moves
to discourse goals, while still allowing for distinctions in the effects of coherent moves. We view this
as a promising direction for those interested in a coherence-based approach, though the literature
also notes practical obstacles in annotating coherence relations compared to Gricean maxims (Hoek
and Scholman, 2017; |Alkorta et al., 2019; Sanders et al., [2021}; |Panzeri and Foppolol 2021).

To summarize, we have presented one way of modeling how a dialogue is formed and inter-
preted, drawing on Grice’s analysis of implicatures together with QUD-based discourse structure.
More importantly, we have introduced a taxonomy that links each linguistic move to its contribution
to the speaker’s overarching goals.

4.4 Coping with Partially Observable Terms

Having settled how the foundational commitment effects are determined, we now turn to other terms
that modify them, namely, Pj,(Good; ), win;(k), and CONS according to Eq[I] These three terms de-
scribe, respectively: how reliable a commitment is, whether the commitment eliminates winning
potential, and whether the commitment contradicts previous commitments. They model the extent
to which the commitment effects should be preserved. For example, if a beneficial commitment is
unreliable, the benefits the speaker gains should be proportional to the speaker’s credibility. If a
detrimental move eliminates all possible winning paths, then no further benefits will be awarded.
Similarly, if a commitment contradicts a prior beneficial one, the benefits gained from the latter
should be retracted. Of the three, consistency is straightforward and requires no further specifi-
cation, whereas the concept of credibility and winning potential are not directly observable from
discourse alone. In our treatment, we approximate a speaker’s credibility through violations of

17



ZHENG, L1 AND BEAVER

Gricean maxims, while leaving the modeling of winning potential aside. The win function distin-
guishes moves that automatically lead to loss from those that do not, and we are not aware of any
way of identifying this property, at least in our dataset. There would be further challenges if these
partially observable terms were to be incorporated in our model directly, as we discuss in section 9}

Approximating P;(Good;) Violations of max-
ims are assumed to link to the speaker’s credi-

Context: A previous witness testified that she saw the

blllty, typlcally Causing a decrease in credibil- current witness and his girlfriend on a road relevant to
. . . the case. The cross-examiner is interrogating the current
ity (Shuy, {1998 Ginzburg, 2012)). Consider witness:
an example from a cross-examination in Fig- 1 —
...t What’s your girlfriend’s name?
ure [3| The prosecutor presses the defendant to ‘
name his girlfriend, perhaps to put the infor- N Mary Smith.

mation on the record, or to distract him. We "A2 " She goes by Mary Smith. |
present three alternative answers. All three op- ; -
. . ) 'A3 Tknow her as Mary.
tions are classified as neutral commitments, yet ‘

the final effects they produce differ. The two
alternatives that violate maxims—such as those
of manner and relevance—can be perceived as
less credible, thereby appearing diminished in
effect compared to commitments that involve
no violations[?]

We note that maxim violations do not con-
stitute the only factors influencing the interlocutor’s credibility distribution, but they provide ob-
servable cues that feed into credibility assessments. In addition, they describe how a meaningful
commitment is realized, distinguishing explicit commitment-making from implicit commitment-
making via implicatures. In this respect, maxim violations play a role analogous to Py (Good;) in
the original function: they modulate the base effects (from the contents of the commitment) by af-
fecting the perceived reliability of the commitment. Accordingly, we decompose the function from
speakers to their credibility distributions into violations of relevance, manner, and qualityE] When
no maxim is violated, the speaker appears to be cooperative (Levinson|2000; [Horn|2006)), which
can serve as a strategy to minimize the loss due to credibility.

Figure 3: An example illustrating the role of vi-
olations of maxims as diminishing the
reliability (thus also the effect size) of
the commitment.

4.5 Underlying Elements of SDA

Up to this point, we have provided a way to incorporate Gricean maxims into the jury function,
in parallel to the ME Game formulation; to capture the finer-grained effects of discourse moves;
and to develop a more estimable account of the constructs introduced by the jury function. We call
our approach Strategic Dialogue Assessment (SDA), and now elaborate on its scoring mechanism,
our variant of the ME Games jury function. We locate base strategic value primarily in the im-

15. That said, commitments that violate maxims are perceived as weaker versions of their type: less beneficial, or less
detrimental than comparable commitments without violations.

16. One might ask why we still retain CONS later, given its apparent overlap with the maxim of quality. We keep CONS
because it targets overt self-contradictions, whereas credibility assessments (reflected in Px(Good;)) capture subtler
forms of epistemic doubt. In this proposal, we treat violations of the maxim of quality as gradable. This is motivated
by practical concerns: in real-world discourse, truth is often not directly accessible, and what we can observe are
degrees of deception or implausibility rather than categorical falsehoods. For the same reason, we conflate the
maxims of quality and quantity, treating both as contributing to the hearer’s plausibility assessment.
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pact of commitment contents on discourse goals. Based on their effect on the speaker’s goals, we
categorize commitments ((COMMIT ) into four types with different assigned values: BENEFICIAL ,
DETRIMENTAL , NEUTRAL (or impartial), and NONE .

In addition, we replace Py(Good;) with penalizing/rescuing terms based on violations of the
Gricean maxims of relevance, manner, and quality. Specifically, violations of relevance ((REL )
and manner ( MAN ) are treated as multiplicative terms (see Eq. When a witness makes a ben-
eficial/neutral commitment in an irrelevant or unclear statement, the strategic gain is diminished
compared to a response that is relevant and clear. Detrimental commitments conveyed through im-
plicature are penalized less severely, since they avoid explicitly harming the speaker’s interests. In
such cases, the indirectness provides some strategic compensationm Truthfulness (quality; |QUAL |)
is also modeled as a multiplicative factor (see Eq[3), capturing whether the speaker is still perceived
as trustworthy and sincere from prior turns. Together, these refinements extend and decompose
(COH, (k) + RES;(k)) x Pr(Good;) into interpretable discourse properties: commitments and vio-
lations of the Gricean maxims.

Finally, we maintain a constraint on consistency ((CONST ), which reflects a key pragmatic
pressure: speakers generally avoid inconsistent commitments, even if doing so requires conceding
harmful facts or adopting strategically ambiguous responses. This pressure is further reinforced
in legal settings by the potential availability of impeachment, which targets inconsistencies in a
witness’s statements. Unlike |Asher et al| (2017)), however, we do not assume that inconsistency
leads to a total collapse in strategic standing or nullifies future benefits. Instead, we treat inconsis-
tency as a strong, but not absolute, penalty that significantly reduces the value of current strategic
gains. This models the intuition that inconsistency undermines the reliability of prior contributions.
Taken together— COMMIT , maxim violations, and consistency—these are the factors that we take
to contribute to the overall effect of a commitment.

As should be clear, while our approach is heavily inspired by the ME Game jury function, we
do not directly reproduce it. Instead, we incorporate elements such as QUDs and Gricean maxims,
which provide a better adaptation for the type of discourse we analyze and offer a relatively es-
timable way to model speaker credibility. We leave it open whether future research could develop
an even tighter connection to the original ME Game formulation.

PaT, BaT and NRBaT We define a value assignment function for commitments f., which maps
the commitment C; at turn ¢ to a corresponding score. For simplicity, we assign a value of 1 to
beneficial commitments and —1 to detrimental ones. Neutral commitments are treated as carrying
a weak positive benefit, while the absence of meaningful commitment is treated as a penalty, re-
flecting the pragmatic pressure that commitments should address the current QUD in order to be
interpreted as contributing to discourse goals. Since this requirement concerns whether a commit-
ment is meaningful—that is, capable of contributing to discourse goals—rather than being a direct
contributor to discourse goals itself, we treat its effects as weaker than those of beneficial or detri-
mental commitments:

1 if C; = BENEFICIAL
_ 0.5 if C; = NEUTRAL
JelC) =9 _o5 it C; = NONE @

-1 if C; = DETRIMENTAL

17. Note that such compensation does not apply to NONE , as no meaningful (i.e., interpretable) commitment is made in
the first place (e.g., when the response has strongly violated relevance and/or manner).
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Thus, the Benefit at Turn 7 ( BAT; and the Penalty at Turn ¢ ((PAT; ) can be computed as

( f.(C;),if C; € { BENEFICIAL , NEUTRAL }
BaT; — fe(Cy) X (Rel; + Man; + Qual,), 3)
if C; = DETRIMENTAL

0, otherwise

| fe(C;)| + Const; x 22:1 BaT},
o if C; € { DETRIMENTAL , NONE }
PaTi =9 1£.(Co)] % (Rel; + Man; + Qual,) “)

+ Const; x »_%_, BaT}, otherwise

\

In addition, we define the Normalized Relative Benefit at Turn ¢ (NRBAT; ) to capture the
cumulative, normalized relative benefits across discourse:

NRBaT; = Z [ > BaT, | — Z | ) _PaT; (5)
j=1 j=1

This formulation computes the cumulative sums of BaT and PaT and applies a z-score normaliza-
tion to these sums to ensure comparability between gains and penalties. The difference between the
normalized BaT and normalized PaT at turn ¢ provides an estimate of the overall strategic value ac-
cumulated over the discourse up to that turn. To avoid confusion, we note that the cumulative score
aggregates local strategic effects under the assumption that immediate commitments and credibility
shifts matter incrementally. However, it is not intended to capture long-horizon strategic planning
or delayed traps, that is, moves for which the strategic benefit only materializes later. Capturing
delayed strategic payoffs would require explicit modeling of goal hierarchies and future contingen-
cies, which lies beyond the scope of the present work. Figure [2| presents the corresponding values
of our metrics for an adapted snippet from a real cross-examination, with a detailed example of the
calculation provided in Appendix |Cl We accept, of course, that the particular numeric values we
used in the above definitions of scoring functions are theoretically somewhat arbitrary. We leave
open whether in future work (a) a ranking method could be used that obviates the need to spec-
ify particular numeric values, or (b) a learning procedure or theoretical argument could be used to
identify appropriate numeric values.

