The Fortieth AAAI Conference on Artificial Intelligence (AAAI-26)

CSP4SDG: Constraint and Information-Theory Based Role Identification in
Social Deduction Games with LLM-Enhanced Inference

Kaijie Xu', Fandi Meng?, Clark Verbrugge', Simon Mark Lucas?

1Department of Computer Science, McGill University, Montreal, Quebec, Canada
2Queen Mary University of London, London, United Kingdom
kaijie.xu2 @mail.mcgill.ca, f.meng@qmul.ac.uk, clump@cs.mcgill.ca, simon.lucas @qmul.ac.uk

Abstract

In Social Deduction Games (SDGs) such as Avalon, Mafia,
and Werewolf, players conceal their identities and deliber-
ately mislead others, making hidden-role inference a cen-
tral and demanding task. Accurate role identification, which
forms the basis of an agent’s belief state, is therefore the
keystone for both human and Al performance. We introduce
CSP4SDG, a probabilistic, constraint—satisfaction frame-
work that analyses gameplay objectively. Game events and
dialogue are mapped to four linguistically-agnostic constraint
classes—evidence, phenomena, assertions, and hypotheses.
Hard constraints prune impossible role assignments, while
weighted soft constraints score the remainder; information-
gain weighting links each hypothesis to its expected value
under entropy reduction, and a simple closed-form scoring
rule guarantees that truthful assertions converge to classical
hard logic with minimum error. The resulting posterior over
roles is fully interpretable and updates in real time. Experi-
ments on three public datasets show that CSP4SDG (i) out-
performs LLM-based baselines in every inference scenario,
and (ii) boosts LLMs when supplied as an auxiliary “reason-
ing tool.” Our study validates that principled probabilistic rea-
soning with information theory is a scalable alternative—or
complement—to heavy-weight neural models for SDGs.

Code — https://github.com/Nortrom1213/CSP4SDG
Extended version — https://arxiv.org/abs/2511.06175

Introduction

Social Deduction Games (SDGs), like Avalon, Mafia, and
Werewolf, require players to infer hidden roles despite de-
ception and sparse evidence. Although recent efforts cover
transformer role classifiers, reinforcement learning agents,
and planning-LLM hybrids (de Ruiter and Kachergis 2018;
Serrino et al. 2019; Ibraheem, Zhou, and DeNero 2022;
Lai et al. 2023), they typically treat chat as opaque text,
require heavy training, or embed game-specific heuris-
tics—hindering interpretability and cross-title transfer.

We propose CSP4SDG, a training-free, probabilistic
constraint-satisfaction framework. A lightweight LLM con-
verts raw logs into four language-agnostic constraint types;
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hard constraints prune impossible worlds, and soft ones re-
ceive information-gain weights that remove manual tun-
ing required by valued or VOI-CSPs (Schiex et al. 1995;
MacKay 1992). The solver returns calibrated posteriors and
MAP assignments that stand alone or refine the LLM.

To test the generality of our approach, we run a unified
evaluation on three public SDG datasets that cover crowd-
sourced chat and large-scale log files. On each dataset,
we compare three reasoning methods—pure CSP, LLM-
only, and the hybrid LLM+CSP—while ablating the CSP
solver through five settings. Every experiment is repeated
under multiple player perspectives (objective, good-roles,
evil-roles) and both truthful- and deceptive-good conditions.
Finally, we perform a backbone ablation with successively
stronger LLLMs, isolating the effect of language-model ca-
pacity. This comprehensive design allows us to examine (i)
how much structure alone can achieve under different set-
tings, (ii) how much an LLM can learn without structure,
and (iii) how the two components interact when combined.

Our main contributions are as follows:

* Generalized Probabilistic CSP Framework for Role
Inference: We formulate SDG role inference as a
training-free probabilistic constraint-satisfaction prob-
lem that integrates logical filtering and information-
theoretically weighting in a single, generic framework.

LLM-driven end-to-end workflow: We design a
lightweight LLM pipeline that converts raw game logs
into structured constraints and seamlessly couples them
with the CSP solver, yielding an interpretable, plug-and-
play reasoning module.

Empirical Validation Across Multiple Datasets: Ex-
periments on three public datasets—covering various
CSP settings, diverse viewpoints, and several LLM back-
bones—show that CSP4SDG consistently outperforms
baseline methods and reliably boosts LLM reasoning.

