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Abstract

Theory of Mind (ToM) reasoning requires in-
ferring agents’ beliefs from partial and asym-
metric observations, which remains an open
challenge for LLMs. Existing prompting-based
approaches improve ToM reasoning through
observable-event filtering or temporal belief
chains, without explicitly modeling nested be-
liefs. We introduce RECTOM, an inference-
time framework for ToM reasoning that models
nested beliefs via recursive perspective con-
struction. RECTOM constructs each charac-
ter perspective from the preceding character
perspective along the character chain speci-
fied by the question, reducing higher-order be-
lief questions to actual-world questions within
the final constructed perspective. We fur-
ther provide a KD45 analysis showing that
RECTOM’s perspective construction induces
a well-formed belief modality beyond simple
event filtering. Experiments on ToM bench-
marks, including Hi-ToM, Big-ToM, and Fan-
ToM, across multiple LLM backbones show
that RECTOM consistently outperforms recent
advanced approaches, achieving state-of-the-
art performance. Notably, RECTOM reaches
100% accuracy on Hi-ToM with GPT-5.4 and
Qwen3.5, a benchmark requiring higher-order
ToM reasoning. Our code is available at https:
//github.com/you68681/rectom.

1 Introduction

Theory of Mind (ToM), the ability to reason about
others’ beliefs, knowledge, and perspectives, is a
central component of social intelligence (Premack
and Woodruff, 1978; Wimmer and Perner, 1983;
Baron-Cohen et al., 1985). For Large Language
Models (LLMs) in interactive settings, ToM is cen-
tral to handling asymmetric information, multi-
agent coordination, and belief-dependent decision
making (Rabinowitz et al., 2018; Sap et al., 2022;
Gandhi et al., 2023). However, recent studies
show that even strong LLMs remain unreliable

on ToM tasks that require reconstructing agent-
specific beliefs from partial observations, rather
than predicting the final world state (Sap et al.,
2022; Gandhi et al., 2023; Wu et al., 2023; Kim
et al., 2023). For instance, in a Sally-Anne-style
false-belief paradigm, if Alice leaves after plac-
ing an object in a box and Bob later moves it to a
drawer, Alice would believe the object remains in
the box, whereas predicting the drawer reflects an
omniscient-state bias (Wimmer and Perner, 1983;
Baron-Cohen et al., 1985). Such cases illustrate the
epistemic nature of ToM reasoning, where success-
ful reasoning must identify agent-specific observ-
ability, preserve beliefs across unobserved intervals,
and revise beliefs only under observed relevant evi-
dence. Higher-order questions, such as the second-
order question “Where does Alice think Bob will
search?”, further challenge ToM reasoning since
they require nested belief construction, in which
Bob’s belief must be represented within Alice’s per-
spective rather than inferred as Bob’s actual belief
(Perner and Wimmer, 1985; Wu et al., 2023).

Recent prompting-based methods address parts
of this challenge through structured intermediate
reasoning. SIMTOM uses a two-stage prompting
procedure: it first filters the story to the events ob-
servable to each character in question, and then
prompts the model to answer the ToM question
using only the filtered context (Wilf et al., 2024).
TIMETOM (Hou et al., 2024) introduces a temporal
space by assigning time points to story sentences or
dialogue utterances, and constructs a Temporal Be-
lief State Chain (TBSC) for each character. It fur-
ther separates TBSC into self-world beliefs, which
record a character’s belief, and social-world beliefs,
which record beliefs about other characters’ actions
that may create belief gaps. The former is used
for first-order ToM questions, whereas the latter
supports higher-order ToM reasoning. For higher-
order questions, its Time-Aware Belief Solver iden-
tifies each character’s accessible time points, inter-
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sects them as belief-communication periods, and
reduces higher-order questions to first-order ques-
tions within these periods. SIMTOM and TIME-
TOM show that ToM reasoning benefits from in-
termediate representations that specify observable
events for each character and the temporal evolu-
tion of character beliefs. However, neither SIM-
TOM nor TIMETOM explicitly constructs nested
beliefs for reasoning over one character’s belief
within another character’s perspective in higher-
order ToM questions. See Appendix A for detailed
related work.

To address this limitation, we introduce REC-
TOM, an inference-time framework that formulates
ToM reasoning as recursive symbolic perspective
construction for nested belief modeling. RECTOM
explicitly models belief states under partial ob-
servability, enabling beliefs to persist across unob-
served intervals, update under observed evidence,
and nest across character perspectives. For each
ToM task, each narrative statement or dialogue ut-
terance is abstracted into a fact-based symbolic
event and classified as either persistent or transient.
Persistent events introduce or revise ontic facts,
such as object locations, character locations, and
character presence, whereas transient events, such
as communications, claims, and questions, allow
belief updates under partial observability. REC-
TOM constructs a global state-event sequence by
accumulating ontic facts over the event sequence to
build fact-based states and pairing each state with
its corresponding persistent or transient event.

From the global state-event sequence, RECTOM
constructs perspectives recursively. The global
perspective preserves the complete state-event se-
quence and serves as the initial source perspective.
For each character specified in the belief question,
RECTOM constructs the character’s perspective
in order by completing the character’s partial ob-
servation over the current source perspective. Ob-
servable states and events are retained locally, un-
observable events are removed, and unobservable
states are completed by inheriting the preceding
belief state and revising it with the paired observ-
able events. The newly constructed perspective
then becomes the source perspective for the next
character. In this way, nested beliefs are evaluated
relative to preceding perspectives rather than the
omniscient narrative, reducing higher-order belief
questions to actual-world questions within the final
constructed perspective, whose final state deter-
mines the answer under a closed-world assumption

(Reiter, 1981).
When evaluated on well-established ToM bench-

marks, including Hi-ToM (Wu et al., 2023), Big-
ToM (Gandhi et al., 2023), and FanToM (Kim
et al., 2023), RECTOM consistently outperforms
SIMTOM and TIMETOM across multiple LLMs,
demonstrating state-of-the-art performance. Its
advantage is most evident on Hi-ToM, which in-
cludes up to fourth-order questions, where REC-
TOM achieves 100% accuracy on most evaluated
LLMs. These results indicate that recursive per-
spective construction with explicit fact-based state
representations yields robust gains in higher-order
and information-asymmetric ToM reasoning. We
outline our contributions as follows:
• We introduce RECTOM, an inference-time frame-

work that formulates ToM reasoning as recursive
perspective construction, modeling nested beliefs
with respect to preceding character perspectives.

• We provide a formal analysis showing that REC-
TOM’s perspective construction induces a well-
formed belief modality satisfying KD45.

• We conduct extensive experiments on Hi-ToM,
Big-ToM, and FanToM across diverse LLM back-
bones, showing that RECTOM consistently out-
performs current state-of-the-art approaches.

2 Problem Formulation

We define a ToM instance as

I = (E, q, y), E = (e1, . . . , eT ),

where E is an ordered event sequence, each event
et ∈ E corresponds to a narrative statement or
dialogue utterance, q is the question, and y is the
ground-truth answer.

Let A(E) denote the characters appearing in E.
For a question q, we define its character chain as

C(q) = (a1, . . . , aK), ai ∈ A(E),

where C(q) lists the characters in q from the outer-
most belief holder a1 to the innermost belief holder
aK , and K denotes the belief-nesting order. Fig-
ure 1 illustrates a Hi-ToM instance, where each et
is a narrative statement. The zero-order (actual-
world) question has K = 0 and C(q) = ∅; the
first-order belief question has K = 1 and C(q) =
(Elizabeth); and the third-order belief question, a
higher-order case with K > 1, has K = 3 with
C(q) = (Elizabeth, Isabella, Jacob).



1: Isabella, Elizabeth, Jacob enter bedroom

2: tomato in green bottle

3: Isabella moves tomato to green box

4: Isabella exits bedroom

5: Elizabeth moves tomato to blue container

6: Elizabeth exits bedroom

7: Jacob moves tomato to red basket

8: Jacob exits bedroom

9: Jacob privately tells Elizabeth: tomato in green box

Event Sequence

Where does think the tomato is?

1st-order Question

Example Hi-ToM Instance

Where does think thinks thinks the tomato is?

3rd-order Question

Answer Choices: (a) green bottle (b) green 
box (c) blue container (d) red basket 

Where is the tomato?
0th-order Question

Figure 1: An example Hi-ToM instance with zero-order,
first-order, and third-order belief questions over a narra-
tive event sequence.

3 RECTOM Overview

RECTOM consists of three main steps: 1) global
state-event sequence construction; 2) recursive per-
spective generation for the characters in C(q); and
3) answer inference from the constructed perspec-
tive. The overall procedure of RECTOM is illus-
trated in Figure 2.

3.1 Global State-Event Sequence
Construction

3.1.1 Fact-Based Event Abstraction.
Given the event sequence E, RECTOM first ab-
stracts each event et ∈ E into a fact-based sym-
bolic representation and classifies it as either a per-
sistent event πt or a transient event τt. A persis-
tent event πt introduces or revises ontic facts about
world conditions, such as object locations, char-
acter locations, and character presence, which re-
main valid until explicitly revised by later persistent
events. In contrast, a transient event τt records an
event occurrence, such as a communication, claim,
or question, that updates characters’ beliefs by mod-
ifying the facts when they are unobservable. We

note that RECTOM generates the fact-based repre-
sentation using the structured abstraction prompt
and determines πt and τt according to the task de-
scription. For concision, we use et to denote the
abstracted fact-based event in the following sec-
tions, unless explicitly noted.

