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Abstract

Theory of Mind (ToM) is crucial for under-
standing social dialogue, where characters’
mental states are rarely stated explicitly but
evolve through interaction and shape later
behavior. Existing ToM benchmarks focus
mainly on selected dialogue turns or state
changes across separate scenarios, leaving
within-dialogue mental state trajectories under-
explored. We introduce TrajToM1, a bench-
mark for evaluating whether LLMs can rea-
son over evolving emotions, beliefs, inten-
tions, and desires in continuous social dialogue.
Built with a Sketch-first construction paradigm,
TrajToM contains 700 dialogues and 18,165
multiple-choice questions across mental state
reasoning, behavioral reasoning, and trajec-
tory reasoning. Experiments reveal a substan-
tial human–model gap, with GPT-5.2 reaching
67.4% overall accuracy compared with 88.2%
for humans, and show persistent bottlenecks in
second-order reasoning, behavior explanation,
and change direction assessment. We further
examine MARTA as an exploratory trajectory-
aligned process-supervision framework, show-
ing that explicit supervision over mental state
trajectories can improve ToM reasoning.

1 Introduction

In social dialogue, understanding a character’s be-
havior often requires more than identifying what
they think or feel at a single moment (Yamashita
et al., 2025). Characters reveal mental states grad-
ually through contextual cues, revise them as new
information appears, and express these changes in
later behavior (Schneider, 2001). This dynamic
process is central to Theory of Mind (ToM), the
ability to attribute mental states to others and use
them to explain observed behavior (Premack and

*Equal contribution.
†Corresponding authors.
1https://github.com/Louis1316/TrajToM-public.
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Figure 1: Comparison of ToM evaluation paradigms.

Woodruff, 1978; Baron-Cohen et al., 1985). In
dialogue, such mental states include beliefs, emo-
tions, intentions, and desires that are rarely stated
explicitly but shape how characters respond, revise
their attitudes, and coordinate with others (Kosin-
ski, 2024; Wang et al., 2024). As LLMs are in-
creasingly deployed in dialogue-based AI systems,
such as assistive robots (Puig et al., 2023), AI tu-
tors (Andriella et al., 2025), and healthcare chat-
bots (Agarwal et al., 2025), their ability to track
evolving mental states during interaction warrants
careful evaluation.

Existing ToM benchmarks have expanded LLM
evaluation from controlled information-asymmetry
tasks to richer narrative (Zhou et al., 2025), em-
bodied (Fan et al., 2025), and dialogue-based set-
tings (Liu et al., 2025; Kim et al., 2023). These
benchmarks provide important tests of whether
models can infer mental states from complex con-
texts. Within dialogue-based settings, phenomena
such as negotiation and persuasion often depend
on how characters’ mental states evolve within the
same interaction (Chan et al., 2024; Yu et al., 2025).
As illustrated in Figure 1, however, dialogue-based
evaluations commonly ask models to identify men-
tal states at selected turns, while temporal evalu-
ations may model state changes across separate
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but connected scenarios (Xiao et al., 2025). Even
when mental states are tracked across turns (Yu
et al., 2025), turn-wise evaluation provides lim-
ited evidence that models can connect earlier cues,
later behavior, and change triggers into a coher-
ent mental state trajectory. Thus, within-dialogue
trajectory-level reasoning remains underexplored,
including whether LLMs can infer phase-specific
states, explain behavior, and integrate distributed
evidence to track what changes, when it changes,
and why it changes across a continuous dialogue.

To address this gap, we introduce TrajToM, a
benchmark that evaluates whether LLMs can rea-
son over mental state trajectories within continuous
social dialogue. TrajToM represents each dialogue
as a structured trajectory over emotion, belief, in-
tention, and desire. To capture how these states
evolve, each dialogue is organized into four phases:
opening, development, key moment, and closing.
Based on this structure, TrajToM evaluates ToM
reasoning at three levels: Mental State Reasoning
(MSR), Behavioral Reasoning (BR), and Trajec-
tory Reasoning (TR). Conceptually, MSR corre-
sponds to explicit mental-state inference, BR to
applied ToM, and TR extends these capabilities to
the temporal evolution of mental states (Hutchins
et al., 2016; Gu et al., 2026; Yadav et al., 2026).
Together, these levels test phase-specific state infer-
ence, behavior explanation through latent mental
states and information asymmetry, and trajectory-
level change reasoning over key shifts, change di-
rections, and change causes.