Related Works

Extensive research has been conducted in SDGs. Early stud-
ies extracted lexical and pragmatic deception cues (Zhou and
Sung 2008; Niculae et al. 2015); the Mafiascum corpus en-
abled supervised classifiers (de Ruiter and Kachergis 2018),
later extended to transformer and LLM benchmarks (Ibra-
heem, Zhou, and DeNero 2022; Stepputtis et al. 2023). Mul-
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Figure 1: Schematic overview of the proposed inference architecture for social-deduction games. Game History (left) com-
prises objective event traces (e.g., eliminations, assassinations, quest outcomes) and subjective conversation turns. Information
Representation (centre) leverages an auxiliary LLM (Brown et al. 2020) to transform raw logs into a structured constraint set:
(1) hard constraints (evidence and phenomena) that are logically inviolable, and (ii) soft constraints (player assertions and hy-
potheses) that contribute graded probabilistic weight. Reasoning (right) contrasts three inference engines. A plain LLM lacks
the combinatorial apparatus required for reliable role deduction; a hybrid LLM + CSP benefits from externally supplied poste-
riors but is still bottlenecked by heuristic language reasoning; our CSP solver enforces all hard constraints and optimally scores
soft ones, delivering calibrated posterior distributions and MAP role assignments that achieve the highest empirical accuracy.

timodal persuasion (Lai et al. 2023), reinforcement-learning
from logs (Serrino et al. 2019), mental-state agents (Naka-
mura et al. 2016), endgame SVMs (Chuchro 2022), and
planning—-LLM hybrids (Bakhtin et al. 2022) further diversi-
fied the field; Other works explore SDG research in multiple
dimensions (Kopparapu et al. 2022; Eger and Martens 2018;
Chi, Mao, and Tang 2024; Sarkar et al. 2025; Kim, Seo, and
Kim 2024; Velikov 2021; Martinenghi et al. 2024; Wu et al.
2024; Carminati et al. 2024). Yet most approaches rely on
heavy task-specific training, treat dialogue as opaque text, or
lack principled uncertainty—gaps our CSP4SDG fills with
a training-free, interpretable, and game-agnostic reasoning
module. Full survey in Appendix A (in extended version).

Classical constraint satisfaction offers exact, interpretable
search (Freuder and Mackworth 2006); soft (Schiex
et al. 1995) and probabilistic (Fargier, Lang, and Schiex
1996) variants rank near-consistent worlds but depend on
hand-tuned costs. Information-theoretic criteria quantify ev-
idential value (MacKay 1992). CSP4SDG unifies these
strands: LLM-extracted constraints become IG-weighted
soft relations, eliminating manual costs and yielding cali-
brated posteriors without retraining.

Methods
Problem Definition and Framework

SDGs involve a group of players secretly assigned different
roles. Each player aims to deduce the hidden roles of others
through various events and conversations. Precise role-level
inference—not merely a good/evil split—is pivotal in SDGs
with multiple special abilities: knowing a player’s role lets
teammates interpret their actions as structured evidence and
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coordinate strategy, while adversaries can exploit that same
knowledge to craft targeted deceptions that mislead oppo-
nents who possess only partial information. To facilitate and
automate the role identification process, we propose a gen-
eralized constraint-based framework for various SDGs.

General Formulation An SDG scenario includes (i) play-
ers P = {p1,p2,...,pn}, (i) roles R = {ry, 7o, ..., 7m}
partitioned into “good” (e.g., Loyal Servant, Villager) and
“evil” (e.g., Assassin, Mafia), and (iii) a world-state assign-
ment a : P — R that maps each player to a role in R.
Given observed game events and players’ utterances at
time ¢, our task is to infer and update the posterior distribu-
tion of players’ roles Pr(r | C;) for each player-role pair
(pi,r), where C, represents all observed constraints until
time ¢. This role identification task can serve two purposes:

1. Direct Role Prediction: To directly infer the most prob-
able roles of each player to support automated agents in
making in-game decisions or to analyze player strategies

in post-game scenarios.

Auxiliary Decision Support: To provide probabilistic
insights as auxiliary input for human players or for mod-
els (such as LLMs) to enhance their reasoning capability
and potential decision-making accuracy during the game.

Constraint-Based Representation Our proposed gener-
alized framework categorizes in-game information into four
constraint types. Each constraint type has a clear seman-
tic interpretation, logical formulation, and standardized tem-
plate, as illustrated in Table 1.

The distinction between these constraint types lies primar-
ily in their certainty level and consequently, their treatment



in the inference process:

¢ Evidence (E) and Phenomenon (P): Evidence fixes a
player’s role exactly, whereas Phenomenon narrows each
player’s role domain; both are hard constraints that prune
any assignment violating them.