5. Human Annotations on CPD

18. A weighted sum is in theory possible with this equation; however, since we are interested in measuring correlation
rather than absolute values, we leave this for future work. There are many ways to combine commitment types
and violations of dialog conventions into a scalar score, and learning a function directly from outcomes can be an
alternative. However, instead of relying on theoretically identified discourse properties, a fully learned function could
obscure these distinctions by collapsing multiple pragmatic factors into uninterpretable weights. Exploring hybrid
approaches that combine theoretical structure with learned parameters is an important direction for future work.

19. While our computation treats violations as binary labels (presence or absence), our annotation process used a finer-
grained 4-point scale. In this scale, scores of 1-2 were treated as absence (no violation or borderline cases), while
scores of 3—4 were treated as presence (clear and strong violations). This finer scale was used to reduce potential
ambiguity introduced by forcing annotators to make binary choices during labeling, before collapsing the labels into
a binary form for computation.
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To empirically evaluate our framework and as-
sess LLMs’ pragmatic abilities, we conduct hu-
man annotations on our dataset CPD. By ap-
plying SDA to CPD, we reveal that the identi-
fied discourse properties and the derived met-
rics in fact capture how non-cooperative dis-
course differs from its cooperative counterpart
and we validate the strategic effects measured
by the function are meaningful via an outcome
prediction task.

Human Annotations We conduct human an-
notation on a subset of our dataset, covering
approximately 200 turns per side per trial, for
a total of around 800 turns. We recruit three
annotators with relevant linguistic expertise (a
journalist and two linguistics students) via Up-
work, offering a pay rate of $20 per hour. The

Figure 4: Annotation

Context Presented to Annotators

Witness’s role: Damon is the suspect of the caseg

Current Question: :Are you taking medication at this lime?g

Current Response: :Yes

Q1: Which of the following commitment types can best describe
: the current response? i

DETRIMENTAL: :BENEFICIAL; NEUTRAL: iNONE:

Q2-4: To what extent does the response violate Gricean Maxims?

ENoViolationé EBorderlineé Clear

i Q5: Does this response contradict withi
i any of the witness’s prior st

i Q6: Which side is more likely to win
i in the current conversation?

Q7: Which of the following can best describe what your decision
i is based on?

Logical Arguments ECredibilityE Personal Emotions

schema (guideline in

Appx.[G).

annotators first complete a pilot set to familiarize themselves with our annotation framework, fol-
lowed by a shared aggregated set consisting of a complete cross-examination (of around 150 turns).
Given that reliable inter-annotator agreement is seen within this shared set, we proceed with them
to annotate separate cases across different trials, balancing resource limitations with the goal of

achieving broad dataset coverage.

Figure[d]illustrates the annotation task. An-
notators read through a cross-examination dia-
logue in temporal order. For each turn, they are
presented with background information (e.g.,
the witness’s role) and the current Q/A pair.
They are then asked to evaluate the response
along three dimensions: type of commitment,
violation of each of the Gricean maxims, and
consistency (see our protocols in Appendix [G).
Additionally, we elicit annotations on more ba-
sic and widely used indicators of strategic be-
havior, such as outcome judgments (Duan et al.,
2024) and the underlying reasons for those
outcomes following |Lukin et al.| (2017); Rapp

Table 2: Inter-annotator agreement statistics.

Metric-level agreement

BAT (Spearman’s p) 0.65
PAT (Spearman’s p) 0.66
NRBAT ((Spearman’s p) 0.83
COMMIT |(Fleiss’ k) 0.59
REL (Randolph’s k) 0.72
MAN (Randolph’s k) 0.52
QUAL (Randolph’s k) 0.86
CONST (avg. TPR) 25%
Outcome-level agreement
Outcome decision (Fleiss’s k) 0.29
Jaccard similarity (avg. reasons)  0.46
Complete agreement on reasons  29%

(2023)); [ Xu et al.|(2024), which serve as a testbed for evaluating the applicability of our framework.

We find that annotators exhibit high agreemen on our metrics, while other metrics such as
outcomes are much more subjective. We assess inter-annotator agreement using several metrics.
For BaT, PaT, and NRBaT, we report Spearman’s p values. For the subcategories, we use Fleiss’ &

20. We note that there is no universally agreed threshold for “good” inter-annotator agreement in pragmatics annotation.
However, prior work in discourse and pragmatics typically treats x = 0.5-0.7 as reasonable, given the inherently
interpretive nature of the task (Artstein and Poesio} [2008; [Hoek and Scholmanl [2017).
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to measure agreement on commitment types, and Randolph’s ﬁEr]to evaluate violations of relevance,
manner, and quality. For consistency, we report the average true positive rateEZ] Finally, for outcome
decisions we use Fleiss’ /<a and we additionally examine the overlap in annotators’ rationales
using Jaccard similarity and the proportion of cases with complete agreement. We highlight here
that annotator agreement is consistently higher for our metrics and discourse properties than for
conversational outcomes.

6. Non-cooperative and Cooperative Discourses Are Asymmetric

Criminal trials offer a convenient setting in which to distinguish cooperative from non-cooperative
discourse. In direct examination, a lawyer questions their own witness; here the lawyer’s and wit-
ness’s goals can be taken to be aligned, so the exchange is cooperative. In cross-examination, by
contrast, a lawyer questions the opposing side’s witness; here the goals are non-aligned, so the ex-
change is non-cooperative. Comparing these two types of examination, we find an asymmetry in
the strategic effects that discourse moves convey.
Figure [5] shows the frequencies of differ-
ent commitment types and maxim violations in

Commitment Value Manner Rate
both settings. Control discourse (the blue bars) 500
rarely involves detrimental commitments or vi- -
olations of maxims, whereas non-cooperative “ B | T i -
discourse (the reddish bars) exhibits a higher o MM Bo= e : -
frequency of both phenomena. B o e T e 0T e

Our next observation is that even within S  Quality Rate Relevance Rate

non-cooperative discourse, the occurrence of o
maxim violations is remarkably lower than o I i
that of maxim maintenance, suggesting that 100 o=
violations alone may not sufficiently capture °v°\3@oe o o o W o\; o
the strategies used in non-cooperative dis- e ot o

. K . Rating Label
course. By 1ncorp0rat1ng the commitment tax-

onomy, SDA more accurately represents non-

cooperative discourse and allows for more nu-

anced interpretations of violations, for instance, Figure 5: Distribution of Gricean maxim ratings
as loss minimization or benefit retrieval strate- and commitment types across trials
gies.

Having seen that when comparing cooperative and noncooperative dialogue there are differ-
ences both in frequencies of different commitment types, and in frequencies of maxim violations,
we now show that SDA metrics (i.e., BaT, and PaT), like the underlying local discourse proper-
ties, also distinguish cooperative from non-cooperative discourse. As illustrated in Figure [6] we
use the z-scored difference between PaT and BaT at each turn to capture net move benefit (with
NRBaT representing the cumulative counterpart). The results show that control discourse primarily

Group H Control B ENRON N SIMPSON I WMT

21. Randolph’s « (Randolph}2005) is used for maxim violations because their label distribution is usually highly skewed
(see also Figure[5).

22. Inconsistencies are rare and typically signal obvious lying, so we report only the average true positive rate.

23. We note that our multiple regression analysis predicts outcomes on a per-annotator basis, so the observed disagree-
ment on outcome among annotators does not contradict the good predictive power of our metrics.
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exhibits benefits (i.e., more likely to win), while the non-cooperative counterpart displays a wider
distribution, highlighting the inherent tension created by the need to appear cooperative during an
inherently adversarial interaction.

Before moving on, we must note a limitation
of the above results, namely that our comparison ™ f
between cross-examination and direct examination |
(i.e., control) conversations is based on a single /
witness for whom we collected both transcripts. & A J
For all other cases, we annotated only the cross- o L =B ;
examinations, which explains the disparity in the piference. Ba_Pat_score (2-score Range)
number of examples across the two discourse types.
Since our primary interest lies in non-cooperative
discourse rather than in providing a systematic
overview of discourse typology, this single instance
of direct examination serves as a sufficient con-
trastive baseline. Moreover, given the time-intensive
nature of the annotation task,we chose to concentrate
our efforts on cross-examinations. Accordingly, the
results of this comparison should be viewed as il-
lustrative rather than conclusive: they highlight po-
tential contrasts between discourse types, but more
extensive data gathered in future work would be
needed to establish firm generalizations. However, even absent data from a large sample, we feel the
differences between cooperative and non-cooperative discourse we have discussed in this section

provide an important proof-of-concept for the general approach we have adopted, demonstrating
how such an approach can be used to distinguish different types of discourse.

Density (%)

Source [ Cross [l Direct

Figure 6: Distribution of net move ben-
efit (PaT-BaT, z-scored) across
discourse types. Control (coop-
erative) discourse concentrates
around high benefit values,
while cross-examination (non-
cooperative) discourse shows a
wider spread, reflecting greater
variability and tension between
gains and losses.

7. Intrinsic Evaluation

SDA offers a way to integrate Gricean maxims and commitment-based taxonomy into the original
ME Game jury function, with the goal of modeling the strategic effects conveyed by a discourse
move. We have provided justification for our pragmatic choices, arguing that our treatment offers a
practical and valid extension of the original ME Game jury function. In this section, we complement
that with empirical evidence from human annotations, demonstrating that our framework is well-
suited to capturing the dynamics of real-world discourse.

We present our findings from three perspectives. (1) Similar to the original jury function, which
could point toward the outcome of a game, our modified metrics are also predictive of conversa-
tional outcomes. This suggests that our modifications preserve key insights from the original func-
tion regarding how utterances contribute to outcomes (i.e., the realization of discourse goals). (2)
Conditioning on different reasons for outcome judgments, we show that our metrics better capture
the objective components of decision-making. (3) Compared to existing methods for quantifying
strategic language understanding of LLMs—such as the NRA (Normalized Relative Advantage)
proposed by [Duan et al.| (2024)—our metrics show greater robustness to subjectivity among anno-
tators.