Because trajectory-level ToM involves latent and
evolving mental states, ground-truth verifiability is
critical. TrajToM adopts a Sketch-first paradigm
that specifies phase-level states, key shifts, triggers,
and causal links before dialogue realization, mak-
ing questions and answers traceable to structured
Sketch fields. Automatic filtering and human re-
view validate construction quality, Sketch–dialogue
consistency, and question answerability. The result-
ing benchmark contains 700 dialogues and 18,165
multiple-choice questions, covering a range of so-
cial dialogue scenarios and trajectory-based ToM
reasoning skills.

Experiments on a range of LLMs reveal a sub-
stantial human–model gap, with GPT-5.2 reaching
67.4% overall accuracy compared with 88.2% for
humans. Models especially struggle with second-
order reasoning, behavior explanation, and change
direction assessment, suggesting limitations in in-
tegrating distributed evidence for mental state evo-

lution. We further examine MARTA as an ex-
ploratory trajectory-aligned process-supervision
framework that leverages structured mental state
trajectories to supervise intermediate reasoning,
demonstrating the potential of trajectory-aligned
supervision for ToM reasoning. Our contributions
are summarized as follows:

• We introduce TrajToM, a benchmark for eval-
uating within-dialogue mental state trajectory
reasoning in continuous social dialogue.

• We construct TrajToM with a Sketch-first
paradigm that specifies mental state trajec-
tories before dialogue realization, yielding
700 dialogues and 18,165 traceable questions
across MSR, BR, and TR.

• We evaluate a range of LLMs on TrajToM,
revealing systematic bottlenecks in second-
order reasoning, behavior explanation, and
trajectory change reasoning, and further study
MARTA to show the potential of trajectory-
aligned process supervision.

2 Related Work

2.1 ToM Benchmarks

Existing ToM benchmarks have expanded from
Sally–Anne-style tasks (Le et al., 2019) to narrative
(Zhou et al., 2025), multimodal (Jin et al., 2024;
Shi et al., 2025), embodied (Fan et al., 2025), and
dialogue-based settings. Dialogue-based bench-
marks further evaluate belief reasoning (Kim et al.,
2023), strategic and tactful communication (Chan
et al., 2024; Yu et al., 2025; Liu et al., 2025), role-
played interaction (Shinoda et al., 2025), and rec-
ommendation (Li et al., 2026). However, as sum-
marized in Table 1, most dialogue-based bench-
marks cover only part of the required abilities,
and few explicitly evaluate trajectory change rea-
soning over mental state changes. Although re-
cent benchmarks consider mental state dynamics
across separate scenarios (Xiao et al., 2025) or
track states across dialogue turns (Yu et al., 2025),
they rarely require models to reason about what
changes, when it changes, and why it changes
within a continuous dialogue. TrajToM comple-
ments these benchmarks by jointly assessing phase-
specific mental state inference, behavior-grounded
explanation, and trajectory-level change reasoning.
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Figure 2: Overview of our TrajToM benchmark.

Benchmark 2nd BR TCR #D #Q

FANToM (Kim et al., 2023) ✓ ✗ ✗ 256 10,000
NegotiationToM (Chan et al., 2024) ✓ ✓ ✗ 395 13,800
ToMATO (Shinoda et al., 2025) ✓ ✗ ✗ 753 5,400
TactfulToM (Liu et al., 2025) ✓ ✗ ✗ 100 6,700
PersuasiveToM (Yu et al., 2025) ✓ ✓ ✗ 525 18,878
RecToM (Li et al., 2026) ✗ ✓ ✗ 336 20,524

TrajToM (ours) ✓ ✓ ✓ 700 18,165

Table 1: Comparison with other dialogue-based ToM
benchmarks.
Note. 2nd = second-order ToM; BR = behavioral reasoning; TCR = trajectory
change reasoning over mental state changes; #D = number of dialogues; #Q =
number of questions.