3.1.2 Global State-Event Sequence

RECTOM constructs the symbolic state st for each
event et by updating st−1 with added facts ∆+

t and
removed facts ∆−

t , initialized with s0 = ∅:

st = (st−1\∆−
t ) ∪∆+

t , t = 1, . . . , T. (1)

When et = πt, ∆+
t and ∆−

t are specified by the
persistent event; when et = τt, ∆+

t = ∆−
t =

∅, yielding st = st−1. Thus, st accumulates the
ontic facts that hold after processing et, providing
a complete state representation for belief modeling.
RECTOM preserves each abstract event et at its
original position, resulting in the global state-event
sequence:

G = {(st, et)}Tt=1,

where each pair (st, et) aligns the symbolic state
with its corresponding event, instantiated as either
πt or τt. Step 1 in Figure 2 illustrates the construc-
tion of G for the Hi-ToM example in Figure 1.

3.2 Perspective Construction

3.2.1 Global Perspective

RECTOM treats the global state-event sequence G
as the global perspective, denoted by P (∗|G). Here,
∗ indicates that the perspective P is not associated
with a specific character, and G serves as its source.
We note that G contains complete state-event in-
formation independent of any character’s beliefs
or observations. This allows RECTOM to answer
zero-order questions about real-world conditions,
which are encoded in the final state of P (∗|G), with-
out character-specific belief inference.

3.2.2 Character Perspective

A character perspective encodes the character’s be-
lief across the states, combining what the character
has observed with what the character continues
to believe for unobserved states. Given a source
perspective P (·) = {(st, et)}Tt=1, RECTOM con-
structs the perspective of character ai, denoted by
P (ai|P (·)), in two steps.



Persistent event π1 : +in_room(Isabella), +in_room(Elizabeth), +in_room(Jacob)

Persistent event π2 : +in(tomato, green_bottle)

Persistent event π3 : −in(tomato, green_bottle), +in(tomato, green_box)

Persistent event π4 : −in_room(Isabella)

Persistent event π5 : −in(tomato, green_box), +in(tomato, blue_container)

Persistent event π6 : −in_room(Elizabeth)

Persistent event π7 : −in(tomato, blue_container), +in(tomato, red_basket)

Persistent event π8 : −in_room(Jacob)

Transient event τ₉ : private_tell(Jacob, Elizabeth, in(tomato, green_box))

𝑠₁ {in_room(Isabella), in_room(Elizabeth), in_room(Jacob)} 

𝑠₂ {in_room(Isabella), in_room(Elizabeth), in_room(Jacob), in(tomato, green_bottle)}

𝑠₃ {in_room(Isabella), in_room(Elizabeth), in_room(Jacob), in(tomato, green_box)}

𝑠₄ {in_room(Elizabeth), in_room(Jacob), in(tomato, green_box)}

𝑠₅ {in_room(Elizabeth), in_room(Jacob), in(tomato, blue_container)}

𝑠₆ {in_room(Jacob), in(tomato, blue_container)}

𝑠₇ {in_room(Jacob), in(tomato, red_basket)}

𝑠₈ {in(tomato, red_basket)}

𝑠₉ {in(tomato, red_basket)} e9 =τ₉

Fact-Based Event Abstraction
Global State-Event Sequence 

Step 1: Global State-Event Sequence Construction 

𝑠₁ 𝑠2 𝑠3 𝑠4 𝑠5 𝑠6 𝑠7 𝑠8 τ9 𝑠9 Global 
Perspective 

Question: Where is the tomato?

0th-order

Question: Where does think thinks thinks the tomato is?

Observation 𝑠₁ 𝑠2 𝑠3 𝑠4 𝑠5 τ9  

𝑠₁ 𝑠2 𝑠3 𝑠4 𝑠5 𝑠5a 𝑠5a 𝑠5b τ9 Perspective

𝑠₁ 𝑠2 𝑠3 Observation

𝑠₁ 𝑠2 𝑠3 Perspective 𝑠3a 𝑠3a 𝑠3b 𝑠3b 𝑠3c 𝑠3c 

𝑠₁ 𝑠2 𝑠3 Observation 𝑠3a 𝑠3a 𝑠3b 𝑠3b 

𝑠₁ 𝑠2 𝑠3 Perspective 𝑠3a 𝑠3a 𝑠3b 𝑠3b 

Step 3: Answer Inference

𝑠3c 

Answer is b 
(green box)

Step 2: Perspective Construction

𝑠3c 

3rd-order

Question: Where is the tomato? Answer is d (red basket)

Question: Where does think the tomato is? Question: Where is the tomato?

0th-order
S5c = Answer is b 

(green box)

1st-order

0th-order

S3c=            

S9=              Answer with Global Perspective

Answer with Elizabeth’s perspective

Answer with Jacob’s 
perspective

e₁ = π1 
e2 = π2 

e3 = π3 
e4 = π4 

e5 = π5 

e6 = π6 

e7 = π7 
e8 = π8 

π1 π2 π3 π4 π5 π6 π7 π8

π1

π1

π6

π6

π8

π8 𝑠5c 

π1

π1

π4

π4

π6

π6 π8

π8

π1

π1

π4

π4

π6

π6

π8

π8

π4

π4

π2

π2

π2

π2

π2

π2

π3

π3

π3

π3

π3

π3

π5

π5

Figure 2: Illustration of the full RECTOM procedure for solving the Hi-ToM instance in Figure 1. Narrative events
are abstracted into fact-based persistent events πi and transient events τi, and accumulated into a global state-event
sequence {(st, et)}Tt=1, with T = 9 in this example (Step 1). Character perspectives are recursively constructed
along the character chain (Elizabeth, Isabella, Jacob) (Step 2). Crosses mark unobservable states or events, while
changes in the suffixes of state labels, such as from s5a to s5b, denote belief-state updates induced by observable
events during partial-observation completion. Each constructed perspective serves as the source for constructing the
perspective of the next character. The zero-order, first-order, and third-order questions are answered from the final
states of the global, Elizabeth’s, and Jacob’s perspectives, respectively, after reducing belief questions to zero-order
questions within their corresponding perspectives (Step 3).

Character Partial Observation. To model what
character ai has observed, RECTOM derives
a partial observation sequence O(ai|P (·)) =
{(s̄t, ēt)}Tt=1 over P (·) for ai, where s̄t = st if st is

observable to ai and s̄t = ∅ otherwise, and ēt = et
if et is observable to ai and ēt = ∅ otherwise. Thus,
observable states and events in P (·) are retained, un-
observable events are discarded, and unobservable



states are masked for later completion. RECTOM
evaluates each pair (st, et) in P (·) according to the
task-specified observability rules. For example, in
Hi-ToM, a state st is observable to ai when it con-
tains presence facts for ai, such as in_room(ai);
a persistent event et = πt is observable if its
paired state st is observable, while room-entry and
room-exit events, such as +in_room(character)
or -in_room(character), are observable to all
characters; and a transient event et = τt
is observable when ai is a participant in the
event, such as being the speaker or listener in
private_tell(speaker,listener,fact).

Partial Observation Completion. To model
what character ai continues to believe for unob-
served states, RECTOM completes the partial ob-
servation sequence of ai. In detail, RECTOM
maps the partial observation sequence O(ai|P (·)) =
{(s̄t, ēt)}Tt=1 into the perspective of ai:

P (ai|P (·)) = {(ŝt, ēt)}Tt=1,

where the event component ēt is preserved and the
state component s̄t is completed as ŝt:

ŝt =

{
s̄t, s̄t ̸= ∅,
fcom(ŝt−1, ēt), s̄t = ∅.

(2)

Here, the completion function fcom is applied when
state is unobservable, i.e., s̄t = ∅. It inherits the
preceding completed state as the basis of the charac-
ter’s belief to preserve belief continuity, and revises
the inherited state with ēt when it is observable, i.e.,
ēt ̸= ∅, to account for belief updates. This follows
the belief-persistence assumption that a character’s
belief remains unchanged unless revised by observ-
able evidence, consistent with prior work (Hu et al.,
2023; Goldman, 1979). In practice, RECTOM up-
dates ŝt−1 with ēt using Eq. (1) when ēt = πt,
and revises ŝt−1 according to the task-specified
transient-event rules when ēt = τt.

Recursive Perspective Generation For a belief
question of order K > 0, the global perspective
P (∗|G) serves as the source perspective for recur-
sively constructing character perspectives along the
character chain C(q). Each constructed perspec-
tive then serves as the source for the next character,
thereby modeling nested beliefs relative to the pre-
ceding perspective, as shown in Step 2 of Figure 2.