23



ZHENG, L1 AND BEAVER

7.1 PaT and BaT are Effective Predictors of Individual Annotations of Outcome

In theory, the jury function evalu-

ates the strategic gains and losses of Table 3: LR summary (BaT+PaT — outcome)
each turn, which collectively contribute  pegicior 8 SE  OR  95%CT »

to, though not completely determine, BaT 147 034 433 [080.2.15] <001

the overall outcome of the discourse. PaT —1.77 0.35 0.17 [-246,-1.09] <.001

Therefore, our proposed metrics, de-  arodel fir

signed as an operationalizable approx- AIC=332.9 (cf. intercept-only = 419)

. . . . Tjur’s R2=0.28; Accuracy = 74.6%; AUC = 0.80 [0.75, 0.85], p < .0001
imation of the ME Game jury function,

should also exhibit predictive power for
conversational outcomes. We note that
outcome judgments are inherently subjective and annotators often disagree, but they are not arbi-
trary: each annotator’s judgments are systematically shaped by the discourse properties our metrics
capture. Thus, the point of prediction is not to recover a single ground truth outcome, but to validate
that our metrics track the factors that drive human reasoning about outcomes. To empirically vali-
date this point, we conduct a basic regression analysis on our annotation data. We emphasize that
this evaluation is non-trivial, as no prior work has empirically demonstrated that the theoretically
identified formulation in the ME Game jury function necessarily reflects the achievement of conver-
sational goals in extensive real discourse data. We conduct a multiple logistic regression analysis
to predict each annotator’s outcome judgment at each turn, using the corresponding BaT and PaT
scores as independent variables.

The overall model was statistically significant and demonstrated good fit to the data. BaT was
a significant positive predictor, and PaT was a significant negative predictor. The model correctly
classified 74.6% of cases, with an AUC of 0.80, indicating BaT and PaT have good discriminative
ability in outcome prediction. We validated the robustness of our logistic regression results using a
non-parametric bootstrap procedure with 1000 resamples.

Given that one of our purposes later is to evaluate LLMs’ intrinsic ability to understand strate-
gic language, we also experimented with LLM-as-judge (zero-shot) and found that even the best-
performing model (AUC = 0.68) is outperformed by predictions based on our metrics (see detailed
scores in Appx. Table [5). This indicates that the intrinsic ability of LLMs to understand the utter-
ances and their effects on outcome is less effective than when assessed through SDA metrics. While
we expect there are ways to improve LLMs’ performance on this task (e.g., through fine-tuning us-
ing our metrics), outcome prediction is not our primary focus. Rather than attempting to optimize
performance on this task, we use it solely as a means of validating our proposal and its role as an
evaluation metric for LLM benchmarking.

Bootstrap (1,000 resamples)
BaT: 95% CI = [0.69, 2.15]; PaT: 95% CI = [-2.58, -1.05]

7.2 SDA Captures Objective Aspects of Outcome Judgments

Our metrics reflect decision-making driven by what can reasonably be thought of as objective rea-
sons, such as logical argumentation and certain aspects of credibility building, but not personal emo-
tionsFE] a witness’s admission of taking medication may objectively raise concerns about their men-
tal state—an inference grounded in logical reasoning. In contrast, discrediting a witness solely be-

24. Note that the distinction between categories logical argumentation, credibility building and emotional, as well as
corresponding explanations for each category, are drawn from |Xu et al.|(2024). To exemplify how we apply these
distinctions,
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cause they do not attend church, as might occur with a biased juror, reflects a subjective and emotion-
ally driven judgment. We fit two separate multiple logistic regression models: one conditioned on
outcome decisions attributed to logical arguments and another on those influenced by personal emo-
tions. The results in Figure[/|show that the discriminative power of our metric increases significantly
when the reasons stated for the annotated outcome are logical arguments (p < .0001), but drops sub-
stantially when they are personal emotions (p < .05). These findings further corroborate that out-
come judgments are inherently subjective, whereas SDA metrics capture the more objective aspects
of outcome evaluation.

We note two important points based ROC Curve
on these results. (1) Our operationaliza-
tion of the ME Game jury function cap-
tures the contributions a speaker makes to-
ward realizing discourse goals, but it does
not determine the final outcome?] Ac-
cordingly, it is expected that the effects we
capture represent only a partial account of
how outcomes are decided. (2) While our
metrics are designed to be relatively objec-
tive, we acknowledge that some degree of
subjectivity remains, as indicated by lev-
els of inter-annotator agreement. For ex- 00 02 04 06 08 10
ample, annotators may differ in their in- False Positive Rate
terpretation of utterances and their effects
on the speaker’s goals, leading to differ- Figure 7: Model performances conditioned on different
ent assignments of commitment types to outcome reasons. B: baseline (i.e., without
the same utterance. Such variability is un- any conditions), L:.C.onditioned on logical argu-
avoidable, but our results suggest that our ments, and E: conditioned on personal emotions.
approach has minimized these subjective
elements sufficiently to serve as a reason-
ably objective and scalable evaluation method.

True Positive Rate

7.3 SDA Metrics Are Consistent

In the literature, there are other metrics that assess LLMs’ strategic understanding, but these have
been developed for competitive games with formal payoff structures rather than for real-world
discourse. One such metric is the Normalized Relative Advantage (NRA) introduced by [Duan
et al|(2024). NRA was designed to evaluate relative performance in settings such as poker and
auctions, providing a normalized measure of wins and losses between two agents. To the best
of our knowledge, it has not been previously applied to free discourse outside of a game set-
ting. Formally, NRA is defined as the difference between the cumulative number of wins for

25. For instance, even if a witness makes many detrimental moves (as in[1H2), the jury may interpret this as evidence that
the witness is less reliable or even “guilty” of certain activities. Yet the final outcome depends on many additional
factors, such as the presence of direct evidence of police coercion, or broader considerations of credibility and bias.
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Figure 9: Comparison of prompting techniques (GG: General guidelines; Few: Few-shot) on Qwen
and QwQ, which perform well in the zero-shot setting. Few-shot prompting provides
slight improvement, while Constitution prompting benefits PaT but harms BaT and NR-
BaT. All differences are minor (< 0.1), suggesting prompting has only a small or even
negligible impact.
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the witness and the questioner up to turn i, normalized by the total number of scoring events

o 1W1nw Z] lwmfl
(NRA; = Z i1 w1nw+z _, winj,
While both NRBaT and NRA aim to capture cumulative benefit over time, we observe

that NRA is more variable. Figure [§|illustrates
this in a sequence of annotations concerning
a line of questioning about medication. Com-
pared to NRBaT, NRA fluctuates more sharply,
particularly after turn 5. At that point, Annota-
tor A assigns more wins to the witness, Annota-
tor B fewer, and Annotator C none at all follow-
ing the witness’s admission to taking medica- Figure 8: NRBaT and NRA of three annotators
tion at turn 2—revealing an individual bias not across turns during a line of question-
shared by the others. Given the small number ing about medication

of annotators, we cannot draw definitive con-

clusions about NRA’s suitability for this task, and leave for future work the question of whether
NRA, or some refinement of it, has application to real-world text, following the approach of the
small study in this section.

-~ Anno.A
= Anno.B
Vi '-'-‘_ -+ Anno.C

-

NRBaT Score
NRA Score
o

0
-

8. Can LLMs Perceive Strategic Effects of Language?

We evaluate a set of strong LLMs (Table [)), and further examine how model size and reasoning
ability influence their perception of strategic dialogue. We use the same prompt provided to human
annotators in a zero-shot setup. To constrain the variability of model responses, we set the tempera-

26. We follow (2024), assigning a value of 1 for a win and O otherwise.
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ture to 0.1. We provide the prompt in Appendix [} We also experimented with different prompting
techniques, including few-shot prompting and providing general guidelines for how to interpret the
utterances, and found them largely leading to consistent results (see Figure [0). We emphasize that
the analyses in this section are exploratory. Our goal is to probe how current LLMs behave on strate-
gic cross-examination dialogue, rather than to make strong claims about their underlying reasoning
mechanisms.

8.1 Quantitative Analysis

We report agreement/correlation with human

annotations on [PAT|, 'BAT, [NRBAT| and Instruct-tuned Model Reasoning Variant
. (13 2 .
also scores on their “local” benefit estima- ~ ., ~ - GPTo3-mini
tion components (i.e., ([COMMIT|, [REL|, MAN , Gemini-2.5-Flash (OFF) Gemini-2.5-Flash (ON)
Qwen2.5-7B-Instruct DeepSeek-R1-Distill-Qwen-7B
QUALY, CONST) aggregated across all three LLaMA3.1-Instruct-8B DeepSeek-R1-Distill-LLaMA-8B

trials in Figure[I0] with detailed scores and sig-
. oy . Qwen2.5-32B-Instruct QwQ-32B
nificance levels for each trial in Appendlx LLaMA3.3-70B-Instruct  DeepSeek-R1-Distill-LLaMA-70B

Overall, LLMs show strong agreement with
humans in identifying violations of Gricean Table 4: Models Categorized by Size

maxims, with mean (denoted as p hereafter) and Reasoning Capability;
Randolph’s & scores of 0.80, 0.52, and 0.93 for Gemini-2.5-Flash (OFF) refers to
REL|, MAN, and |QUAL |, respectively. This gemini-2.5-flash-preview-05-20
aligns with prior findings (Hu et al., 2023) sug- with the thinking budget set to 0.

gesting that LLMs have a good pragmatic un-

derstanding of Gricean maxims. Another contributing factor may be the skewed distribution of
violations (see Figure[5)), which makes the task easier and inflates Randolph’s «. In contrast, LLMs
perform poorly on commitment type identification ((COMMIT (1 = 0.14)) and our strategic metrics
(BAT (1 = 0.23), |[PAT (1 = 0.13), and [NRBAT (1. = 0.27)) all of which lag behind human inter-
annotator agreement/correlation (see section[7). Another interesting finding is that most models fail
to reliably identify self-contradictory statements ( CONST ), whereas small models tend to achieve
higher true positive rates. However, due to the rarity of such cases in our dataset, we refrain from
drawing strong conclusions.