Assertions (A): These player-made statements are
treated as soft constraints with extremely high weights
(wa > 1). Assignments satisfying more assertions are
exponentially favored, ensuring that satisfying assertions
is highly prioritized to hypotheses.

Hypotheses (H): Representing weaker, player-driven
speculations or supports; assigned relatively low weights.
They provide subtle probabilistic preferences to the infer-
ence without strictly excluding possibilities.

CSP-Based Role Inference Mechanism

Given the generalized constraint framework introduced pre-
viously, we now describe the role inference process in de-
tail. Our approach leverages Constraint Satisfaction Prob-
lems (CSPs) and a specialized scoring function to estimate
posterior probabilities of player roles.

Constraint Satisfaction Framework Formally, we de-
fine the CSP-based role inference as follows. An SDG-CSP
model at time ¢ is a tuple: M; = (P, R,C;), where P is
the player set, R is the role set, and C; is the accumulated
constraint set consisting of evidence (E), phenomenon (P),
assertions (A), and hypotheses (H).

The feasible assignment space at time ¢, denoted as A.S,
consists of all assignments a : P — R satisfying the accu-
mulated hard constraints (£ U P):

AS;={a|a = E,a = P}.
Assignment Filtering via Hard Constraints Each new
evidence or phenomenon constraint reduces the feasible as-

signment space. Formally, for any constraint ¢ € E' U P, the
set of feasible assignments is updated by:

ASt+1 = {a S ASt | a ': C}, where ASt+1 - ASt
Thus, hard constraints monotonically reduce the feasible
set, ensuring consistency and correctness in role inference.

Scoring Function with Weighted Soft Constraints To
incorporate player-driven constraints (Assertions and Hy-
potheses), we introduce a novel scoring function. Given an
assignment a, the scoring function is defined as:

[

ceA,al=c

S(a) 1+ Y wuh) |, (D

heH,a=h

where:
e wy > 1 is the high weight assigned to assertions,
strongly motivating their satisfaction.
e wy(h) is the weight of hypotheses, calculated either
manually or via Information Gain (IG): wg (h) = IG(h)
To estimate posterior probabilities, we normalize these
scores over the entire feasible set (Cover 1999):
S(a)

Pr(alC) = —Za'eASt S@)

@)
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Information Gain Weighting We adopt information-
theoretic principles to dynamically adjust hypothesis
weights. For hypothesis h, the information gain (IG) is cal-
culated as the reduction in entropy when incorporating h:

IG(h) = H (prior) — H (posterior|h), (3)

where entropy H(X) = — > Pr(x)log Pr(x).

The IG-based weighting measures how informative a hy-
pothesis is, assigning greater weight to hypotheses that
significantly clarify role distributions. When all assertions
are truthful, using high-weight soft constraints is (almost)
equivalent to treating them as hard constraints: the posterior
probability error is bounded by |Prg(a) — Pry(a)| < 1/wa
(Formal proof in Appendix B).

Inference Procedure and Computational Complexity
Given the constraint set C;, we proceed in three steps:

1. Prune Apply all hard constraints (E'UP) to eliminate

infeasible worlds and obtain the candidate set AS;.

Score & normalize For every a € AS; (or for a Monte-
Carlo sample thereof), compute the soft—-weighted score
S(a) from Eq. (1) and obtain the normalized posterior
Pr(a| C;) via Eq. (2).

. Marginals and MAP Derive (i) player—wise marginal
posteriors by summing Pr(a | C;) over worlds that
assign a given role, and (ii) the maximum-—a-posteriori
world & = argmax,cas, Pr(a|C).

2.

For larger lobbies, we could replace step 2 with an
MCMC sampler (Andrieu and Thoms 2008): starting from
a feasible world, role-swap proposals would respect global
role counts and mixing could be sped up by caching par-
tial soft-scores. With M samples this strategy would scale
as O(Mn), give an unbiased estimator of all marginals, and
take the highest-scoring sample as MAP. Because current
SDG datasets are low-dimensional (n<10), we did not de-
ploy this variant; testing it is left to future work on highly
heterogeneous games such as Blood on the Clocktower.

Dataset
Game Overview
Avalon Players are secretly assigned to good roles (Mer-
lin, Percival, Servants) or evil roles (Morgana, Assassin).
Each round follows the fixed loop team proposal — vote —
quest resolution; after three successful quests the Assassin
may attempt to identify Merlin for a last-chance victory.

Mafia Roles are Mafia (evil) and Bystanders (good). The
game alternates night (Mafia privately eliminate one target)
and day (public discussion + lynch vote) cycles until either
faction is wiped out.