Algorithm 1: Pseudocode of RECTOM
Input :Event sequence E = (e1, . . . , eT ); ToM

question q; LLMM
Output :Predicted answer ŷ
/* Global Perspective Construction */
// Fact-based event abstraction and

event-type classification

1 F = {(∆+
t ,∆

−
t , et), et ∈ {πt, τt}}Tt=1 ←M(E);

// Construct the global perspective

2 P (∗|G) ← BuildGlobalPerspective(F);
/* Recursive Perspective Construction */
// Extract the character chain

3 C(q) = (a1, . . . , aK)←M(q);
// C(q) = ∅ indicates a zero-order question

4 if C(q) = ∅ then
// Answer from the global perspective

5 ŷ ←M(q,FinalState(P (∗|G)));
6 return ŷ;

// Initialize source perspective

7 P (·) ← P (∗|G);
8 foreach ai ∈ C(q) do

// Build partial observation sequence

9 O(ai|P (·)) ←M(ai, P
(·));

// Complete partial observation

10 P (ai|P (·)) ← Complete(O(ai|P (·)),M);
// Update source perspective

11 P (·) ← P (ai|P (·));

/* Answer Inference */
// Reduce to a zero-order question

12 q(0) ←M(q, C(q));
// Answer from the final perspective

13 ŷ ←M(q(0),FinalState(P (·)));
14 return ŷ;

3.3 Answer Inference

Recursive perspective construction reduces first-
order and higher-order questions to zero-order ques-
tions within the final constructed perspective. Un-
der the closed-world assumption, RECTOM an-
swers the reduced question using the final state of
this perspective, which encodes the innermost char-
acter’s belief conditioned on the preceding perspec-
tives in C(q), as illustrated in Step 3 of Figure 2.

3.4 Pseudocode of RECTOM

Algorithm 1 summarizes the full procedure of REC-
TOM. The LLM M is used for natural-language
interpretation and semantic reasoning, including
event abstraction and event-type classification
(Line 1), character-chain extraction (Line 3), ob-
servability judgment (Line 9), transient-event belief
revision within Complete(·) (Line 10), question
reduction (Line 12), and answer inference (Lines 5
and 13). In contrast, global state accumulation
from persistent events during global-perspective
construction (Line 2) and persistent-event updates



inside Complete(·) (Line 10) follow the determin-
istic update rule in Eq. (1). RECTOM combines the
semantic reasoning capacity of LLMs with deter-
ministic updates to improve the reliability of belief
persistence, belief revision, and recursive perspec-
tive construction in ToM reasoning.

4 KD45 Analysis of RECTOM

We use KD45, a standard modal logic for belief,
to show that RECTOM’s perspective construction
induces a well-formed belief modality beyond sim-
ple event filtering (Malcolm, 1952; Fagin et al.,
1995). In this analysis, K requires a constructed
perspective to support standard logical inference,
D requires internal consistency, and 4 and 5 con-
cern the preservation of beliefs and non-beliefs un-
der repeated perspective construction for the same
character. For concision, we provide a proof sketch
here and show the full proof in Appendix C.

Let φ and ψ denote belief-query formulas, which
may be symbolic facts or nested belief statements.
For a character ai, let Baiφ denote that ai believes
φ. RECTOM interprets Baiφ by constructing ai’s
perspective, P (ai|P (·)), from a source perspective
P (·), and evaluating φ inside P (ai|P (·)):

P (·) |= Baiφ iff P (ai|P (·)) |= φ. (3)

Thus, φ is evaluated in the constructed character
perspective rather than in the source perspective.

4.1 Self-Perspective Idempotence
The key property for proving KD45 is that the per-
spective is stable under repeated construction for
the same character:

P (ai|P (ai|P
(·))) = P (ai|P (·)). (4)

RECTOM satisfies this property because recon-
structing the partial observation sequence of ai
from P (ai|P (·)) yields the same partial observation
sequence, so the subsequent completion remains
the same and produces the same perspective.

4.2 KD45 Satisfaction
For RECTOM, K holds because the constructed
perspective supports standard logical inference (if
φ→ ψ and φ hold then ψ holds). According to Eq.
(3), Bai(φ→ ψ) and Baiφ holding in P (·) implies
that φ→ ψ and φ hold in P (ai|P (·)); hence ψ holds
in P (ai|P (·)), thereforeBaiψ holds in P (·). D holds
because each constructed perspective maintains the

consistent symbolic state under the closed-world
assumption, so a fact and its negation cannot both
hold. 4 and 5 follow from Eq. (4): reconstructing
the same character’s perspective returns the same
perspective, so both beliefs and non-beliefs are pre-
served under repeated construction. Therefore, the
belief modality induced by RECTOM’s perspective
construction satisfies KD45.

5 Experiments

We first evaluate RECTOM on Hi-ToM, a bench-
mark designed to assess higher-order ToM rea-
soning over narrative event sequences (Figure 1).
We select 400 tasks from Hi-ToM, covering ques-
tion orders from zero to four, with 80 instances
per order. Each task requires selecting the cor-
rect answer from 15 candidate choices. We com-
pare RECTOM against current state-of-the-art ap-
proaches: Chain-of-Thought prompting (CoT),
SIMTOM, and TIMETOM. To examine robustness
across model families and scales, we evaluate all
methods with multiple LLM backbones: propri-
etary models GPT-5.4 (OpenAI, 2026) and Gemini-
3-Flash (DeepMind, 2025), the open-source dense
model Qwen3.5-27B (Qwen, 2026), and the open-
source Mixture-of-Experts model Gemma-4-26B-
A4B (DeepMind, 2026). See Appendix D for pa-
rameter settings.

5.1 Results on Hi-ToM

Table 1 reports Hi-ToM accuracy for zero-order to
fourth-order questions, together with overall per-
formance. RECTOM achieves the highest over-
all accuracy across all LLM backbones, reaching
100.00% with GPT-5.4 and Qwen3.5, 98.50% with
Gemini-3, and 99.50% with Gemma-4, demonstrat-
ing state-of-the-art performance. Compared with
the strongest baseline for each backbone, RECTOM
yields absolute overall accuracy gains of 9.75%,
6.25%, 9.25%, and 15.75%, respectively, with the
largest improvement over SIMTOM using Gemma-
4. The order-wise results show that all methods per-
form strongly on zero-order questions, whereas the
baselines generally degrade as the order increases,
reflecting the difficulty of inferring nested charac-
ter beliefs under asymmetric information. In con-
trast, RECTOM maintains near-perfect accuracy
across question orders, with the lowest order-wise
accuracy still reaching 97.50% on Gemini-3 and
Gemma-4. The few remaining errors arise from
LLM semantic interpretation failures, such as in-



Model Method Hi-ToM

0th-Order 1st-Order 2nd-Order 3rd-Order 4th-Order Overall

GPT-5.4

CoT 100.00 88.75 60.00 68.75 71.25 77.75
SIMTOM 100.00 92.50 88.75 87.50 80.00 89.75
TIMETOM 100.00 92.50 90.00 87.50 81.25 90.25
RECTOM (ours) 100.00 100.00 100.00 100.00 100.00 100.00

Gemini-3

CoT 100.00 100.00 92.50 85.00 83.75 92.25
SIMTOM 100.00 91.25 90.00 88.75 86.25 91.25
TIMETOM 100.00 78.75 86.25 86.25 87.50 87.75
RECTOM (ours) 100.00 100.00 97.50 97.50 97.50 98.50

Qwen3.5

CoT 100.00 95.00 88.75 83.75 85.00 90.50
SIMTOM 100.00 87.50 90.00 90.00 86.25 90.75
TIMETOM 100.00 70.00 87.50 86.25 82.50 85.25
RECTOM (ours) 100.00 100.00 100.00 100.00 100.00 100.00

Gemma-4

CoT 100.00 93.75 65.00 62.50 58.75 76.00
SIMTOM 98.75 91.25 81.25 73.75 73.75 83.75
TIMETOM 97.50 70.00 60.00 63.75 60.00 70.25
RECTOM (ours) 100.00 100.00 100.00 100.00 97.50 99.50

Table 1: Accuracy (%) on Hi-ToM across question orders and overall performance. Each order contains 80 instances,
with 400 tasks in total. The best result for each backbone and metric is in bold. The second-best result is underlined.

Model Method Big-ToM FanToM

Overall 1st-Order 2nd-Order Overall

GPT-5.4

CoT 99.00 88.95 86.71 87.96
SIMTOM 99.00 91.16 95.80 93.21
TIMETOM 97.75 92.27 92.31 92.28
RECTOM (ours) 99.50 96.13 99.30 97.53

Gemini-3

CoT 98.75 77.35 90.21 83.02
SIMTOM 98.00 82.32 89.51 85.49
TIMETOM 92.50 74.59 91.61 82.10
RECTOM (ours) 99.00 91.16 91.61 91.36

Qwen3.5

CoT 96.25 78.45 85.31 81.48
SIMTOM 94.75 89.50 81.82 86.11
TIMETOM 91.00 86.74 85.31 86.11
RECTOM (ours) 98.50 92.82 86.01 89.81

Gemma-4

CoT 93.25 63.54 75.52 68.83
SIMTOM 88.00 71.27 80.42 75.31
TIMETOM 80.00 76.24 79.72 77.78
RECTOM (ours) 99.00 87.29 84.62 86.11

Table 2: Accuracy (%) on Big-ToM and FanToM. Big-
ToM contains 400 instances, while FanToM contains
181 first-order and 143 second-order instances, with 324
instances in total. The best result for each backbone and
metric is in bold. The second-best result is underlined.

correct observability identification. These results
indicate that recursive perspective construction pro-
vides a robust mechanism for higher-order ToM
reasoning and demonstrate the model-independent
nature of RECTOM.