Model size matters We find that larger models (indicated by darker bars in Figure[I0) consistently
outperform their smaller counterparts (i.e., the lighter bars) on our BaT and PaT and in identifying
commitment types. Below, we report average effect sizes (Au) to quantify these differences, with
bootstrapped 95% confidence intervals (CI) for each metric; Bonferroni-corrected statistical sig-
nificance from a paired t-test is denoted with a (*): | BAT (Aup = 0.16%, 95% CI [0.06, 0.25)),
PAT (Ap = 0.12, 95% CI [0.04, 0.22]), and [€OMMIT|(Ap = 0.10%, 95% CI [0.05,0.15]). The
effects are inconsistent, though positive for INRBAT|(Ap = 0.08, 95% CI [—0.07,0.23]), even
when models exhibit improvements on BaT and PaT. This is because NRBaT is a cumulative mea-
sure that aggregates benefits across the entire discourse, making it less sensitive to the position of
individual moves. Errors in local benefit estimation can cancel each other out over the course of
the dialogue, which explains why models may sometimes exhibit low BaT and PaT scores but still
achieve high NRBaT values, or vice versa. Most models already perform well on violation iden-
tification, though we do observe that larger models tend to perform slightly better for example, on
MAN (Ap = 0.12%*,95% CI [0.06, 0.19)).
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Figure 10: Strategic metrics and agreement with humans across three trials. BaT, PaT, NRBaT:
Spearman’s p; Commit: Fleiss’ x; Relevance, Manner, Quality: Randolph’s x; Consis-
tency: true positive rate. (/N.B., Inconsistencies do not occur in every trial; when there
are no inconsistent utterances, the true positive rate is naturally 0.)
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Reasoning (CoT) does not help with our metrics Models equipped with explicit reasoning
mechanisms (i.e., the bars to the right of the dashed line in Figure do not consistently improve
performance and, in some cases, perform worse than their non-reasoning counterparts (i.e., bars to
the left of the dashed line in the same color). This is particularly evident in |[PAT (Ap = —0.10%,
95% CI [—0.18,—0.04]), and is also observed in | BAT (Aux = —0.03, 95% CI [—0.11,0.04])
NRBAT (Ap = —0.09,95% CI [—0.22, 0.03]), and [€OMMIT (A = —0.02,95% CI [-0.07, 0.02])
across most models, with the exception of GPT-03-mini. The confidence intervals for BAT and
COMMIT | include zero primarily due to this outlier. These results suggest that explicit reasoning
tends to hinder models’ ability to perceive strategic losses, if not benefits, as seen in the case of
GPT-03-mini. We further discuss possible reasons in section [8.2] However, we do observe that
models with reasoning ability outperform their counterparts on e.g., MAN (Au = 0.06, 95% CI
[0.02,0.12]) while the effects are weaker than model size. Lastly, we emphasize that our primary
contribution lies in providing a method to probe how LLMs perceive the strategic effects of dis-
course moves. The results we present are restricted to the models examined under our prompting
setup, and while they highlight certain issues (e.g., with CoT), we refrain from drawing strong
conclusions in this fast-paced field.

8.2 Qualitative Analysis

We examine the sources of the observed effects of reasoning by analyzing the CoT that precedes
generation, using models where such information is available: Qwen, DS-LLaMA and Gemini-Flash.
While the reasoning traces provide a way to access explicit model judgements (Zaman and Sri-
vastava, 2025), we do not assume that these explanations faithfully reflect the model’s internal
decision process. Prior work shows that CoT traces may be unfaithful to model computation and
can lead humans to infer incorrect narratives about “how the model thinks” (Turpin et al., |2023;
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Levy et al. 2025} [Kambhampati et al., 2025). Accordingly, we treat the generated reasoning as
additional behavior to analyze, not as transparent access to the model’s pragmatic representations.

Reasoning traces involve overcomplication  Q:Howmanycourts = ) )
.. . A: There's one case in which a line of testimony to which my
and amblgmty Models often overthink and testimony would have been foundational was rejected. It has to do
e e . with whether or not [...]

conflate loss-minimizing or benefit-retrieval

. . . . Reasoning: [...]the witness admits one case where testimony was
Strategles with the actual lmpaCt of maklng a rejected [...] maybe that’s DETRIMENTAL? But he clarifies it was
commitment. Consider a context as in Flg_ about a theory, not his expertise... so maybe he’s just hedging? That
. . could mean it’s BENEFICIAL... but still, the answer isn’t “none,” so
ure [T} the prosecutor is asking whether the  maybe it is DETRIMENTAL? Then again, he says it’s only one case,
witness has ever been reiected as an expert in and gives context... maybe that’s BENEFICIAL? But wait—the

d ] X p attorney’s point is about expert rejection, and this wasn’t that... so

other courts. The response implies an affir-  maybe it's NEUTRAL? Or BENEFICIAL again? He is controlling
. It . detri 1 . the damage... which could help... but is that really commitment, or
mation, resu tll’lg In a detrimental commitment. just minimizing loss? Hmm... tricky. Maybe it’s BENEFICIAL after
While the model initially arrives at the correct 2’
judgment, it soon cycles through contradictory
interpretations, ultimately settling on an incor-
rect assessment (i.e., BENEFICIAL ). The gen-
erated reasoning traces relies on surface fea-
tures of the mitigation strategies without in-
tegrating their broader strategic implications.
Moreover, the model sometimes misinterprets
surface-level damage control strategies, such as minimizing, deflecting, or hedging (highlighted in
orange), treating them in its reasoning traces as neutral or positive. This interpretation in the rea-
soning traces fails to recognize them as attempts to mitigate an otherwise detrimental commitment.
We also append another example (Appendix [E)) where the model does the opposite (i.e., identifying
benefit-retrieval strategy as detrimental). Misclassifying the type of commitment can strongly influ-
ence BaT and PaT scores by, e.g., inverting the base value. Even when the model correctly identifies
violations, an incorrect commitment label can alter the interpretation of the violation itself, for ex-
ample, leading the reasoning traces to construe a loss-control strategy (added to BaT) as if it were a

benefit-retrieval strategy (added to PaT).

Figure 11: The model’s reasoning confuses the
detrimental commitment with loss-
mitigation strategies.

Reasoning traces are naive and sometimes contradictory The reasoning traces do not con-
sistently reflect the discourse facts. In Figure the prosecutor is asking whether the defendant
has pled guilty, admitting to which will be clearly detrimental to the defense side. The model’s
reasoning introduces a contrast not present in the context and shows misrepresentation of world in-
formation and contradicts itself across turns. In the first exchange in the figure, the model claims the
witness is correcting the idea that the husband didn’t plead guilty, even though the question already
presupposes that he did.

This mismatch is followed by a distorted judgment of the witness’s commitment. In several
other cases, the reasoning traces focus primarily on whether the response affirms or rejects the
question, rather than integrating the broader discourse or world knowledge. We avoid concluding
that the model “bases its judgment solely” on polarity; instead, we note that this is one plausible in-
terpretation of the observed reasoning traces under our current setup. The model’s reasoning traces
also exhibit self-contradiction in evaluating how a response aligns with the question’s intent. For
example, in the second exchange, it correctly recognizes that the prosecutor’s question is designed
to undermine the witness, yet it still judges the witness’s affirmation as a beneficial commitment.

29



ZHENG, L1 AND BEAVER

More broadly, these patterns suggest that under our behavioral probes, the reasoning traces of-
ten align with surface-level informativeness rather than adversarial goals or commitment structure.

A more controlled experimental design would
be required to determine the underlying causes
of these behaviors. One promising direction is
to draw on mechanistic interpretability meth-
ods (Geiger et al.l 2025; Huang et al., 2025;
Boguraev et al. [2025)), which aim to identify

Q: And in fact her husband had pled guilty to these sexual abuse
charges, correct?

A: No. In fact her husband pled guilty to six counts of third degree
rape [...]

Reasoning: The witness directly answers "No" and provides specific
details about the plea. This seems make a BENEFICIAL

. . . . commitment
internal mechanisms that contribute to specific

model outputs. Another approach is to adopt
controlled behavioral paradigms that vary the
prompting context along minimal dimensions
in order to probe what information LLMs rely
on (e.g.,McCoy et al.,[2019). For example, one
might manipulate only the polarity of a commit-
ment, the presence of a pragmatic implicature,
or the strategic role of the speaker. This makes
it possible to test whether particular manipula-
tions cause the model’s judgments to shift in
systematic ways, and hence to infer the causal
role of each factor. Collectively, such tech-
niques would allow for more principled conclusions about the extent and limitations of LLMs’
internal strategic pragmatic competence.

Q: Did he maintain his guilt for a period of five months prior to
entering that plea of guilty?
A: Oh, yes

Reasoning: The prosecutor is trying to the witness's
credibility by questioning the case where the defendant pleaded
guilty. [...] Since the witness is the question, that benefits
his own testimony rather than helping the prosecutor, so this would
be BENEFICIAL commitment.

Figure 12: Example of model reasoning with misrep-
resentation of contextual information and
cross-turn inconsistencies.

9. Discussions of Challenges and Limitations

Before closing, we discuss the implications of our proposal, the challenges it raises for extending the
framework, and its practical limitations. In particular, we highlight methodological and conceptual
limitations concerning annotation, scope of reasoning, and disciplinary grounding.