Datasets Description
We evaluate our approach on three datasets:
* Avalon NLU Dataset (Stepputtis et al. 2023): 21 games
(6 players each), detailed dialogues, votes and quests.

e Mafia Dataset (Ibraheem, Zhou, and DeNero 2022):
44 games (4-10 players, 460 participants), detailed dia-
logues, votes, and night eliminations.



Type Game | Event/Dialogue Cue Constraint Format (grammar) | Mathematical Representation
Evidence Avalon | Assassin kills Merlin role_is(p1/p2,assassin/merlin) al= (role(;m7 p2) = [assassin, merlin])
Mafia Night victim revealed role_is(p, Bystander) a = role(p) = Bystander
Phenomenon | Avalon | Quest ¢ has f fail cards evil_at_least(team, f) aFE D ciean LeVil(p)] > f
Assertion Avalon | “Tam Percival” assert_role_is(speaker, role) S(a) x = wa 1la = role(s) = Percival]
Avalon | “This team is clean.” assert_team_good(speaker, team) | S(a) X = wa 1[Vp € team good(p)]
Avalon | “Xis evil.” assert_role_in(sp, tg, evil) S(a) X = wa 1evil(tg)]
Hypothesis Avalon | Weak suspicion / NO vote | hypo_role_in(sp, tg, evil) S(a) + = wmia 1]evil(tg)]
Avalon | Weak support/ YES vote | hypo_role_in(sp,tg,good) S(a)+ = wiow 1[good(tg)]
Avalon | Proposer chooses squad hypo_team_good(proposer, team) | S(a)+ = Wstrong 1[Vp € team good(p)]
Mafia “X looks Mafia.” hypo_role_in(sp, tg, mafia) S(a)+ = wmiq 1[mafia(tg)]
Mafia | “XTooks good.” hypo_role_in(sp, tg, bystander) S(a)+ = wpmiq 1]bystander(tg)]
Mafia YES vote to Iynch hypo_role_in(voter, target, mafia) | S(a)+ = wiow 1[mafia(target)]

Table 1: Constraint catalogue across datasets. Constraint Format shows the abstract grammar used by the extractor; Mathemat-
ical Representation shows how each constraint modifies the score S(a) of an assignment a. Assertions multiply .S by a large
factor w4 > 1, whereas hypotheses add small weights Wi, Wmiq and wygx (dataset-specific, all less than 1).

e AvalonLogs Dataset (WhoaWhoa 2022): Large-scale
dataset with 12,699 Avalon games (5-10 players), record-
ing quests, votes, roles, and assassination choices.

Table 1 lists the full catalogue with the corresponding
mathematical semantics used by the solver. We manually an-
notate Dataset 1 and Dataset 2 as Truth or Lie, where Lie
games have at least one explicitly false role claim from a
good-aligned player (details in Appendix C).

Dataset Preprocessing and Constraint Extraction
via LLM

For every game log we (i) segment the transcript into tem-
poral blocks—quests for Avalon, day/night cycles for Mafia;
(i) annotate each block with LLMs (gpt-4.1-mini) using
a few-shot prompt that maps every utterance or event to
one of four first-order constraint schemas; the model out-
puts a JSON list of predicate instances; (iii) post-process the
JSON by normalising player IDs, deduplicating constraints,
enforcing type checks, and dropping ill-formed entries. We
then feed the resulting constraint sets sequence directly to
the CSP solver. AvalonLogs is processed automatically with
the same pipeline. A rigorous, dual-author audit on Datasets
1 and 2 validated our constraint extraction, confirming 100%
fidelity by tracing all hard constraints to the raw logs and en-
suring the inclusion of all mandatory events. (See the com-
plete prompt templates in Appendix F.)

Experiments

In this section we describe our experimental protocol
and evaluation results across three datasets (Avalon—-NLU,
Mafia, AvalonLogs). We compare three classes of methods:

e CSP-only: purely constraint-based inference under five
settings (Strict, +Assert, + HyplG, + HypM, +TurnlG).

* LLM-only: direct probability estimation by prompting a
LLM on dialogue history (global vs. turn-based).

* LLM+CSP: LLM predictions augmented with CSP pos-
terior or MAP “assist” under the same five CSP settings.

We evaluate three perspectives: the objective view (pub-
lic evidence only), each good role’s private view (Merlin,
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Percival, Servant, Bystander), and each evil role’s view (As-
sassin, Mafia). For AvalonLogs—which lacks dialogue—we
run only the full-information variants (LLM-Global and
LLM,+CSP+HyplG) and sample one quest per game to
keep the large corpus tractable.