5.2 Generalization across ToM Scenarios

We further evaluate RECTOM on benchmarks, Big-
ToM and FanToM, under the same experimen-
tal settings as Table 1 to examine its generality
across different ToM scenarios. Similar to Hi-ToM,
Big-ToM follows the Sally–Anne paradigm, while

presents stories in more natural language and ex-
tends beyond object-location changes. Following
prior work (Wilf et al., 2024; Hou et al., 2024), we
evaluate 400 forward-belief questions from Big-
ToM, consisting of 200 false-belief and 200 true-
belief first-order questions. FanToM evaluates ToM
reasoning in interactive dialogue scenarios, where
characters enter and leave ongoing conversations,
creating asymmetric information access and dis-
tinct mental states (Quesque and Rossetti, 2020).
We evaluate 324 FanToM belief questions, includ-
ing 181 first-order and 143 second-order questions.
Detailed benchmark descriptions for Big-ToM and
FanToM are provided in Appendix E.

The results are reported in Table 2. RECTOM
achieves the highest overall accuracy for every
backbone on both datasets, reaching up to 99.50%
on Big-ToM and 97.53% on FanToM, with the
largest absolute gain of 8.33% over the second-best
method on FanToM with Gemma-4. It also obtains
the best or tied-best order-specific accuracy on Fan-
ToM. These results show that RECTOM general-
izes from narrative event sequences to interactive
dialogue scenarios. For RECTOM, errors in Fan-
ToM mainly reflect incorrect semantic grounding
by LLMs. For example, partial exposure, where
a character enters the conversation late and hears
only the “tail end” of a conversation, is incorrectly
treated as access to the full preceding dialogue.
Moreover, when later utterances are semantically
related to earlier ones, LLMs may incorrectly as-
sume that a character who joined later also knows



Model Method Hi-ToM Big-ToM FanToM

Tok Eff Tok Eff Tok Eff

GPT-5.4

CoT 0.6K – 0.3K – 0.9K –
SIMTOM 2.3K 7.3 0.5K 0.0 4.0K 1.7
TIMETOM 3.0K 5.4 1.1K -1.5 5.4K 1.0
RECTOM (ours) 6.6K 3.8 3.4K 0.2 8.7K 1.2

Gemini-3

CoT 1.1K – 0.4K – 1.1K –
SIMTOM 3.7K -0.4 1.2K -1.0 5.7K 0.5
TIMETOM 7.5K -0.7 3.0K -2.4 9.4K -0.1
RECTOM (ours) 9.4K 0.7 4.8K 0.1 10.2K 0.9

Table 3: Cost analysis in the proprietary backbones GPT-
5.4 and Gemini-3. Tok denotes the average token usage
per question. K is 103. Eff denotes token efficiency
relative to CoT, computed as ∆Acc/∆Tok, where ∆Acc
and ∆Tok are the overall accuracy gain and additional
token usage over CoT, respectively. Higher values in-
dicate better token efficiency. Negative values indicate
that a method consumes more tokens than CoT while
achieving lower overall accuracy.

information mentioned before.

5.3 Cost Analysis

Table 3 compares the average token usage per prob-
lem (Tok) and token efficiency (Eff) relative to CoT
across the evaluated approaches using GPT-5.4 and
Gemini-3 as backbones. RECTOM shows higher
token usage. However, when evaluated by token
efficiency, measured as the overall accuracy gain
obtained from each additional 1K tokens relative
to CoT, RECTOM achieves the highest efficiency
across all Gemini-3 settings and on Big-ToM with
GPT-5.4. It is lower than SIMTOM on FanToM
with GPT-5.4, while efficiency remains comparable
(1.7 vs. 1.2). RECTOM is less token-efficient on
Hi-ToM with GPT-5.4, where higher-order ques-
tions require deeper perspective construction. How-
ever, this additional computation supports near-
perfect accuracy across all LLM backbones on this
challenging benchmark, as reported in Table 1.

5.4 Ablation Study

To examine the contribution of deterministic state
updates and symbolic state representation, we com-
pare RECTOM with two ablated variants. The w/o-
det variant retains symbolic states, while replac-
ing deterministic state updates with LLM-based
execution under the same update rule in Eq. (1).
The w/o-state variant removes state representa-
tion from each perspective while preserving recur-
sive perspective construction along C(q). Instead
of constructing perspectives through observation-

Backbone Method Hi-ToM Big-ToM FanToM

Acc ∆ Acc ∆ Acc ∆

GPT-5.4
RECTOM 100.00 – 99.50 – 97.53 –
w/o-det 100.00 0.00 99.50 0.00 97.53 0.00
w/o-state 93.00 7.00 99.25 0.25 94.44 3.09

Gemini-3
RECTOM 98.50 – 99.00 – 91.36 –
w/o-det 98.00 0.50 99.00 0.00 90.43 0.93
w/o-state 94.25 4.25 98.75 0.25 87.65 3.70

Qwen3.5
RECTOM 100.00 – 98.50 – 89.81 –
w/o-det 100.00 0.00 98.50 0.00 89.50 0.31
w/o-state 93.50 6.50 97.25 1.25 87.35 2.47

Gemma-4
RECTOM 99.50 – 99.00 – 86.11 –
w/o-det 98.00 1.50 98.75 0.25 85.19 0.93
w/o-state 88.25 11.25 95.25 3.75 80.86 5.25

Table 4: Ablation study of RECTOM. w/o-det replaces
deterministic state updates with LLM-based state up-
dating. w/o-state removes symbolic state construction
and maintains cumulative observable event sequences
in each perspective. Acc denotes overall accuracy (%).
∆ denotes the accuracy decrease relative to RECTOM.

based completion over state-event pairs, it main-
tains a cumulative observable event history at each
step, Ēt = {ē1, . . . , ēt}, yielding the perspective
P̃ = {Ēt}Tt=1.

Table 4 reports the ablation results. The w/o-
det variant leads to slight performance degrada-
tion, suggesting that deterministic updates reduce
variability in belief-state maintenance. Removing
symbolic state representation, the w/o-state variant,
consistently reduces performance across all bench-
marks and backbones, with the largest degradation
of 11.25% recorded on Hi-ToM using Gemma-4.
These results demonstrate that fact-based state rep-
resentations provide a more reliable basis for belief
reasoning than cumulative observable event histo-
ries. The w/o-state variant requires the LLM to
implicitly infer the observability from accumulated
event semantics, as well as belief persistence and
revision across observed and unobserved events,
which can lead to incorrect observability judg-
ments, inconsistent beliefs, and erroneous answer
inference. In contrast, RECTOM explicitly con-
structs fact-based states after each event, encod-
ing belief-relevant conditions through ontic fact
updates. The fact-based state representation sup-
ports accurate observability evaluation via explicit
character presence and location facts and enables
answer inference directly from ontic facts in the
constructed perspective. These advantages are ev-
ident in higher-order reasoning on Hi-ToM and
FanToM, where errors can propagate through re-
cursively constructed perspectives.



6 Conclusion

We introduced RECTOM, an inference-time frame-
work for ToM reasoning. RECTOM models nested
beliefs by recursively constructing character per-
spectives, where each constructed perspective be-
comes the source for constructing the next charac-
ter’s perspective. This reduces higher-order belief
questions to actual-world questions within the per-
spective of the innermost character specified by
the question. We further provided a KD45 analy-
sis showing that RECTOM’s perspective construc-
tion induces a well-formed belief structure beyond
simple event filtering. Experiments on Hi-ToM,
Big-ToM, and FanToM benchmarks demonstrate
that RECTOM consistently outperforms recent ad-
vanced approaches, across multiple LLM back-
bones, achieving state-of-the-art performance with
the strongest gains on higher-order ToM questions.

7 Limitations

RECTOM is designed for controlled text-based
ToM benchmarks where event-transition rules and
observability assumptions are specified by the task
description. While this setting covers higher-order
beliefs, asymmetric information, and dialogue-
based belief reasoning, extending RECTOM to
open-ended or multimodal environments may re-
quire additional grounding of implicit observations
and event-transition rules. Moreover, RECTOM
explicitly constructs character perspectives before
deriving the final answer, which introduces addi-
tional inference-time computation. Future work
can reduce this cost through prompt compression,
caching shared perspective states, or lightweight
symbolic abstraction.
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Appendix

A Related Work

Early ToM benchmarks adapted classic false-belief
paradigms into text-based question answering.
ToMi (Le et al., 2019), for example, evaluates
whether models can distinguish reality from an
agent’s belief in Sally–Anne-style narratives. So-
cialIQA (Sap et al., 2019) broadened the scope
from belief tracking to everyday social common-
sense, including intents, reactions, and social conse-
quences. However, subsequent evaluations showed
that LLMs often lack robust ToM-like reasoning.
Sap et al. (2022) found that large pretrained mod-
els underperform humans on social reasoning and
false-belief tasks. Ullman (2023) further showed
that seemingly minor perturbations to classic ToM
scenarios can cause dramatic failures. Moreover,
Shapira et al. (2024) argued that apparent suc-
cess on ToM-style problems may reflect shallow
heuristics rather than stable mental-state reasoning.
These findings motivate more controlled, diverse,
and leakage-resistant evaluations of ToM in LLMs.