Although coherence and QUD share many similarities (Benz and Jasinskaja, [2017), they are
not the same; hence using one notion rather than the other to tie between the discourse goals and
moves may produce different predictions. We note that our treatment in terms of QUDs is in some
respects stricter than coherence-based accounts. On many coherence-based theories, a response
can be linguistically coherent so long as it maintains local discourse relations (for example, via
entity links), even if it fails to address the current QUD. The moves that we identify via QUDs
as contributing to discourse goals are therefore a subset of those recognized under coherence-based
theories. This has the implication that some coherence-based contributions are not recognized under
our treatment.

For example, consider , a cross-examination from the Enron trial. It involves the witness An-
drew Fastow (AF), the former Chief Financial Officer of Enron, who was called by the prosecution
to testify about fraudulent practices within the company. The defense attorney (D) aims to challenge
the reliability of his testimony. The crucial part of the example is AF’s response, where he does not
commit to anything in response to the defense attorney’s question.

Under our QUD-based account, this response is therefore classified as making no meaningful
contribution to the current discourse goal, even though it remains linguistically coherent, for in-
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stance, under a relation such as “follow-up question” (Li,[2022). This illustrates how our notion of
contribution is stricter than coherence-based accounts: some moves that are coherent are neverthe-
less treated as non-contributive with respect to the active QUD.

We acknowledge that our approach concerns more whether a turn advances the speaker’s goals
at the current stage of the interaction and may miss aspects of its longer-term or global effects.
Avoiding commitment now may serve longer-term purposes, such as delaying disclosure, or forcing
redirecting the line of questioning. This distinction connects to our earlier discussion of short-term
versus long-term strategic value and suggests that a comprehensive theory of strategic dialogue must
ultimately account for both immediate goal advancement (as in the current paper) and deferred or
indirect strategic effects, which we leave for future work.

(4) D: Now, you say, “They stole in different ways,” other members of senior management.
What you’re saying is that other members of senior management committed fraud to
make their stock go up, then they would sell their stock and get away with the booty
that way. That’s what you’re suggesting, right?

AF: Are you asking me?

A further implication concerns the simplification of credibility and the simplicity of the taxon-
omy of commitments. First, our decomposition of Py (Good;) is not a theoretically faithful transla-
tion: violations of maxims do not by themselves constitute evidence of non-credibility as we have
pointed out. The original term subsumes a broader range of factors, including, e.g., prior biases the
jury may hold about the interlocutor. As a result, our function does not capture these more personal
and socially grounded aspects of credibility as we have shown via experiments in section but
only discourse-internal cues that can be operationalized through maxim violations. This makes our
approach feasible but also narrower in scope compared to the original jury in ME Games.

In addition, our framework distinguishes only four commitment types and does not further sub-
divide the degrees of benefit or harm. As a result, a commitment that directly incriminates a witness
could, in our framework, be weighted similarly to one with relatively minor negative implications.
While a finer-grained taxonomy might capture such distinctions more accurately, our simplification
serves as the first step to produce a function that is practically applicable.

We believe that these implications do not substantially undermine our proposal, though they
point to directions where refinements could be made. Beyond these implications, a more ambitious
challenge concerns how to operationalize constructs such as winning potential. While we do not
tackle this challenge in the current paper, it would be essential for anyone aiming to develop a more
accurate predictor of conversational outcomes. If one were to operationalize the term win;(k), one
would first need to identify the possible winning paths, which in turn requires a clear understanding
of the speaker’s conversational goals. In practice, however, speakers often pursue multiple goals of
varying importance. While these goals can sometimes be informally described, as in (2)), there is
no guarantee of a shared understanding of their relative importance. As a result, people are likely
to have nuanced and divergent interpretations of a speaker’s discourse goal hierarchy, and thus of
whether those goals have become unattainable (i.e., whether winning potential has collapsed to
ZEero).

Realizing win; (k) in practice would therefore require (1) identifying the hierarchy of goals a
speaker has, and (2) specifying how each goal can be achieved. Both are meaningful but ambitious
undertakings that lie beyond the scope of this paper. We instead encourage readers interested in
accurate outcome prediction to further investigate how this term might be operationalized.
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Alongside these open challenges for future modeling, it is also important to recognize the prac-
tical limitations of our present study. Due to time and resource constraints, we were unable to
annotate all the data we collected. Furthermore, the fact that neither annotators nor authors are legal
scholars implies that we do not take into account strategies that require legal expertise to recognize,
which we leave for future work. In addition, our annotations focus on local benefits: we did not
require annotators to make long-horizon predictions. For example, a detrimental commitment was
annotated as detrimental in the immediate context, even though it might ultimately serve a longer-
term benefit (e.g., avoiding a later, more damaging commitment). Incorporating such long-term rea-
soning would require annotators to have a comprehensive understanding of the interlocutors’ goal
structures and would likely introduce greater subjectivity into the task. Therefore, we again leave
this aspect to future research. A related limitation arises from annotating at the level of dialogue
turns rather than finer-grained discourse segments. While turn-level annotation improves feasibility
and consistency, it necessarily abstracts away from internal discourse structure: a single turn may
simultaneously advance and undermine a speaker’s strategic position, and more fine-grained seg-
mentation could capture such mixed effects more precisely. Although our annotation scheme can
still reflect this tension at the turn level, it does so only implicitly. Capturing such mixed strate-
gic effects more faithfully would require a principled segmentation of sub-turn discourse units, a
nontrivial methodological decision that lies beyond the scope of the present study.

A related limitation of our work is that, while we model trial discourse as a paradigmatic case
of cooperative versus non-cooperative interaction, we have not yet fully connected our framework
to the substantial literature in legal discourse analysis. Decades of research in conversation analysis
and forensic linguistics have documented in detail how lawyers use questioning strategies to manage
witnesses, control turn-taking, and shape what counts as relevant information (Atkinson and Drew,
1979; Drewl, [1992; |Cotterill, 2003; Hetter, 2005). This work highlights the subtle interplay between
institutional constraints, question design, and strategic dialogues. Our current study abstracts away
from these details in order to test computational methods. In future work, we aim to integrate
insights from courtroom discourse research, both to enrich the empirical grounding of our categories
and to ensure that the strategic phenomena we identify align with what is already known about
adversarial questioning practices.

A final limitation regards Al-safety and alignment issues. We acknowledge the potential safety
concerns that come with computational modeling of sophisticated strategic interactions. For this
reason, we do not pursue alignment questions directly in this work. Instead, we frame our contribu-
tion as a step toward providing principled tools for calibrating how models interpret and respond to
strategic moves. Our hope is that such tools can complement future alignment research by support-
ing both empirical and theoretical investigations into whether Al agents can reason appropriately
about non-cooperative discourse, and into whether agents that recognize non-cooperation nonethe-
less behave cooperatively.

10. Conclusions

In this paper we introduced Strategic Dialogue Assessment (SDA), unifying two established prag-
matic theories and providing a means to quantify their effects. Our successful application of SDA
to the Crooked Path Dataset demonstrates that SDA has the potential to deepen our understand-
ing of what makes discourse strategic. We see the current work as opening several promising di-
rections for future research. First, although our analysis focuses on legal cross-examinations, the

32



SDA: STRATEGIC DIALOGUE ASSESSMENT

framework naturally extends to other high-stakes adversarial domains, such as political debates or
negotiations. We feel there would be significant interest in any connection that could be drawn
between such discourses and actual outcomes, for example via public opinion measures or voting
outcomes for politicians, or quantifiable outcomes in negotiations. Second, a strategic agent rea-
sons not only about how an utterance is perceived, but also about how other participants are likely
to respond. This raises the question of how to model downstream reasoning (e.g., as in RSA), in
which one interlocutor anticipates the other’s decisions and strategically plans their own response.
The current paper provides a first step in this direction by showing how to operationalize the utility
function in adversarial settings. Building on this, predictive reasoning models such as RSA could
incorporate strategic reasoning by optimizing SDA jury over appropriately specified world states
and lexicon. A very simple approach would be to optimize accumulated turn-level advantage, i.e.,
S°N (IBAT, — [PAT,) (N is the number of the moves), while leaving a more careful treatment of
the constructs and additional potential hyperparameters (e.g., the weights for BAT and [PAT) to
future work.
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Appendix A. Full GPT-4o response for Fig|l]

Here is a conversation:

Q: Did you ever falsify any incident reports regarding in-flight
safety?

A: To my knowledge, there was a case where my colleague
corrected one such report

What do you think of the witness's response in this cross-
examination? Is the response cooperative?

Does this response increase the risk of losing for the witness in
the trial (i.e., detrimental)?

The witness's response is non-cooperative and potentially detrimental to their case. Here's why:

Non-cooperative:
= The question is direct: “Did you ever falsify any incident reports regarding in-flight safety?”

» The response does not answer the yes/no question about the witness’s own actions. Instead, the
witness deflects to a third party — “my colleague.”

» There's also ambiguity introduced with the hedge "to my knowledge,” which creates distance

between the witness and the event.

» Overall, this is a classic evasive or deflective move in cross-examination, avoiding a direct
commitment.

Detrimental:

« The mention of a colleague falsifying or correcting a report (even if framed as a correction)
introduces harmful information: it opens the door to broader concerns about the reliability of safety
reporting practices.

» By bringing up another case (even unintentionally), the witness expands the scope of scrutiny,
which the opposing counsel can exploit.

* Moreover, the indirectness may make the jury infer that the witness is hiding something or is not

being forthright, harming credibility.

Summary:
= Cooperativity: X (non-cooperative — evades the direct question)

» Detrimental: v (likely increases risk to the witness by both seeming evasive and introducing
damaging context)

Figure 13: Full response from GPT-40 using the prompt in Fig|T]
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Appendix B. Metrics Distribution in Human Annotations

BaT NRBaT PaT

Score
(]
[

Figure 14: Distribution of our metrics in our human annotated dataset
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Appendix C. Metrics Calculation Example

Take turn 7 4+ 1 in Figure 2| as an example. The distributions of the BaT and PaT sums are (1, 1.4,
1.9,1.9) and (0, 1, 1.2, 1.7), respectively, yielding p;, = 0.98, p,, = 1.55, 0y, = 0.38, and o), = 0.14
for the given example snippets. In our work, we assign weights of 0.4, 0.4, 0.2 and 0.2 to |[REL ,
MAN , |QUAL |and CONST , respectively. As noted in the main text, these weights are hypothetical,

as our focus is on measuring correlation rather

than modeling absolute values. The lower weight

assigned to [QUAL/ CONST reflects its basis in perceived, rather than objective, truth; this prevents

placing undue penalty on this dimension.