Unlike prior work that merges roles into broad classes,
we report exact per-player role accuracy, a much harder tar-
get. Potential baselines like DeepRole (Serrino et al. 2019)
and SVC-Assassin (Chuchro 2022) are not included: Deep-
Role optimizes win-rate through full-game policy learning,
SVC-Assassin predicts only the final assassination, and both
models ignore dialogue, hard-code the variants, and depend
on rule-specific network engineering, making them incom-
parable to our round-level, multi-dataset role-inference pro-
tocol. For the same reasons, we also forgo dataset-specific
fine-tuning of the LLM backbones: the corpora are too small
for reliable supervised adaptation, instruction-tuned models
are the standard baselines in previous works, and preserving
out-of-domain generalization is central to our evaluation.

Methods and Settings

CSP-only We accumulate evidence and phenomenon con-
straints and evaluate under five settings:

1. Strict: evidence + phenomenon only.

2. +Assert: adds high-weight assertions (carried forward).

3. +HyplG: adds all hypotheses with IG weights.

4. +HypM: adds all hypotheses with manual weights.
(grid-search tuned in experiments; details in Appendix I)

5. +TurnlG: adds current-turn hypotheses with IG weights.

LLM-only We prompt the LLM with the chat history up to
the current round (either global or turn-only) and the public
event log of quests or eliminations, asking it to return for ev-
ery player a probability distribution over roles together with
a MAP assignment that respects the known role counts.

LLM+CSP Identical to LLM-only but the prompt is aug-
mented with the CSP posterior table and MAP assignment
under one CSP setting (we experiment with all five).



Family | Setting | Cond. : Avalon-NLU __Mafia-UCB

Obj MRL PCV ASN MRG LSV Obj BYS MAF
Strict T 0.28/0.24 0.63/0.60 0.69/0.67 0.59/0.53 0.59/0.53 0.56/0.53 | 0.70/0.90 0.72/0.91 1.00/1.00
+Assert T 0.33/0.29 0.65/0.60 0.75/0.73 0.61/0.53 0.61/0.53 0.59/0.60 | 0.70/0.90 0.72/0.91 1.00/1.00
CSP +HyplG T 0.34/0.30 0.65/0.60 0.76/0.79 0.61/0.53 0.61/0.53 0.60/0.65 | 0.73/0.76 0.74/0.76 1.00/1.00
+HypM T 0.33/0.31 0.65/0.60 0.75/0.79 0.61/0.53 0.61/0.53 0.60/0.65 | 0.73/0.76 0.74/0.76 1.00/1.00
+TurnlG T 0.34/0.29 0.65/0.60 0.76/0.80 0.61/0.53 0.61/0.53 0.60/0.63 | 0.72/0.79 0.73/0.79 1.00/1.00
LLM GChat T 0.14/0.20 0.20/0.24 0.16/0.19 0.13/0.19 0.16/0.25 0.13/0.21 | 0.56/0.62 0.56/0.61 0.59/0.77
TChat T 0.11/0.12 0.21/0.25 0.14/0.18 0.11/0.12 0.16/0.20 0.11/0.16 | 0.66/0.72 0.61/0.66 0.67/0.82
Strict T 0.16/0.12 0.41/0.39 0.44/0.41 0.42/0.39 0.42/0.39 0.12/0.17 | 0.69/0.89 0.70/0.89 0.89/0.93
LLM +Assert T 0.19/0.15 0.42/0.40 0.47/0.45 0.44/0.40 0.44/0.40 0.13/0.18 | 0.69/0.89 0.70/0.89 0.89/0.93
+ +HyplG T 0.19/0.16 0.42/0.40 0.48/0.50 0.44/0.40 0.44/0.40 0.12/0.19 | 0.69/0.74 0.70/0.74 0.89/0.93
CSp +HypM T 0.19/0.16 0.42/0.40 0.47/0.50 0.44/0.40 0.44/0.40 0.13/0.20 | 0.69/0.74 0.70/0.73 0.89/0.93
+TurnlG T 0.19/0.15 0.42/0.40 0.47/0.45 0.44/0.40 0.44/0.40 0.11/0.15 ] 0.69/0.86 0.70/0.86 0.92/0.95

Random | — - 0.2667 0.4 0.4 0.5833 0.5833 0.3333 0.68 0.6889 1.00

Table 2: Truthful-Good Results on dialogue datasets (Lying-Good results in Appendix G). Each cell reports marginal accuracy
! MAP accuracy. Strict: evidence & phenomenon only; +Assert: adds assertions; +HypIG: global hypotheses (IG weights);
+HypM: global hypotheses (manual); +TurnlG: turn-local hypotheses; GChat: LLM with global chat + state; TChat: LLM
with turn chat, state. Role abbreviations—Avalon: MRL Merlin, PCV Percival, ASN Assassin, MRG Morgana, LSV Loyal
Servant; Mafia: BYS Bystander, MAF Mafia; Obj = objective. Only the first highest value per metric is highlighted in bold.