Recent work has therefore developed richer ToM
benchmarks that move beyond isolated first-order
false-belief questions. Big-ToM (Gandhi et al.,
2023) uses causal templates to generate controlled
scenarios involving percepts, beliefs, desires, and
actions, enabling systematic tests of forward be-
lief inference, forward action inference, and back-
ward belief inference. FanToM (Kim et al., 2023)
shifts evaluation from passive narratives to multi-
party conversations in which characters enter and
leave discussions, creating information asymme-
tries between participants. Its results show that
models may answer one question format correctly
while failing logically related answerability or
information-access questions, revealing inconsis-
tent performance across question types. Hi-TOM
(Wu et al., 2023) focuses on higher-order recur-
sive beliefs, extending evaluation to third-order
and fourth-order ToM and incorporating public
and private deceptive communication. More recent
benchmarks further broaden the evaluation land-
scape: ToMBench (Chen et al., 2024) introduces
a large-scale bilingual benchmark spanning multi-
ple mental-state categories and abilities; OpenToM
(Xu et al., 2024) evaluates longer stories with richer
psychological states; and ExploreToM (Sclar et al.,
2025) uses program-guided adversarial generation
to produce challenging and diverse ToM scenar-
ios. Together, these benchmarks show that robust

ToM evaluation requires tracking event access, in-
formation asymmetry, and higher-order recursive
beliefs.

A parallel line of work studies how to improve
LLMs’ ToM reasoning. General-purpose reasoning
methods such as chain-of-thought prompting (Wei
et al., 2022; Kojima et al., 2022), self-consistency
(Wang et al., 2023), and tree-of-thought search
(Yao et al., 2023) improve performance on many
symbolic and mathematical reasoning tasks, but
their effect on ToM is mixed. Several ToM bench-
marks report that CoT provides limited gains or
can even amplify errors when models adopt an
incorrect perspective or propagate a mistaken in-
termediate belief (Gandhi et al., 2023; Kim et al.,
2023; Wu et al., 2023). This suggests that ToM
reasoning requires not simply longer rationales, but
appropriate intermediate representations for track-
ing the evolution of agents’ beliefs. SIMTOM (Wilf
et al., 2024) addresses this by decomposing ToM
into perspective-taking and question answering: the
model first filters the story to what the target char-
acter knows, and then answers from that character’s
perspective. This two-stage decomposition substan-
tially improves performance over standard prompt-
ing baselines, showing that explicitly constructing
character perspectives is beneficial.

Subsequent methods make this intermediate
structure more explicit. SYMBOLICTOM (Sclar
et al., 2023) introduces a plug-and-play multi-
character belief tracker, using graphical symbolic
representations to track entities’ beliefs, their esti-
mates of other entities’ beliefs, and higher-order be-
liefs rather than relying on implicit language-model
inference alone. TIMETOM (Hou et al., 2024) fur-
ther emphasizes temporal structure by constructing
a temporal space and per-character Temporal Belief
State Chains (TBSCs), distinguishing self-world
beliefs from social-world beliefs and using shared
belief-communication periods with a Time-Aware
Belief Solver to support higher-order reasoning.
PERCEPTOM (Jung et al., 2024) decomposes ToM
into perception inference and perception-to-belief
inference, showing that LLMs may identify what
an agent can perceive while still failing to convert
that perception into the correct belief state. ENIG-
MATOM (Xu et al., 2025) extends this direction
with structured entity-state knowledge and spatial
scene graphs for belief tracking, together with iter-
ative perspective masking for perspective-taking in
higher-order ToM reasoning. These studies collec-
tively suggest that ToM failures often arise from in-



Method Intermediate Representation Belief-Tracking Mechanism Higher-Order / Nested-Belief
Mechanism

SIMTOM Character-specific filtered con-
text

Context filtering by character
knowledge

Answering from the filtered con-
text

SYMBOLICTOM Graphical symbolic belief repre-
sentations

Tracking entities’ beliefs and be-
liefs about others

Tracking beliefs about others’
beliefs across higher orders

TIMETOM Temporal Belief State Chains
(TBSCs)

Per-character self-world and
social-world belief chains

Belief-communication periods
with a Time-Aware Belief
Solver

PERCEPTOM Character-specific perception in-
formation

Perception-to-belief inference No

ENIGMATOM Entity-state knowledge and spa-
tial scene graphs

Entity-state-based belief track-
ing across ToM orders

Iterative perspective masking

DEL-TOM DEL-grounded belief-update
traces

Step-wise belief-update scoring
with a Process Belief Model

DEL-grounded belief updates
for higher-order reasoning

RECTOM (ours) Fact-based symbolic state-event
sequences

Belief persistence and updates
via partial-observation comple-
tion

Recursive perspective construc-
tion from the preceding perspec-
tive

Table 5: Comparison of structured Theory-of-Mind reasoning methods in terms of intermediate representations,
belief-tracking mechanisms, and higher-order or nested-belief mechanisms. “No” indicates that the method does not
explicitly define the corresponding mechanism.

sufficient tracking of belief evolution: models strug-
gle to determine which information is observable
to each character and whether subsequent events
should update that character’s beliefs.

Formal and verifier-based approaches provide
another route to structured ToM reasoning. Dy-
namic epistemic logic (DEL) offers a principled
formalism for representing belief states, event
models, and belief updates in multi-agent settings
(Baltag et al., 1998; van Ditmarsch et al., 2008).
MINDGAMES (Sileo and Lernould, 2023) uses
epistemic logic to generate controlled reasoning
problems. DEL-TOM (Wu et al., 2025) formal-
izes ToM as a sequence of DEL-grounded belief
updates. DEL-TOM trains a Process Belief Model
using labels generated by a DEL simulator to score
intermediate belief updates and applies inference-
time scaling to select high-scoring belief traces
from multiple LLM-generated candidates. This
connects ToM reasoning to broader work on pro-
cess supervision and inference-time scaling, where
voting, search, or verifiers are used to select among
candidate reasoning traces (Wang et al., 2023;
Brown et al., 2024; Snell et al., 2025). This line
of work highlights the importance of intermediate
belief-update supervision, yet typically relies on ex-
ternal simulators or verifier-based selection rather
than direct inference-time perspective construction.

Table 5 compares representative structured ToM

reasoning methods in terms of their intermediate
representations, belief-tracking mechanisms, and
higher-order or nested-belief mechanisms.

RECTOM differs from these approaches primar-
ily in how nested beliefs are represented and con-
structed. SIMTOM reasons from character-specific
filtered contexts; SYMBOLICTOM explicitly tracks
entities’ beliefs and beliefs about others; TIME-
TOM constructs temporal belief-state chains and
uses a Time-Aware Belief Solver to identify belief-
communication periods for higher-order reasoning;
and ENIGMATOM performs iterative perspective
masking over structured entity-state information.
In contrast, RECTOM constructs fact-based sym-
bolic state-event sequences and recursively derives
each character perspective from the already con-
structed perspective of the preceding character in
the query chain. Thus, an inner character’s belief
is evaluated relative to the outer character’s con-
structed perspective rather than directly from the
original omniscient narrative. Within each perspec-
tive, partial-observation completion preserves be-
lief persistence, with observable events triggering
belief updates and unobservable states inheriting
the preceding belief state.

RECTOM is an inference-time neuro-symbolic
framework that combines LLM-based semantic
interpretation with explicit symbolic belief rea-
soning. The LLM handles fact-based event ab-



Model Method Big-ToM

True-belief False-belief Overall

GPT-5.4

CoT 98.50 99.50 99.00
SIMTOM 99.50 98.50 99.00
TIMETOM 96.00 99.50 97.75
RECTOM 99.50 99.50 99.50

Gemini-3

CoT 98.50 99.00 98.75
SIMTOM 98.00 98.00 98.00
TIMETOM 92.00 93.00 92.50
RECTOM 99.00 99.00 99.00

Qwen3.5

CoT 93.00 99.50 96.25
SIMTOM 92.50 97.00 94.75
TIMETOM 84.00 98.00 91.00
RECTOM 98.00 99.00 98.50

Gemma-4

CoT 88.00 98.50 93.25
SIMTOM 78.50 97.50 88.00
TIMETOM 69.00 91.00 80.00
RECTOM 98.50 99.50 99.00

Table 6: Accuracy (%) on Big-ToM forward-belief ques-
tions. Big-ToM contains 400 forward-belief instances,
with 200 true-belief and 200 false-belief instances. The
best result for each backbone and metric is in bold, and
the second-best result is underlined.

straction, observability judgments, and semantic
reasoning for belief updates, while explicit state-
transition and belief-update mechanisms maintain
symbolic states and character perspectives. This de-
sign separates natural-language interpretation from
explicit perspective construction and nested-belief
reasoning. Unlike verifier-based approaches such
as DEL-TOM, which score and select candidate
belief-update traces, RECTOM performs answer
inference from the recursively constructed perspec-
tive itself. Its perspective construction further sup-
ports formal analysis of the induced belief modality
under KD45.