BaTiH = ‘fc(CZ)‘ X (Reli+1 + Mani-i-l + QualiH)
=1x(04+0.4+0)

=04

i+1

PaT;1 = [fe(Ci)| + Consti1 x > BaT)

=140
—1

i+1

Jj=1

i+1

NRBaT;;1 = Z | Y BaT; | —Z [ > PaT;
j=1 j=1

i+1 i+1
2321 BaT; — B 2321 PaT; —
o op

C(0+1)—098 (1+04)— 155

B 0.38 0.14

= 0.053 — (—1.07)

=1.123

Appendix D. Zero-shot LLM prediction results

Model AUC  Model AUC
GPT40-mini 0.61 03-mini 0.60
Gemini-Flash-OFF .68 Gemini-Flash-ON  0.63
Qwen-7B 0.53 DS-Qwen-7B 0.47
Qwen-32B 0.52 QwQ-32B 0.58
Llama3.1-8B 0.53 DS-Llama-8B 0.51
Llama3.3-70B 0.62 DS-Llama-70B 0.59

Table 5: AUC scores for 0-shot LLM predictions
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Appendix E. Qualitative Analysis Example

Listing 1: An example of LL.Ms misidentifying benefit retrieval strategy

An example of LLMs misidentifying benefit retrieval strategy as detrimental commitments.

Context:
The prosecutor is asking whether the witness has ever had a good understanding of the defendant. The
witness answers a decent amount of time of contact, which is beneficial.

Q: How long was that interview?

A: Three hours, more or less. It may have a bit more. It may have
been a bit less. I don't have the -- I don't have that -- it might be
helpful. It worked out to an eighty-seven page transcript.

The prosecutor is trying to get specific information. The witness's answer starts with an approximate
value ("Three hours, more or less”) but then hedges a lot, saying "may have a bit more” or "may have
been a bit less.” The hesitation ("I don't have the -- I don't have that -- it might be helpful”)
might indicate uncertainty. This could be detrimental to the witness because it shows they're unsure,
which benefits the questioner. So maybe a 1 (Detrimental commitment)

Appendix F. Prompts

Listing 2: 0-shot Prompt

Below is the transcript of the cross-examination so far:
{history}
The current response from the witness is: {answer}
Instructions:
Please evaluate the CURRENT response based on the following properties: 1. Witness commitment
level (with respect to the immediate question):
- 1: Detrimental commitment: A detrimental commitment supports the questioner's position and
undermines the witness.
- 2: Beneficial commitment: A beneficial commitment strengthens the witness's case,
increasing their winning potential.
- 3: Neutral commitment: A neutral commitment has no clear strategic effect, not affecting
either side's winning potentials.
- 4: No commitment made: No answer to the question can be clearly drawn or is clearly implied.

2. Witness truthfulness in the current turn:
-1. Salient honesty
-2. Mild honesty
-3. Mild Dishonesty
-4. Dishonesty

3. Consistency with previous testimony:
- 1: Inconsistent: The current statement is self-contradictory.
- @: Consistent

4. Response relevance:
- 1: Very relevant: This answer is directly given and is relevant to the question.
- 2: Slightly relevant: The answer does not provide a direct answer but instead provides
relevant information to tackle the specific issue.
- 3: Slightly irrelevant: The answer avoids addressing the specific question, requiring
further probing/non-verbal response.
- 4: Irrelevant: It is almost impossible to draw any inferences.
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5. Response clarity:
- 1: Very clear: The answer is direct, unambiguous, and orderly.
- 2: Overall clear with hedging: The answer is still clear, but it includes extra hedging
that isn't strictly needed.
- 3: Unclear: The answer leads to ambiguous inferences/interpretations.
- 4: Very Unclear: Refusal to answer the question or verbose answer.

6. Current turn outcome:
- Questioner
- Witness

7. Reasons for current outcome:

- 1. Logical arguments are convincing.

Logical appeals are based on facts, evidence, and reason. For example: Based on statistical
data, it's clear that our product is more cost-effective than our competitors' offerings. Here are
the numbers to support our claim.

- 2. Credibility attack on other side

Credibility appeals focus on the credibility and trustworthiness of the speaker or source.
For example: As a trusted healthcare provider for over 30 years, our commitment to patient well-being
and safety is unwavering. You can rely on our expertise and care.

- 3. Emotional appeal/bias

Emotional appeals aim to evoke feelings and emotions in the audience. For example: Imagine
the joy and satisfaction of owning a home in a peaceful neighborhood. Our real estate services can
make that dream a reality for you and your family.

Provide your response in JSON format:

"commitment value”: "Commitment level (1-4)",

"quality rate”: "Truthfulness (0,1)",

"consistency value”: "Consistency (0,1)",

"relevance rate": "Relevance (1-4)",

"manner rate”: "Clarity (1-4)",

"outcome value"”: "Winner of current turn (Questioner/Witness)”,
"outcome reason”: "Reason for the outcome (1-3)"

Listing 3: General Guidelines

A strategic witness does not assume a common goal. The following Gricean maxims can be reliably
violated:

Truthfulness (Quality): avoid falsehoods and speak only what they believe to be

true.

Relevance: address the specific question being asked.

Clarity (Manner): avoid vagueness, ambiguity, or unnecessary complexity.
Accordingly, judgments about the witness's commitment should be based on whether the response
advances the witness's interests (i.e., likelihood to win)

Listing 4: Few-shot examples

Example 1:
Question: Are you taking any medication?
response: I might have taken some.
This response is a detrimental commitment as taking medication indicates
mental instability.
This response is relevant (1) but not clear with hedging (3), and truthful (1).
The winner is Questioner and the reason is logical arguments.
Example 2:
Question: Have you been to the place where the body was found?
Response: I think I have no reason to go to place like that.
This response is a beneficial commitment as not have gone to the crime spot
indicates alibi.
This response is relevant (1), unclear with hedging (3), and truthful (1).
The winner is Witness and the reason is logical arguments.
Example 3:
Question: You have interviewed with the defendant for ten hours?
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Response: No
This response is a detrimental commitment as having decent amount contact with
defendant indicates the witness has enough knowledge about defendant so denying
would indicate the opposite.
This response is relevant (1), clear (1), and truthful (1).
The winner is Questioner and the reason is logical arguments.

Appendix G. Annotation Protocols

Listing 5: Annotation Instructions

Understanding Strategic Communication Through Cross-examinations

Background:

Discourse exhibits a diverse typology, which we roughly divide into two categories: cooperative and
non-cooperative. Traditional discourse and pragmatics research has primarily treated discourse as a
cooperative enterprise, benefiting from this perspective. In this project, however, we focus on the
more neglected non-cooperative type. We assume that such discourse follows what Asher (2013) and his
subsequent work characterize as strategic conversations. That is, participants do not assume
cooperativity from the outset; instead, they make discourse moves based on their assumptions about
the goals of the other participants.

For this specific project, we situate our research within a typical non-cooperative discourse
scenariocross-examinations. By their nature, cross-examinations involve participants who do not
cooperate globally, as each acts in their own interests. We are interested in how this global
non-cooperativity is realized or represented by focusing on more localized conversational moves.
Cooperativity (or non-cooperativity) is a relative concept. In our case, we assume that the
cross-examiner, in order to obtain a response that serves their own goal, conveys their intention
explicitly or implicitly through their questions. This conveyed message is generally against the
witness's (i.e., the party they are representative of) interests. In theory, the witness then tends
to interpret these questions as being contrary to their own interests and makes their discourse moves
accordingly.

* Jury's perspective: Basically, we ask for judgments as a juror or as an onlooker, and you do not
need to pretend you are the witness or the examiner and guess what they want to convey from their
perspectives.

Instructions:

You will be given conversation pairs extracted from cross-examinations that took place in real
criminal trials. Each pair consists of two parts: one from the cross-examiner and one from the
witness. In addition to that, you will also be presented with recent question-answer pairs (up to
10), a summary of previous context (previous to the current pair), and some meta-date related to the
witness.

An EXAMPLE of what you will see in the interface:

Context: In a trial, the examiner is asking about information about the witness' medication
condition, which can have subsequent effects on the credibility of the witness.

Witness's role: One of the suspects in the trial.

Recent Exchanges:

Examiner: Mr. Echols, I'm going to ask you questions and like I have told other witnesses, if you
don't understand, you ask me to rephrase them and I'll be glad to do so.

Witness: (NOD HEAD)

Current Pair:

Examiner: First of all, let me ask you, are you taking any medication at this time?

Witness: Yes, sir.
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*x*The witness can have different roles (e.g., expert), but in the above case, he happens to be the
defendant. x*x

*x*When you make judgments on the following categories, assume the perspective of a juror, not just a
casual observer of the courtroom.x*x

Cross-examiner's Utterances

Consider that both the examiner and the witness in a trial are telling a version of the story in
order to convince the jury their own version of the story is the truth. In theory, the questions the
cross-examiner asks cannot be taken as evidence; however, statements can be embedded in the questions
to influence the jury's perception of the credibility of the witness.

Witness's Responses

Gricean Maxims:
Maxim of Relevance:

The information provided should be relevant to the current exchange and omit any irrelevant
information. That is, participants should say things that are pertinent to the discussion. We
consider relevance as a coherence and responsiveness constraint.

Rating Guidelines:

1: Very relevant: This answer is directly given and is relevant to the question.

