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Abstract
Humans lie and detect lies. Deceivers deceive successfully by inferring whether a victim will
detect them, and victims detect deception by inferring how a sender might lie. Deception and
counter-deception require a set of cognitive traits: the ability to infer what others are thinking,
the capacity to reason how likely others will accept an unfair outcome, and other qualities. These
behaviors have been formalized as recursive social reasoning. While deceptive dynamics have been
tested and recorded in humans, should we expect modern AI agents to follow the same rules and
conventions that guide human behavior, or can we postulate otherwise? In this work, we examine
whether modern AI agents (LLMs) replicate complex deceptive and counter-deceptive dynamics,
and why they sometimes fail to do so. We will further propose a neuro-symbolic (model synthesis)
architecture to endow LLMs with missing social inference capacities.

1. Introduction

Deception is a canonical social-reasoning problem. Unlike cooperative Theory-of-Mind tasks,
where aligned incentives may permit success through behavioral prediction or learned conventions,
deception makes another agent’s false belief an instrumental objective (Berke et al., 2025). It there-
fore provides a distinct and stringent test of recursive social reasoning: a successful ploy requires
planning through the victim’s decision-making. Manipulating them to falsely believe something,
with the end goal of causing them to act in favor of the deceiver. If the victim detects the ruse,
they retaliate and punish the culprit. This battle of wits pits detection evasion against manipulation,
anticipation, and counter-detection (Alon et al., 2026; Sarkadi, 2023). In their work, Oey et al.
(2023) formalized this mental showdown as mutually recursive inference between a sender and a
receiver, and showed that human behavior is best explained by a Recursive Theory-of-Mind (ToM)
(Premack & Woodruff, 1978) model over simpler alternatives that lack audience modeling. Their
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strongest evidence came from a partially-observable variant with divergent sender/receiver beliefs:
senders’ lies tracked their modeled belief about the receiver, not their own belief, isolating genuine
mentalization from self-reference.

Given the accelerating rate of agentic capabilities, including the planning and execution of com-
plex deceptive ploys (Zhan et al., 2025), we ask whether LLMs can replicate human deceptive
and counter-deceptive behavior (Alon et al., 2023). Most LLM-ToM benchmarks rely on static
false-belief tasks (Shapira et al., 2024; Wagner et al., 2025), rarely probe strategic, game-theoretic
mentalizing, and never ask whether it is a default competency or a scaffolding artifact. We reframe
the question away from benchmarking toward a mechanistic account: what default recursion level
(in the cognitive-hierarchy sense of Camerer et al., 2004) does an LLM apply naively, how far does
scaffolding shift it (Cross et al., 2025), and does its behavior calibrate to the opponent’s true so-
phistication? This last manipulation is one no human study can run cleanly, since human recursion
depth can only be inferred, never set.

This extended abstract delineates our aim to test these questions by decomposing deception
and counter-deception into a sequence of tasks, aiming to identify when and why LLMs fail. By
comparing the performance of an agent (LLM and a harness (Wong et al., 2025)) with that of a raw
LLM, we aim not only to uncover failure causes but also to mitigate them. Our results will pave the
way for more profound work that identifies LLM failure modes in complex social inference tasks
and augments these agents with social or normative harnesses.

Where scaffolding alone is insufficient, we propose addressing the gap architecturally: a neuro-
symbolic model-synthesis agent in which the LLM acts as controller, delegating the two compo-
nent computations to explicit symbolic modules — a calibrated probabilistic estimator and a game-
theoretic solver computing best responses directly from the expected-value equations — and orches-
trating their outputs into a recursive decision rather than performing the full inference in free text
(Wong et al., 2025). This treats the diagnosed failure locus as a specification for what to externalize.
This work will provide the diagnostic groundwork for that architecture: identifying, model by model
and tier by tier, which social-inference capacities are missing before supplying them symbolically.

We will draw our experiments from Oey et al. (2023): a sampler privately draws ten mar-
bles, reports a potentially false red-marble count, and a responder accepts or challenges the report.
We will set up a controlled LLM testbed comparing raw LLMs with social-harness agents across
opponent depths, information conditions, and surface forms. We will then use an iterated marble-
counting game with the same adversarial incentives as the original study, run under full and partial
observability (the latter giving sender and receiver divergent beliefs). The task recursively com-
bines probabilistic inference (judging report plausibility) and game-theoretic reasoning (weighing
the gain from dishonesty) for the deceiver and the detector. Because the original stimuli are publicly
archived, we can run a surface-novel isomorphic cover story in parallel as a contamination check.

Our proposed approach turns the question “does the LLM pass the deception task” into a deeper
analysis: whether departure from Recursive ToM traces to miscalibrated base-rate reasoning, to
weak best-response computation, and/or to a failure to couple the two under adversarial incentive.
We expect scaffolding to remediate the two former failure types more readily than the latter failure.
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