B Additional Experimental Results

Table 6 reports separate true-belief and false-belief
accuracies on Big-ToM forward-belief questions,
complementing the overall accuracy in Table 2.
RECTOM performs better across both belief set-
tings, with clear gains on true-belief questions. For
Gemma-4, RECTOM outperforms CoT, the second-
best method, by 10.50% on true-belief accuracy.
These results show that recursive perspective con-
struction supports reliable reasoning across both
belief conditions.

Table 7 reports the performance of RECTOM on
Hi-ToM under low, medium, and high reasoning-
effort settings for GPT-5.4 and Gemini-3. With
GPT-5.4, RECTOM achieves 100% accuracy
across all question orders and reasoning-effort set-

tings. With Gemini-3, accuracy remains at 100%
on 0th-order and 1st-order questions across all set-
tings, while higher-order accuracy decreases only
slightly as reasoning effort is reduced. RECTOM
decomposes nested-belief reasoning by recursively
constructing each character’s perspective from the
source perspective. This design avoids simultane-
ous reasoning over multiple nested perspectives,
thereby reducing the method’s sensitivity to lower
reasoning-effort settings.

We further compare RECTOM with two ad-
ditional training-free ToM methods, SYMBOLIC-
TOM (Sclar et al., 2023) and AUTOTOM (Zhang
et al., 2025). SYMBOLICTOM constructs explicit
symbolic graphical representations for each char-
acter, tracking both the character’s own beliefs and
their estimates of other characters’ beliefs, and ex-
tends these representations to higher-order beliefs
by iteratively processing the story one sentence at
a time. AUTOTOM instead formulates ToM rea-
soning as automated Bayesian inverse planning:
it first proposes a Bayesian ToM model for the
given problem, performs inference over the target
mental variables, and iteratively refines the model
by adding mental variables or additional timesteps
when the inferred posterior remains uncertain. As
shown in Table 8, both baselines underperform
CoT overall and degrade with increasing belief or-
der, while RECTOM remains near-perfect across
all orders. Their performance degradation mainly
arises from difficulties in handling communication
events in Hi-ToM, leading to incorrect belief up-
dates across character perspectives. We then com-
pare RECTOM with AUTOTOM on Big-ToM, omit-
ting SYMBOLICTOM due to its incompatible event
representations. As shown in Table 9, AUTOTOM
performs slightly below CoT with both GPT-5.4
and Qwen3.5, whereas RECTOM achieves the high-
est overall accuracy.

C KD45 Proof for RECTOM

We provide the full derivation of the KD45 axioms
for the belief modality induced by RECTOM’s re-
cursive perspective construction. The proof has
three steps. First, we define the language of belief
queries. Second, we define how such queries are
evaluated by RECTOM. Third, we show that this
evaluation satisfies the K, D, 4, and 5 axioms of
KD45.

Let W be the set of well-formed perspectives.
In this proof, we simplify the notation and write



Model Method Effort 0th-Order 1st-Order 2nd-Order 3rd-Order 4th-Order Overall

GPT-5.4 RECTOM
Low 100.00 100.00 100.00 100.00 100.00 100.00
Medium (default) 100.00 100.00 100.00 100.00 100.00 100.00
High 100.00 100.00 100.00 100.00 100.00 100.00

Gemini-3 RECTOM
Low 100.00 100.00 96.25 95.00 95.00 97.25
Medium 100.00 100.00 97.50 97.50 96.25 98.25
High (default) 100.00 100.00 97.50 97.50 97.50 98.50

Table 7: Accuracy (%) of RECTOM on Hi-ToM under different reasoning-effort settings. The default reasoning
effort is medium for GPT-5.4 and high for Gemini-3.

Model Method Hi-ToM

0th-Order 1st-Order 2nd-Order 3rd-Order 4th-Order Overall

GPT-5.4

CoT 100.00 88.75 60.00 68.75 71.25 77.75
SYMBOLICTOM 93.75 82.50 67.50 56.25 48.75 69.75
AUTOTOM 98.75 87.50 66.25 61.25 55.00 73.75
RECTOM (ours) 100.00 100.00 100.00 100.00 100.00 100.00

Qwen3.5

CoT 100.00 95.00 88.75 83.75 85.00 90.50
SYMBOLICTOM 98.75 88.75 75.00 66.25 61.25 78.00
AUTOTOM 98.75 88.75 86.25 85.00 81.25 88.00
RECTOM (ours) 100.00 100.00 100.00 100.00 100.00 100.00

Table 8: Accuracy (%) on Hi-ToM with additional training-free baselines, including SYMBOLICTOM and AUTO-
TOM. Each order contains 80 instances, with 400 tasks in total. The best result for each backbone and metric is in
bold, and the second-best result is underlined.

Model Method Big-ToM Overall

GPT-5.4
CoT 99.00
AUTOTOM 98.50
RECTOM (ours) 99.50

Qwen3.5
CoT 96.25
AUTOTOM 95.00
RECTOM (ours) 98.50

Table 9: Accuracy (%) on Big-ToM with AUTOTOM
included as an additional training-free baseline. The
best result for each backbone is in bold, and the second-
best result is underlined.

P for an arbitrary perspective, e.g., P ∈ W . We
assume that W is closed under RECTOM’s per-
spective construction: for each character ai, the
constructed perspective P (ai|P (·)) also belongs to
W , where P (·) ∈ W is the source perspective. We
define Fai(P

(·)) = P (ai|P (·)), where Fai maps any
source perspective P (·) to the constructed perspec-
tive P (ai|P (·)) of character ai. For clarity, we omit
the source-perspective indicator (·) in the following
proof.

Given an atomic symbolic fact x and a set of
characters A, we define belief-query formulas us-
ing the grammar:

φ,ψ ::= x | ¬φ | (φ→ ψ) | Baiφ, ai ∈ A.

Here, Baiφ means that character ai believes φ.
An example of a nested belief is BaiBajφ, which
means that character ai believes that character aj
believes φ. This grammar includes only nega-
tion, implication, and belief as primitive operators.
Other Boolean connectives can be introduced as ab-
breviations in the usual classical way; for example,
φ∨ψ abbreviates ¬φ→ ψ, and φ∧ψ abbreviates
¬(φ→ ¬ψ). Thus, the grammar remains compact
while still allowing standard Boolean combinations
of belief queries.

In the following proof, we fix an arbitrary charac-
ter ai and show that Bai satisfies the KD45 axioms.
We write P |= φ to mean that formula φ is satis-
fied, or evaluates to true, under perspective P . For
an atomic symbolic fact x, P |= x iff x holds in
the final state of P ; if x is absent from the final
state, it is treated as false under the closed-world
assumption. The primitive Boolean connectives
are interpreted classically: P |= ¬φ iff P ̸|= φ,
and P |= φ → ψ iff either P ̸|= φ or P |= ψ.
Connectives such as ∧ and ∨, when used, inherit
their meanings through the abbreviations defined
above. The belief operator is interpreted by switch-
ing from the current perspective to the constructed
perspective of the queried character:

P |= Baiφ iff Fai(P ) |= φ. (5)



Thus, evaluating Baiφ in source perspective P
means: first construct ai’s perspective, and then
evaluate φ inside that perspective. Nested belief
queries are handled by repeatedly applying the
same rule.

Self-perspective idempotence. The key property
is that constructing the same character’s perspective
twice does not change the result:

Fai(Fai(P )) = Fai(P ). (6)

This follows from the construction rule in Eq. (2).
Once Fai(P ) has already been constructed, the
event sequence contains only events observable to
ai or ∅, and every unobservable state has already
been completed by inheriting the previous belief
state and revising it only with observable evidence.
Therefore, reapplying the same construction does
not remove any additional information or add any
new information. It preserves the same observable
event sequence and returns the same completed
state sequence.

C.1 KD45 Axiom Satisfaction

We now verify the KD45 axioms under the belief
semantics in Eq. (5). The main idea is simple: K
and D follow from ordinary classical reasoning
inside the constructed perspective Fai(P ), while 4
and 5 follow from self-perspective idempotence.

K: Distribution. The K axiom states Bai(φ→
ψ) → (Baiφ → Baiψ). Intuitively, this axiom
says that belief is closed under implication: if
a character’s constructed perspective supports an
implication and also supports its premise, then
it should also support the conclusion. To verify
this for RECTOM, suppose P |= Bai(φ → ψ)
and P |= Baiφ. By Eq. (5), both formulas are
evaluated inside the same constructed perspective
Fai(P ), so Fai(P ) |= φ → ψ and Fai(P ) |= φ.
Since implication is interpreted classically inside
this perspective, Fai(P ) |= ψ. Applying Eq. (5)
again gives P |= Baiψ. Therefore, K holds.

D: Consistency. The D axiom states Baiφ →
¬Bai¬φ. Intuitively, this axiom says that a char-
acter’s constructed perspective should not support
both a statement and its negation. To verify this
for RECTOM, suppose P |= Baiφ. By Eq. (5),
this means Fai(P ) |= φ. Since Fai(P ) is a well-
formed perspective and formulas are evaluated
with classical negation, Fai(P ) ̸|= ¬φ. Hence

P ̸|= Bai¬φ, so P |= ¬Bai¬φ. Therefore, D
holds.