Example:

Q: "Are you taking medication?”

A: "Yes, sir.”

(Directly confirms examiner's implied point about credibility)

Q: "Are you taking any medicine?”
A: "No, I'm not on any medication.”
(Direct denial without evasion)

Q: "Did Mr. Smith have performed satanic practice? "
A: "I do not know the answer.”
(Commit ignorant on the issue)

2: Slightly relevant: The answer does not provide a direct answer but instead provides relevant
information to tackle the specific issue.

Q: Did you see the defendant at the crime scene?
A: I was standing right at the entrance the whole time, and I never saw him.
(The answer is still relevant but phrased as an implication rather than a direct No.)

Q: Did you see the defendant enter the bank?
A: I saw someone in a black hoodie rush in, but I wasn't close enough to see his face.

Q: Are you taking any medication?
A: I might take some medicine

3: Slightly irrelevant: The answer avoids addressing the specific question, requiring further
probing/non-verbal response

Q: "Are you taking medication?”
A: I'm quite healthy.
(The answer does not address the medication question directly.)

Q: Did you see the defendant enter the bank?

A: It was really crowded that day, and a lot of people were going in and out.

A: (NOD HEAD) /Huh-huh [non-verbal responses are usually considered as hearsay and cannot be
considered as evidencel

(Because they cannot be evidence so any judgements cannot be made based on these, which make them
very non-cooperative.)
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4: Irrelevant: It is almost impossible to draw any inferences.

Q: Did you see the defendant enter the bank?

A: The weather was terrible that day.

(Reluctance to answer)

(Answer with another irrelevant/rhetorical question.)

Q: "Are you taking medication?”

A: "I don't want to/refuse to answer that question.”
(Explicitly withholds information)

A: I personally did not go to any places they said I did

Maxim of Manner:

Manner requires the responses to be clear (i.e., not ambiguous or too verbose/redundant)
.Avoid obscurity of expression.

2.Avoid ambiguity.

3.Be brief (avoid unnecessary prolixity).

4.Be orderly.

=

1: Very clear: The answer is direct, unambiguous, and orderly.

Q: Are you taking any medication?
A: Yes, I take blood pressure medication.

2. Overall clear with hedging:
The answer is still clear, but it includes extra hedging that isnt strictly needed.

A: Well, I do take some medication, but only occasionally and only when prescribed by my doctor.
(The answer is still clear, but it includes extra hedging that isn't strictly needed.)

3. Unclear: The answer leads to ambiguous inferences/interpretations.

A:: I might take some medicine.
(The word might creates ambiguity. Does the witness not remember or not want to answer? The phrase
some medicine is also too vague. These require further inquires to disambiguate.)

4. Unclear: Refusal to answer the question or verbose answer.
1. Refusal to answer the question (non-verbal responses, answer with a question)
2. Verbose responses with no structure
1. A: Well, I mean, people take medicine for all kinds of reasons, and I guess you could say
that I take something, but I wouldn't really call it medicine, at least not in the way that most
people think of it

Maxim of quality:

This task is straightforward: Based on the context and the immediate question, do you think the
speaker is being honest in their answer?

You then rate how truthful the content the witness provides is.
1. Salient honesty

2. Mild honesty

3. Mild Dishonesty

4. Dishonesty

Commitment:

By uttering a sentence, the speaker is committed to both its literal content and the implicated
content. You have to evaluate both content and see if they fall under the following categories:

1. Detrimental commitment: A detrimental commitment supports the questioners position and undermines
the witness.
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2. Beneficial commitment: A beneficial commitment strengthens the witnesss case, increasing their
winning potential.

3. Neutral commitment: A neutral commitment has no clear strategic effect, not affecting either sides
winning potentials.

4. No commitment made: No answer to the question can be clearly drawn or is clearly implied.

Take the following scenario as an example, where committing to having a Swiss bank account will make
him a suspect of financial fraud.

Q: Do you have a Swiss bank account?

A: My company gave me the Swiss bank account.

This answer has the literal content: the company gave him the bank account in the past and also has
an implicated content: the speaker possibly has a Swiss bank account right now. The latter commits
the speaker to an answer to the question that benefits the questioner but does not benefit the
witness. [category 1]

A': My company has a Swiss bank account.

This answer has the literal content: the company has a Swiss bank account, and also has an implicated
content: the speaker personally does not have a Swiss bank account. The latter commits the speaker to
an answer to the question that benefits the witness but does not benefit the questioner. [category 2]

A'': I have worked in the company for 10 years.

This has the literal content: he has worked for the company for 10 years, but not a clear implicated
content based on the context. This does not commit the speaker to any answer to the question.
[category 3]

Consistency:
This task is straightforward: Based on the context so far, do you think the response contradicts what
the speaker has said earliereither the literal meaning or the implicated meaning?
An example:
Earlier: I never go near that place. (implies they avoid it entirely)
Later: I was just outside the building that night.

Outcome:

After each turn, you should decide which side is more successful. The criterion is which side's story
you believe more; if you were the real jury, which side you would support.

There are few things you could consider:
1. Consider the statements (either as an argument or a statement from presupposition or speaker
bias), and if there is no conflict between the participants, then we consider the questioner wins; if
there is a conflict, then you get to decide which side story is more convincing.
2. You will be able to evaluate the outcome win in terms of

2.1. Logical facts

Logical appeals are based on facts, evidence, and reason. For example, based on statistical data,
it's clear that our product is more cost-effective than our competitors offerings. Here are the
numbers to support our claim.

2.2. Framing the opposite side as not credible/person with a detrimental image

Credibility appeals focus on the credibility and trustworthiness of the speaker or source. For
example, as a trusted healthcare provider for over 30 years, our commitment to patient well-being and
safety is unwavering. You can rely on our expertise and care.

2.3 Jury's (i.e., your) emotion is affected to be biased towards one side

Emotional appeals aim to evoke feelings and emotions in the audience. For example, imagine the
joy and satisfaction of owning a home in a peaceful neighborhood. Our real estate services can make
that dream a reality for you and your family.
3. You'll do the evaluation based on the full context.

Miscellaneous:
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1. There are cases where one question is split into two because the witness interrupts the examiner's
question. For this case, we ask you to do the same rating/evaluation on both of them unless you find
a reason not to do so. Usually these cases are indicated by -- at the end of the question.

2. There are also cases where the examiner makes a starting or ending statement (e.g., No further
questions, etc.); for these cases, feel free to skip.

3. For questions/answer pairs that are more instructional (rather than linguistic), you could
consider the argument the question/instruction conveys, given these may not encode any linguistic
strategies.

Final Review:

After completing your annotations, you will have an opportunity to review all the pairs and revise
any labels if you believe a different annotation is warranted, given the full context.
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Defense Witness vs. Prosecutor (WMT)

Model BaT PaT NRBaT Commit Rel Man Qual Constt
Human 0.65* 0.66* 0.83* 0.59 0.72 0.52 0.86 0.25
GPT40-mini 0.27%* 0.11 0.71* 0.18 0.64 0.26 0.93 0
Gemini-Flash-OFF 0.40* 0.38* 0.62* 0.38 0.70 0.34 0.93 0
Qwen-7B 0.15* 0.20* 0.42% 0.02 0.68 0.32 0.93 0
Qwen-32B 0.32%* 0.21°%* 0.69%* 0.19 0.71 0.29 0.93 0
Qwen-32B-Few 0.33* 0.23* 0.75* 0.20 0.72 0.29 0.93 0
Qwen-32B-Cons 0.39* 0.24%* 0.80* 0.18 0.71 0.33 0.93 0
LLaMA3.1-8B 0.02 0.09 0.12* -0.03 0.64 0.19 0.93 0.58
LLaMA3.3-70B 0.39* 0.25 0.79* 0.25 0.71 0.36 0.93 0.33
03-mini 0.29* 0.22% 0.62* 0.21 0.66 0.35 0.93 0
Gemini-Flash-ON 0.46* 0.44 0.27%* 0.41 0.71 0.36 0.93 0
DS-Qwen-7B -0.07 -0.03 0.22% 0.02 0.63 0.24 0.93 0.17
QwQ-32B 0.21%* 0.17* 0.59* 0.14 0.72 0.36 0.93 0
QwQ-32B-Few 0.33* 0.31* 0.71* 0.27 0.74 0.40 0.93 0
QwQ-32B-Cons 0.30* 0.37* 0.64* 0.24 0.71 0.39 0.93 0
DS-LLaMA-8B -0.08 -0.05 0.11%* 0.05 0.66 0.43 0.93 0.83
DS-LLaMA-70B 0.34* 0.19% 0.55% 0.17 0.72 0.41 0.93 0

Table 6: Strategic metrics and agreement with humans for Defense Witness vs. Prosecutor
(WMT). Stars (¥) indicate significance at p < .05. BaT, PaT, NRBaT: Spearman’s p;
Commitment: Fleiss’s x; Relevance, Manner, Quality: Randolph’s «; Consistency: true
positive rate (V. B., Inconsistencies do not occur in every trial; when there are no incon-
sistent utterances, the true positive rate is naturally 0. We use { to indicate trials that do
involve inconsistency.).