Views

Let V be the set of all perspectives: V' = {objective} U
{each role}. For each v € V we add “perspective evidence”:
If v = Merlin, add hard constraints that all evils are known;
if v = Percival, constrain the Merlin/Morgana candidates to
those roles; if v is evil, reveal fellow evils; otherwise, none.

Evaluation Metrics

For each round ¢ of a game we evaluate two quantities:

Marginal Accuracy Let P be the number of players, )
the ground-truth role of player p, and a,, ,. the model’s pos-

. . P
terior for role 7 is: MA, = 530, ap s

MAP Accuracy Let 7, be the role assigned to p in
the model’s maximum-a-posteriori (MAP) world, then:

MAP, = 530 17, =13].

Aggregation Both metrics are first averaged over the )
rounds of a single game, then across the set G of games in a

dataset Overall m = ﬁ > geg é Zqul mg where m €
{MA, MAP}, reporting the mean and standard deviation.

Experimental Protocol

For Avalon-NLU and Mafia we run all methods x settings
x views at every round. For AvalonLogs we sample a single
quest per game and run CSP-only (5 settings), LLM-only
(global) and LLM+CSP (HypIG). Scaling all weights by fac-
tor A € {0.25,0.5,1,2,4} set altered MAP accuracy by <
1.5 pp (percentage points), so we retain the default (wg¢rong,
Winids Wiow) = (0.5,0.2,0.1) weights (tuned in Appendix I)
for all reported results. In addition, on Avalon—-NLU we con-
duct supplementary LLM-only experiments to compare pure
dialogue-based inference across multiple LLMs (GPT-4o-
mini, GPT-40, GPT-4.1, Deepseek-v3, Gemini-2.0-flash).
Details are presented in Appendix D.

Results
Dialogue Datasets Analysis

Table 2 summarizes the results for both the Avalon-NLU
and Mafia-UCB datasets under various conditions. Because
the Lying-Good split contains only a handful of games (n
= 4), we regard its findings as preliminary; the complete
L-condition table is provided in Appendix G. Based on both
sets of results, several clear observations emerge:

CSP methods dominate consistently Regardless of
whether good players lie, CSP methods achieve the highest
overall accuracy. Specifically, CSP+HypIG and CSP+HypM
settings yield the best performance, with HypIG marginally
outperforming HypM due to information-gain weight-
ing. Interestingly, the CSP+TurnlG setting, which incor-
porates turn-local hypotheses, surpasses CSP+Assert, and
CSP+Assert is superior to CSP-Strict. In certain viewpoints,
however, CSP+Assert already attains the column-wise op-
timum, and adding further soft cues does not raise—but
also never lowers—the score, making the extra layers a pure
bonus. This trend indicates the incremental benefit of adding
soft information in structured formats. All reported improve-
ments of CSP over the LLM baseline are statistically sig-
nificant according to two-sided Wilcoxon signed—rank and
paired ¢-tests (p < 0.05); see Appendix E for test details.

LLM struggles with complex reasoning Pure LLM ap-
proaches significantly underperform compared to CSP in the
more complex Avalon-NLU dataset, indicating difficulties
in precise role deduction from dialogue alone. Introducing
CSP-derived information (LLM+CSP methods) slightly im-
proves overall accuracy, especially from special-role view-
points (Merlin, Percival, Morgana, Assassin). However,
from the objective viewpoint and Loyal Servant perspective,
accuracy gains are minimal or even negative, reflecting that
limited structured knowledge may mislead the LLM.
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Figure 2: Quest-by-quest accuracy trends on Avalon-NLU. Quest 6 = assassination round following three successful quests.