4: Positive introspection. The 4 axiom states
Baiφ→ BaiBaiφ. Intuitively, this axiom says that
if a character’s constructed perspective supports φ,
then recursively asking what the same character
believes should not change that perspective. To ver-
ify this for RECTOM, suppose P |= Baiφ. Then
Fai(P ) |= φ. By self-perspective idempotence
(Eq. (6)), applying the same construction again
gives Fai(Fai(P )) = Fai(P ). Thus, whenBaiφ is
evaluated inside Fai(P ), it returns to the same con-
structed perspective where φ already holds. Hence
Fai(P ) |= Baiφ, and by Eq. (5), P |= BaiBaiφ.
Therefore, 4 holds.

5: Negative introspection. The 5 axiom states
¬Baiφ → Bai¬Baiφ. Intuitively, this axiom
says that if φ is not supported by a character’s
constructed perspective, then recursively querying
that same character’s belief should not make φ
become supported. To verify this for RECTOM,
suppose P |= ¬Baiφ. Then Fai(P ) ̸|= φ. By
self-perspective idempotence (Eq. (6)), applying
the same construction again still yields the same
perspective, so Fai(Fai(P )) ̸|= φ. Therefore, in-
side Fai(P ), the character does not believe φ, i.e.,
Fai(P ) |= ¬Baiφ. Applying Eq. (5) again gives
P |= Bai¬Baiφ. Therefore, 5 holds.

Since the belief operator Bai satisfies K, D, 4,
and 5, RECTOM’s recursive perspective construc-
tion induces a KD45 belief modality.

D Parameter Settings

RECTOM operates on all LLMs through API ac-
cess. For proprietary models, GPT-5.4 and Gemini-
3 Flash, we use the default parameter settings. For
open-source models, we set temperature to 1.0 and
top-p to 0.95 for both Qwen3.5-27B and Gemma-
4-26B-A4B, with top-k set to 20 for Qwen3.5-27B
and 64 for Gemma-4-26B-A4B to reduce repetitive
outputs and filter rare tokens while preserving gen-
eration diversity. All experiments are conducted on
a virtual machine with four NVIDIA A100 80GB
GPUs.

E Benchmark Details

E.1 Big-ToM
Big-ToM (Gandhi et al., 2023), a GPT-4-generated
benchmark, evaluates belief reasoning in natural-
language stories based on the Sally–Anne false-



Juan is a young chef in a small Mexican town. 

He wants to make a delicious salsa for the upcoming town festival.

Juan buys fresh tomatoes from the market which he believes are ripe and 
perfect for the salsa.

While Juan is away from his kitchen a mischievous cat knocks over the bag of 
tomatoes, crushing them and making them unsuitable for the salsa.

Juan notices the crushed tomatoes on the floor.

Event Sequence

Does Juan believe the tomatoes are ripe and perfect or crushed and unsuitable?

1st-order Question

Example Big-ToM Instance

Answer Choices: (a) Juan believes the tomatoes are crushed and 
unsuitable. (b) Juan believes the tomatoes are ripe and perfect.

Figure 3: An example Big-ToM instance with the first-
order belief question over a natural-language event se-
quence.

belief paradigm. We use the forward-belief subset,
which asks models to infer what a character be-
lieves after the character either observes or misses
a belief-relevant event. This subset focuses on first-
order true-belief and false-belief questions, evalu-
ating whether a character’s belief is consistent or
inconsistent with reality. The task is formulated
as binary multiple choice, with a random baseline
accuracy of 50%. Figure 3 shows an example true-
belief instance from the Big-ToM forward-belief
subset.

E.2 FanToM
FanToM (Kim et al., 2023) evaluates ToM rea-
soning in multi-party dialogue settings. Its dia-
logues introduce asymmetric information by allow-
ing characters to enter and leave while the conver-
sation continues, resulting in different characters
observing different parts of the conversation. We
focus on FanToM belief questions, including first-
order and second-order questions, which align with
the scope of this work. These questions are formu-
lated as binary multiple-choice tasks, with a ran-
dom baseline accuracy of 50%. Compared with nar-
rative benchmarks, FanToM dialogues are longer
and involve more characters and subtopics, requir-
ing models to integrate extended dialogue context
and maintain character-specific beliefs. Figure 5
illustrates the FanToM dialogue structure with first-
order and second-order belief questions.

F Error Analysis

The explicit state-event representation and recur-
sive perspective construction in RECTOM provide

Leonardo Martinez is strolling through a public park on a sunny day

Leonardo wants to relax in the shade of a large tree to read a book

Leonardo sees that the tree appears to have sturdy branches that could support 
his weight

A strong gust of wind blows through the park, causing one of the branches to 
snap and fall to the ground.

Leonardo does not notice the fallen branch

Event Sequence

Does Leonardo believe the tree has sturdy branches or fragile branches?

1st-order Question

Example Big-ToM Instance

Answer Choices: (a) the tree has fragile branches. (b) the tree 
has sturdy branches.

Figure 4: An example Big-ToM instance where REC-
TOM makes an incorrect observability judgment.

a structured basis for nested-belief reasoning. Nev-
ertheless, semantic misinterpretations by the LLM
can still lead to reasoning failures. For example,
Figure 4 illustrates a Big-ToM instance in which
RECTOM produces an incorrect answer due to
an erroneous observability judgment by the LLM.
Leonardo first observes that a tree appears to have
sturdy branches. Later, a branch snaps and falls,
while the narrative explicitly states that Leonardo
does not notice this event. Leonardo’s perspective
should therefore preserve the earlier belief that the
tree has sturdy branches. However, the LLM treats
the branch-falling event as observable to Leonardo,
resulting in an erroneous belief update and final
answer.

Figure 6 illustrates a FanToM example in which
RECTOM constructs the state-event sequence and
character perspective correctly, but the final in-
ference step fails to map the natural-language
question to the relevant symbolic fact. Victor
leaves the conversation, Nyla and Jude continue
talking during his absence, and Victor later re-
turns. The question asks who Victor believes
joined the conversation later, and the correct an-
swer is Victor. The constructed state-event se-
quence accurately records Victor’s status using
the facts depart(Victor), return(Victor), and
present(Victor), and Victor’s observation mask
correctly excludes the dialogue during his absence
and retains the dialogue when he is present. How-
ever, the LLM fails to associate the phrase “joined
the conversation later” with return(Victor) in
the constructed perspective, resulting in an incor-
rect answer.



These examples show that LLM interpretation
errors can occur at different stages of RECTOM: in-
correct observability judgments affect perspective
construction, whereas semantic grounding errors
can lead to incorrect final inference even when the
constructed perspective is correct.

G Prompt Templates for RECTOM

Tables 10–14 present the main prompt templates
used by RECTOM on Hi-ToM. They cover fact-
based event abstraction, state and event observabil-
ity identification, transient-event belief revision,
and final answer inference. For readability, we
show compact templates; the complete prompts are
provided in the released code.



Gabriela: Hi Mia, it’s really great to meet you. Being a food lover, I always enjoy talking about cooking and food. What's your favorite way to 
prepare a meal?

Mia: Nice meeting you too, Gabriela. I like to keep things simple, so roasting is my go-to method. It’s so versatile and gives a really rich flavor 
to the food. What about you?

Gabriela: Oh, that's absolutely true about roasting, it's such a hearty technique. But for me, I am a huge fan of grilling. Especially in the 
summer, there's just something about that smoky flavor that's irresistible.

Mia: I totally agree, plus grilling is a great way to keep things healthy. And do you have a favorite recipe for the grill?

Gabriela: Yes, actually. I love grilling salmon. I usually marinate it with some lemon juice, olive oil, garlic, and fresh herbs, then grill it to 
perfection. It's really delicious. How about you? Any favorite roasted recipes?

Mia: That sounds really tasty. My favorite is a classic roast chicken with a twist. I stuff the chicken with lemon and garlic, and coat the 
outside with a mixture of honey and soy sauce. It's got a great balance of flavors and the chicken is always perfectly juicy.

Gabriela: Wow, Mia! That sounds lovely. I'm definitely going to try that one out. I really appreciate the tips.

Mia: Likewise, Gabriela! I think I'll experiment with some grilling this summer, starting with your salmon recipe. I'm sure my family will love it.

Emily: Hi Gabriela, Mia, I hope I'm not interrupting. What were you guys discussing?

Gabriela: Not at all, Emily. We were just talking about our favored cooking methods and recipes. How about you, do you like to cook?

Emily: Oh, I love cooking! I have a bit different taste, I think. I am a huge fan of Asian cuisine. I love the use of different spices, herbs, and 
sauces.

Mia: That's interesting, Emily. Asian cuisine is indeed a vast and flavorful one. Do you have any preferred dishes in that category?

Emily: Definitely, I can‘t get enough of Thai green curry. It’s so heart-warming and satisfying. When it comes to cooking, I enjoy stir-frying. 
Itʻs quick, easy and can be really healthy.

Gabriela: That‘s fascinating. I must admit, Iʼm not an expert in Asian dishes. Can you share more about preparing this Thai green curry?