Prosecutor Witness vs. Defense (WMT)

Model BaT PaT NRBaT Commit Rel Man Qual Const
GPT40-mini 0.09 0.04 -0.24* 0.16 0.72 0.64 0.98 0
Gemini-Flash-OFF 0.06 0.10 0.51* 0.24 0.89 0.66 0.93 0
Qwen-7B 0.07 0.07 0.62%* 0.05 0.72 0.52 0.98 0
Qwen-32B 0.25%* 0.31* 0.30* 0.10 0.85 0.66 0.98 0
Qwen-32B-Few 0.38* 0.43* 0.73* 0.19 0.84 0.66 0.98 0
wen-32B-Cons 0.20%* 0.22% 0.25% 0.13 0.82 0.66 0.98 0
LLaMA3.1-8B 0.13 0.16 0.76* 0.07 0.76 0.33 0.98 0
LLaMA3.3-70B 0.32%* 0.28%* 0.83%* 0.23 0.85 0.68 0.98 0
03-mini 0.15 0.02 0.55* 0.18 0.84 0.61 0.98 0
Gemini-Flash-ON 0.20%* 0.14 0.24* 0.33 0.90 0.66 0.98 0
DS-Qwen-7B 0.06 0.19* 0.70* 0.05 0.76 0.59 0.98 0
QwQ-32B 0.36* 0.21%* 0.48%* 0.29 0.85 0.72 0.98 0
QwQ-32B-Few 0.26* 0.20* 0.63* 0.19 0.82 0.64 0.98 0
QwQ-32B-Cons 0.22% 0.14 0.30* 0.21 0.82 0.66 0.98 0
DS-LLaMA-8B 0.13 -0.03 0.73* 0.02 0.66 0.48 0.98 0
DS-LLaMA-70B 0.24%* 0.15 0.59* 0.22 0.87 0.64 0.98 0

Appendix H. Detailed Results
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Defense Witness vs. Prosecutor (Enron)

Model BaT PaT NRBaT Commit Rel Man Qual Const?
GPT40-mini 0.10 0.17 0.14 0.11 0.82 0.41 1.00 0
Gemini-Flash-OFF 0.23%* -0.30* -0.71%* 0.13 0.66 0.40 0.83 0
Qwen2.5-7B 0.19 0.21 0.02 0.18 0.66 0.45 0.83 0
Qwen2.5-32B 0.11 0.24 0.28 0.31 0.70 0.36 0.83 0
Qwen2.5-32B-Few 0.17 0.03 0.13* 0.21 0.74 0.49 0.83 0
wen2.5-32B-GG 0.23 0.16 0.46* 0.24 0.57 0.40 0.83 0
LLaMA3.1-8B 0.23 -0.01 0.10 0.31 0.70 0.49 0.83 1
LLaMA3.1-70B 0.16 -0.31* -0.69* 0.08 0.53 0.49 0.83 0
03-mini 0.86* -0.46* 0.88* 0.07 0.57 0.36 0.83 0
Gemini-Flash-ON 0.16 -0.33* -0.76* 0.11 0.81 0.44 0.81 0
DS-Qwen-7B 0.14 0.03 -0.21 -0.02 1.00 0.32 0.83 0
QwQ-32B 0.04 0.11 -0.34* 0.07 0.82 0.45 0.83 0
QwQ-32B-Few 0.07 -0.36* -0.68* 0.09 0.95 0.49 0.83 0
QwQ-32B-Cons 0.25 -0.49* -0.79* 0.11 0.74 0.36 0.83 0
DS-LLaMA-8B 0.25 -0.33* -0.56* -0.01 0.49 0.28 0.83 0
DS-LLaMA-70B 0.25 -0.33* -0.56* 0.08 0.91 0.53 0.83 0
Prosecution Witness vs. Defense (Enron)
Model BaT PaT NRBaT Commit Rel Man Qual Const
GPT40-mini 0.30 0.21 0.90* 0.08 0.91 0.53 0.78 0
Gemini-Flash-OFF 0.32 0.35 0.45% 0.15 0.78 0.48 1.00 0
Qwen2.5-7B 0.18 -0.08 -0.13 -0.01 0.78 0.33 1.00 0
Qwen2.5-32B 0.58* 0.22 0.77* 0.34 0.41 0.63 1.00 0
Qwen2.5-32B-Few 0.38 0.31 0.53* 0.05 0.63 0.56 1.00 0
Qwen2.5-32B-GG 0.42 0.48* 0.37 0.11 0.56 0.56 1.00 0
LLaMA3.1-8B 0.10 -0.08 0.08 0.08 0.48 0.11 1.00 0
LLaMA3.3-70B 0.52%* 0.77* 0.97* 0.11 0.85 0.48 1.00 0
03-mini 0.38 0.29 0.19 0.14 0.66 0.46 1.00 0
Gemini-Flash-ON 043 0.34 0.47* 0.04 0.92 0.58 1.00 0
DS-Qwen-7B -0.07 -0.34 -0.19 0.19 1.00 0.41 1.00 0
QwQ-32B 0.44%* 0.18 0.09 -0.02 0.70 0.41 1.00 0
QwQ-32B-Few 0.39 0.54* 0.59* 0.06 0.70 0.41 1.00 0
QwQ-32B-Cons 0.09 0.04 -0.05 -0.03 0.70 0.41 1.00 0
DS-LLaMA-8B 0.05 0.07 0.21 0.17 0.62 0.70 1.00 0
DS-LLaMA-70B 0.05 0.07 0.21 0.11 0.93 0.41 1.00 0
Defense Witness vs. Prosecutor (Simpson)
Model BaT PaT NRBaT Commit Rel Man Qual Const
GPT40-mini 0.20%* 0.17* 0.50* 0.14 0.85 0.62 0.93 0
Gemini-Flash-OFF 0.22* 0.13 0.12* 0.24 0.89 0.69 0.93 0
Qwen2.5-7B -0.02 0.28%* 0.66* 0.03 0.79 0.63 0.93 0
Qwen2.5-32B 0.17* 0.13 0.56* 0.07 0.88 0.70 0.93 0
Qwen2.5-32B-Few 0.16 0.11 0.52% 0.12 0.83 0.76 0.93 0
Qwen2.5-32B-GG 0.14 0.11 0.26* 0.14 0.85 0.72 0.93 0
LLaMA3.1-8B 0.12 0.17 0.72* 0.06 0.92 0.24 0.93 0
LLaMA3.3-70B 0.16 0.21%* 0.63* 0.13 0.87 0.71 0.93 0
03-mini 0.30* 0.06 0.57* 0.12 0.87 0.70 0.93 0
Gemini-Flash-ON 0.20* 0.04 -0.21* 0.21 0.89 0.69 0.93 0
DS-Qwen- -0.15 -0.01 0.44* -0.05 0.83 0.62 0.93 0
QwQ-32B 0.29* 0.19* 0.59* 0.19 0.88 0.72 0.93 0
QwQ-32B-Few 0.19* 0.27* 0.62* 0.20 0.90 0.71 0.93 0
QwQ-32B-Cons 0.25% 0.23%* 0.48* 0.26 0.86 0.73 0.93 0
DS-LLaMA-8B 0.10 0.14 0.59* 0.05 0.64 0.66 0.93 0
DS-LLaMA-70B 0.29%* 0.24%* 0.54* 0.17 0.88 0.70 0.93 0
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Prosecution Witness vs. Defense (Simpson)

Model BaT PaT NRBaT Commit Rel Man Qual Const
GPT40-mini 0.12 0.10 -0.18* 0.12 0.96 0.74 0.95 0
Gemini-Flash-OFF 0.23* 0.30* 0.24* 0.30 0.96 0.79 0.95 0
Qwen2.5-7B 0.11 0.11 0.10 0.06 091 0.58 0.95 0
Qwen2.5-32B 0.24* 0.04 0.03 0.10 0.95 0.68 0.95 0
Qwen2.5-32B-Few 0.33%* 0.14 0.33* 0.13 0.94 0.72 0.95 0
Qwen2.5-32B-GG 0.20* 0.16* 0.06 0.07 0.93 0.65 0.95 0
LLaMA3.1-8B 0.79* 0.12 0.13 0.06 091 0.24 0.95 0
LLaMA3.3-70b 0.19* 0.11 -0.18* 0.14 0.92 0.56 0.95 0
03-mini 0.13 0.07 0.07 0.16 0.95 0.74 0.95 0
Gemini-Flash-ON 0.30* 0.19* 0.25% 0.24 0.98 0.77 0.95 0
DS-Qwen- 0.02 0.09 0.06 0.06 0.89 0.60 0.95 0
QwQ-32B 0.22%* 0.18%* 0.02 0.23 0.95 0.75 0.95 0
QwQ-32B-Few 0.29* 0.26* -0.01 0.20 0.96 0.77 0.95 0
QwQ-32B-Few 0.40%* 0.26* 0.33 0.26 0.96 0.75 0.95 0
DS-LLaMA-8B 0.14 0.05 0.01 -0.01 0.79 0.69 0.95 0
DS-LLaMA-70B 0.21%* 0.13%* -0.13 0.14 0.95 0.68 0.95 0
Metric Wins Loses Ties Mean Median SD CI Low CI High
BaT 18 4 2 0.16 0.19 0.24 0.06 0.25
PaT 18 4 2 0.12 0.09 0.22 0.04 0.22
Commit 21 3 0 0.10 0.12 0.13 0.05 0.15
NRBaT 10 12 2 0.08 -0.02 0.39 -0.07 0.23
Man 17 5 2 0.12 0.13 0.17 0.06 0.19
Rel 19 5 0 0.06 0.07 0.19 -0.01 0.13
Qual 0 1 23 -8.33e-4 0 4.08e-3 -2.5¢-3 0

Table 7: Comparison by metric across models of different sizes. Wins indicate instances where the
larger model outperforms the smaller one, while Loses indicate the opposite.

Metric Wins Loses Ties Mean Median SD CI Low CI High
BaT 12 17 1 -0.03 -0.02 0.22 -0.11 0.05
PaT 8 22 0 -0.10 -0.05 0.20 -0.18 -0.04
NRBaT 10 20 0 -0.09 -0.08 0.36 -0.22 0.03
Commit 11 13 6 -0.02 0 0.13 -0.07 0.03
Man 18 11 1 0.06 0.05 0.18 0 0.12
Rel 18 9 3 0.02 0.02 0.16 -0.04 0.08
Qual 1 2 27 0 0 0.05 -0.02 0.02

Table 8: Comparison by metric across models with and without reasoning ability. Wins indicate
instances where the reasoning model outperforms its non-reasoning counterpart, while
Loses indicate the opposite.
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