AvalonLogs — 6-player

AvalonLogs — 9-player

Family Seting 55— MRL PCV MRG LSV EVM | Obj MRL PCV MRG LSV EVM
csp Stict | 0290 0.614 0.635 0584 0390 0.601 | 0302 0.595 0568 0554 0348 0.614

+HyplG | 0.326 0.615 0.637 0577 0419 0729 | 0.360 0.666 0.525 0578 0403 0.674
LLM Global | 0283 0360 0325 0208 0200 0464 | 0280 0360 0309 0313 0201 0417
LLM+CSP | +HypIG | 0289 0613 0633 0584 0389 0691 | 0301 0593 0564 0554 0347 0614

Table 3: AvalonLogs performance split by game size. Each cell shows marginal accuracy. Roles: Obj (objective), MRL (Mer-
lin), PCV (Percival), MRG (Morgana), LSV (loyal-servant aggregate), EVM (evil-minion aggregate). The 6-player subset
illustrates a small-scale scenario, while the 9-player subset represents a larger game. In both cases CSP-based methods outper-
form a pure LLM baseline, and the hybrid LLM+CSP variant retains most CSP gains while leveraging LLM reasoning.

Simpler dialogue benefits LLM For the simpler Mafia-
UCB dataset, performance differences between LLM and
CSP methods narrow significantly. Here, the TChat set-
ting (turn-based contexts) notably outperforms the global-
context setting (GChat). Moreover, under the CSP-
supported HypIG condition, the LLM+CSP approach even
surpasses pure CSP, illustrating the synergy possible when
combining structured priors and simpler dialogue contexts.

However, a critical limitation of the LLM becomes ev-
ident: despite having perfect information from the Mafia
perspective, the pure LLM still fails to achieve full accu-
racy due to inherent hallucinations and contextual confu-
sion. Even with 100% correct CSP priors, the LLM struggles
to disregard misleading or irrelevant dialogue elements, un-
derscoring the necessity for explicit fine-tuning or stronger
constraints to directly guide accurate reasoning.

Marginal vs. MAP accuracy Interestingly, pure CSP
consistently shows slightly higher marginal accuracy com-
pared to MAP accuracy. The reverse pattern occurs for
LLM methods, suggesting that while LLM confidently con-
verges towards a single best solution, the CSP generates
a more probabilistic distribution of roles, spreading uncer-
tainty across multiple assignments.

Impact of Lying-Good behavior In both Avalon-NLU
and Mafia-UCB, only a few games contain explicit
role-lying from good players (Appendix G). In these lim-
ited cases we see anecdotal shifts: CSP accuracy sometimes
moves in favor of good-aligned perspectives, whereas our
prompt-based LLM baselines tend to drop slightly across
viewpoints. Because the sample is too small for firm statis-
tics, we treat these observations as illustrative only. A larger,

dedicated study of deception effects is left for future work.

No-dialogue Large Scale Dataset: AvalonLogs

Without dialogue, AvalonLogs provides only quest and vote
records. We give six- and nine-player results here in Ta-
ble 3 and place full tables in Appendix H. Only Strict and
+HyplG settings are shown, because all other variants alter
accuracy by < 2 pp, and +HyplG is typically the best. Un-
der +HyplG setting, the objective score rises to 0.33 ~ 0.36
, while role views climb further (Merlin 0.67, Evil-Minion
0.73). These gains result mainly from event-level assertions,
augmented by IG-weighted hypotheses.

LLM alone, confined to frequency heuristics, stays near
0.28 objectively and below 0.37 for special roles; CSP sur-
passes it by 5-8 pp on low-information roles and 25-30 pp
on informative ones. Feeding CSP back to the model yields
the same scores as CSP-Strict, confirming that LLM per-
forms better in no-dialogue dataset yet still relies on CSP for
combinatorial reasoning. Compared with the dialogue-rich
Avalon-NLU corpus, gains here are smaller because the ev-
idence ceiling is lower, but CSP remains dominant. Accu-
racy also exhibits a size-related pattern—dipping at 7 play-
ers, recovering at 8-9, and falling again at 10 (discussion in
Appendix H). Conversely, LLM and LLM+CSP degrade on
Avalon-NLU, showing that unfiltered dialogue can swamp
the model even with accurate CSP hints. Overall,(1) mis-
sion and vote data alone give a solid but bounded signal,
whereas dialogue unlocks the deeper role logic that makes
SDGs dialogue-driven; (2) LLMs excel at information ex-
traction but not at the structured reasoning as CSP does.
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(a) Overall MAP accuracy by view type

(b) Overall marginal accuracy scatter plot by view type

Figure 3: Accuracy distribution across different perspectives (Truthful condition). Good-role perspectives (blue) achieve higher
accuracy, evil-role perspectives (red) exhibit broader variance, and objective views (gray) record lower accuracy levels. Abbre-
viations: C = CSP, LC = LLM+CSP, L =LLM; A = +Assert, IG = +HyplG, HM = +HypM, T = TurnlG, § = Strict.