Emily: Of course, Gabriela. I use coconut milk, green curry paste, chicken or tofu for proteins, and a bunch of vegetables. It takes a bit of 
time but trust me, it's worth it.

Mia: Sounds interesting. I think I might try that one. A Thai green curry night could be a lot of fun.

Emily: Trust me, it's delicious! I'd be happy to guide you through it anytime.

Event Sequence

What does Emily believe is Gabriela's favorite way to prepare meals, and what does she think is Gabriela's preferred dish?

Answer Choices: (a) Emily does not know Gabriela's favorite way to prepare meals or preferred dish because she was not involved in 
the conversation when this was discussed.(b) Emily believes that Gabriela's favorite way to prepare meals is grilling, and she thinks 

that Gabriela's preferred dish is grilled salmon.

1st-order Question

Example FanToM Instance

What does Gabriela believe Emily thinks is Gabriela's favorite way to prepare meals, and what dish does she think Emily considers her 
preferred one?

Answer Choices: (a) Emily is unaware about Gabriela's favorite way to prepare meals and the dish she prefers.(b) Gabriela believes 
Emily thinks that grilling is her favorite way to prepare meals, and she thinks Emily considers grilled salmon to be her preferred dish.

2nd-order Question

Figure 5: An example FanToM instance with first-order and second-order belief questions over a dialogue sequence.



Emily: Trust me, it's delicious! I'd be happy to guide you through it anytime.

Victor: Alright, guys, I have to step out for a bit. I need to receive a parcel.

Nyla: Sure, Vic. See you in a bit.

Jude: Alright mate, don't take too long. We still have a lot to discuss.

Nyla: Speaking of which, Jude, what do you think about the gaming culture and community?

Jude: Well, from my personal experience, the gaming community can be a mixed bag. There are certainly people who are enthusiastic and 
welcoming, but there can also be toxic behavior and harassment.

Nyla: I agree with you, Jude. As much as gaming communities can be supportive, they can also be quite intense. The important thing is to find 
a group of people who share your passion and positivity towards gaming.

Jude: Exactly. And it's undeniable that the gaming culture has largely shaped online pop culture as we know it. From gaming language seeping 
into everyday vernacular, to popular game characters becoming online memes, the impact is significant.

Nyla: Truly! Gaming has definitely become more mainstream and its influence will only continue to grow.

Victor: Hey guys, I'm back. Sorry for the interruption. We were discussing about gaming careers, right?

Nyla: Yep, we actually just started talking about the gaming culture and its impact on our daily lives. But since you mentioned it, have you 
ever attended any exciting esports tournaments?

Victor: Oh absolutely, I was at the Overwatch League Grand Finals last year. The energy was absolutely unreal, not to mention the thrill of 
watching the best players compete.

Jude: Sounds like you had a blast, Victor! My most exciting experience was the League of Legends Worlds. It was a global event and the sheer 
scale of it blew my mind.

Nyla: That seems amazing, guys! For me, it was attending The International Dota 2 Championships. Can't forget the heart-stopping finals.

Victor: Oh, I bet that was intense! Esports tournaments are honestly as exciting and suspenseful as traditional sports games. The community, 
the competition, the hype - it's a whole package.

Jude: You're absolutely right, Victor. It's an adrenaline rush like no other.

Nyla: Glad to find like-minded people. Here's to more game wins and exciting tournaments ahead!

Event Sequence

Who does Victor believe joined their conversation later?

Answer Choices: (a) Victor is unaware about who joined the conversation later because he was not involved in the conversation when 
this was discussed. (b) Victor will think it is himself.

1st-order Question

Example FanToM Instance

Figure 6: An example FanToM instance where RECTOM incorrectly grounds a natural-language question to the
relevant symbolic facts.



Prompt for Fact-based Event Abstraction in RECTOM

You are extracting step-wise symbolic deltas from a ToM story.
Return valid JSON only.

Example output schema:
{
"characters": ["Avery", "Charlotte"],
"steps": [

{
"step_index": 1,
"step_text": "Avery entered the living_room.",
"event_type": "persistent",
"added_facts": ["in_room(Avery,living_room)"],
"removed_facts": []

}
]

}

Important definition.

• Do not output a full state for each step. Output only the delta for each step.

• event_type is either persistent or transient. Persistent events introduce or revise state facts; transient events
record communication, claims, or questions.

• added_facts are facts that become true because of the current step.

• removed_facts are facts that stop being true because of the current step.

Extraction guidelines.

• Include every story step exactly once and include all human characters appearing in the story.

• Extract concise symbolic facts for belief-relevant changes, such as character locations, object locations, communi-
cation events, and stated claims.

• Remove a fact only when the current step makes it false.

• Distinguish spoken claims from actual world facts when communication events appear.

• Represent private communication as private_tell(speaker,listener,proposition) and public communi-
cation as public_claim(speaker,proposition).

• If the spoken content is an object-location statement, represent the proposition as in(object,container).

Story steps: {story_steps}
Assumptions: {assumptions}

Table 10: Prompt template used by RECTOM for fact-based event abstraction. The LLM extracts symbolic deltas
and classifies each event as persistent or transient. The complete state sequence is then computed externally using
the deterministic update rule.



Prompt for State Observability Identification in RECTOM

You are deciding whether a target character is present in each aligned source state.
Return valid JSON only.

Example output schema:
{
"character": "Alice",
"observation_basis": [

"at(Alice,kitchen)",
"at(Alice,kitchen)",
"not_observable"

]
}

Task.

• Return exactly one string for each aligned source state.

• The nth string corresponds to the nth aligned source state.

• Each output string should be either a fact indicating the target character’s location or not_observable.

Decision rules.

• If the aligned source state contains a fact indicating that the target character is present in a location, return that
fact.

• Presence may be expressed by facts such as at(character,location) or in_room(character,location).

• If no fact indicates the target character’s presence, return not_observable.

• Do not return bare location names.

Target character: {target_character}
Aligned source states: {aligned_source_states}

Table 11: Prompt template used by RECTOM for state observability identification. Given aligned source states,
the LLM derives the observation basis for the target character by identifying explicit presence facts or returning
not_observable.



Prompt for Event Observability Identification in RECTOM

You are deciding whether a target character can observe each aligned event fact.
Return valid JSON only.

Example output schema:
{
"character": "Alice",
"observation_basis": [

"-in_room(Isabella,living_room)",
"private_tell(Alice,Bob,in(ball,bedroom))",
"public_claim(Bob,in(ball,kitchen))",
"not_observable"

]
}

Task.

• Return exactly one string for each aligned event fact.

• The nth string corresponds to the nth aligned event fact.

• Each output string should be either the exact observable event fact or not_observable.

Decision rules.

• If the aligned event is empty, return not_observable.

• For private communication, such as private_tell(speaker,listener,proposition), only the speaker and
listener can observe the event.

• For public communication, such as public_claim(speaker,proposition), all characters can observe the event.

• For room-entry or room-exit facts, such as +in_room(character,room) or -in_room(character,room), the
event is observable to all characters.

• Do not rewrite or normalize the event fact; return it exactly as it appears in the aligned event facts.

Target character: {target_character}
Aligned event facts: {aligned_event_facts}

Table 12: Prompt template used by RECTOM for event observability identification. Given aligned event facts, the
LLM derives the observation basis for the target character by identifying observable communication events and
room-transition events, returning either the exact observable facts or not_observable.



Prompt for Transient-Event Belief Revision in RECTOM

You are applying an observable transient event to a symbolic belief state.
Return valid JSON only.

Example output schema:
{
"state_before": [

"in(lettuce,green_drawer)",
"in_room(Avery,living_room)"

],
"action": [

"public_claim(Isabella,in(lettuce,green_bathtub))"
],
"action_added_facts": [

"in(lettuce,green_bathtub)"
],
"action_removed_facts": [

"in(lettuce,green_drawer)"
],
"state_after": [

"in(lettuce,green_bathtub)",
"in_room(Avery,living_room)"

]
}

Task.

• Start from the given state.

• Apply the observable transient event to this state.

• Output the facts added or removed by the event.

• Output the updated state after applying the event.

Revision rules.

• The transient event may represent communication, claims, questions, or other belief-relevant actions.

• If the event contains an object-location fact, use the fact to revise the current state.

• Preserve state facts that are not affected by the event.

State: {state}
Observable transient event: {observable_transient_event}

Table 13: Prompt template used by RECTOM for transient-event belief revision. Given the current belief state
and an observable transient event, the LLM outputs the event-induced added and removed facts and the resulting
updated state.



Prompt for Answer Inference in RECTOM

You are answering a multiple-choice Theory-of-Mind question.
Return valid JSON only.

Example output schema:
{
"reasoning_summary": "short summary",
"predicted_answer": "C"

}

Task.

• Use the provided state facts to answer the question.

• Select exactly one option from the candidate choices.

• The selected answer should correspond to the facts in the given state.

Output constraints.

• predicted_answer must contain only the option letter, such as A, B, or C.

• Do not output the choice text in predicted_answer.

• Do not include additional characters or punctuation in predicted_answer.

State: {state}
Question: {question}
Choices: {choices}

Table 14: Prompt template used by RECTOM for answer selection. Given the final state from the constructed
perspective, the LLM selects one candidate option and returns the predicted answer as an option letter.
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