Model LLM-Global LLM+CSP+HypIG

Obj ASN PCV MRG LSV Obj ASN PCV MRG LSV
GPT-40-mini 0.14/0.20 0.13/0.19 0.16/0.19 0.16/0.25 0.13/0.21 | 0.19/0.16 0.44/0.40 0.48/0.50 0.44/0.40 0.12/0.19
GPT-40 0.15/0.16 0.12/0.08 0.20/0.27 0.17/0.18 0.15/0.16 | 0.19/0.17 0.44/0.40 0.47/0.50 0.44/0.41 0.15/0.15
GPT-4.1 0.15/0.12  0.11/0.08 0.25/0.30 0.16/0.14 0.15/0.13 | 0.19/0.16 0.43/0.40 0.48/0.50 0.42/0.40 0.15/0.15
DeepSeck-v3 0.16/0.16  0.20/0.16 0.22/0.25 0.19/0.21 0.17/0.16 | 0.19/0.16 0.46/0.40 0.51/0.55 0.46/0.40 0.16/0.14
Gemini-2.0-flash | 0.16/0.18 0.13/0.12 0.18/0.22 0.18/0.16 0.16/0.17 | 0.19/0.16 0.41/0.39 0.48/0.50 0.38/0.36 0.16/0.17

Table 4: Marginal/ MAP accuracy on Avalon-NLU under pure LLM and LLM+CSP+HypIG. Merlin omitted (identical across
setups; likely as Merlin’s deterministic constraints heavily prune the domain, leading to uniform inferences across all models).

Analysis of Trends and Viewpoints

Figures 2a and 2b show how accuracy evolves throughout
the quests from the servant’s viewpoint. CSP-based meth-
ods (solid lines) exhibit consistent improvement in accuracy,
particularly from Quest 3 onward, sharply rising in the final
assassination round (Quest 6). CSP variants utilizing soft
constraints (+Assert, +HyplG, +HypM) lead performance,
whereas the Strict setting lags slightly due to reliance solely
on hard constraints. Pure LLM methods (dashed and dot-
ted lines) have minimal improvements or even degrade over
time, especially in the LLM-turn mode. Augmenting LLM
with CSP posterior information (LLM+CSP) provides mod-
erate gains but still falls short compared to pure CSP, high-
lighting the advantage of structured probabilistic reasoning.

Figure 3a confirms that accuracy varies significantly
by perspective, with evil-role views consistently achieving
higher median accuracies across methods. Good-role per-
spectives, however, exhibit notable variance, reflecting their
susceptibility to misleading or ambiguous dialogue. The ob-
jective perspective generally records the lowest accuracies,
emphasizing that informed viewpoints substantially aid role
prediction. Figure 3b further highlights this trend, clearly
separating good/evil-role predictions toward higher accu-
racy, while objective predictions scatter more broadly, in-
dicating the nuanced challenges inherent to this perspective.

Ablation: Different LLLM Capabilities

Across LLM backbones, from lightweight to state-of-the-
art, increasing model scale yields only modest and some-
times negative returns on role-inference accuracy, as shown
in Table 4. This suggests the performance bottleneck is not
a matter of model capacity but a conceptual limitation, as
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larger models tend to amplify superficial heuristics rather
than master the combinatorial reasoning essential for SDGs.
Conversely, augmenting any LLM with CSP posteriors pro-
duces a uniform and significant accuracy uplift, particularly
for roles with hidden information like Assassin, Percival,
and Morgana. This consistent improvement demonstrates
that the hybrid design successfully addresses a core reason-
ing deficit inherent in current language models. Therefore,
the results indicate that structured, constraint-based reason-
ing is not merely a temporary fix for present models but will
likely remain an essential component for achieving high-
fidelity inference, underscoring the framework’s long-term
relevance even as foundation models continue to evolve.

Conclusion

In this work, we introduced CSP4SDG, a generalized prob-
abilistic constraint-satisfaction framework for role inference
in SDGs. We formulated role identification as a CSP by de-
composing game information into structured, linguistically-
agnostic constraints, and leveraged information-theoretic
principles to dynamically weight soft constraints. Extensive
evaluations across three public datasets with multiple CSP
configurations, varying role perspectives, and LLM ablation
experiments confirmed that pure LLMs are insufficient for
human-level role identification tasks, and CSP4SDG consis-
tently achieves superior accuracy and interpretability com-
pared to pure LLM baselines and hybrid approaches. Future
work will explore interactive, human-in-loop constraint pro-
cessing, test on large and complex datasets, and extend CSP-
driven posteriors from passive inference to active, real-time
decision support within live gameplay.
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