2.2 ToM Enhancement

Existing ToM enhancement methods mainly follow
three lines. Prompt-based methods guide models
through perspective simulation (Wilf et al., 2024;
Jung et al., 2024), query decomposition (Hou et al.,
2024), or intermediate state tracking (Sarangi et al.,
2025; Wu et al., 2026a), but are sensitive to prompt
design and do not update the model’s reasoning
policy. Structured methods use Bayesian (Jin et al.,
2024; Shi et al., 2025; Zhang et al., 2025b), sym-
bolic (Wu et al., 2025), or logic-based (Tang and
Belle, 2024) mechanisms to represent mental states,
but require explicit state or transition assumptions.
Recent RL-based methods use answer, format, or
process rewards for ToM and social reasoning (Lu
et al., 2025; Wu et al., 2026b), but these rewards
are not explicitly aligned with latent mental state

trajectories. MARTA complements these methods
by exploring trajectory-aligned process supervision
across dialogue phases.

3 TrajToM Benchmark

3.1 Benchmark Formulation

Task Definition. Following existing ToM bench-
marks (Chan et al., 2024; Jin et al., 2024), Tra-
jToM formulates each item as a single-answer
multiple-choice question. Each instance is denoted
as (D,Q,A, y), where D is a two-character so-
cial dialogue, Q is the question, A is the candidate
set, and y is the gold answer. The model predicts
ŷ ∈ A and is evaluated by accuracy. Questions
target mental states, behaviors, and state changes,
framing ToM evaluation as reasoning over mental
state trajectories within a continuous dialogue.

Mental State Trajectory. A mental state trajec-
tory represents a character’s phase-level mental
states and their transitions across a dialogue. Fol-
lowing prior work on mental and affective state
reasoning (Chen et al., 2024; Tong et al., 2026),
we characterize each trajectory along four dimen-
sions: emotion, belief, intention, and desire, cover-
ing affective states (Ortony et al., 1988) and belief–
desire–intention (BDI) attribution (Bratman, 1987).
Each dialogue is segmented into four functional
phases: opening, development, key moment, and
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closing, which scaffold initial states, evidence ac-
cumulation, major shifts, and final states.

Question Taxonomy. As illustrated in Figure 2,
TrajToM organizes ToM evaluation into three lev-
els that move from phase-specific state inference
to behavior explanation and trajectory change rea-
soning, with examples in Appendix A. This hierar-
chy avoids evaluating mental state change in iso-
lation, since models must first infer phase-specific
states, connect these states to observable behavior,
and then integrate distributed evidence to reason
about when, how, and why states change. Level 1:
Mental State Reasoning (MSR) assesses phase-
specific mental state inference at both first and sec-
ond order, covering emotion, belief, intention, and
desire. Level 2: Behavioral Reasoning (BR) tests
whether LLMs can explain actions and misunder-
standings by considering latent mental states and
information asymmetry. Level 3: Trajectory Rea-
soning (TR) operationalizes trajectory change rea-
soning through key moment identification (KMI),
change direction assessment (CDA), and change
cause reasoning (CCR). KMI locates the turning
point of a significant shift, CDA characterizes how
a mental dimension evolves across phases, and
CCR identifies the statement or event that triggers
the shift.

3.2 Benchmark Construction

A key challenge in LLM-generated ToM bench-
marks is ensuring that gold labels for latent mental
states are supported by dialogue evidence. If sce-
narios, questions, and answers are generated jointly
without explicit structural constraints, the resulting
“correct” answers may reflect LLM hallucinations
or self-consistent assumptions rather than inferable
evidence (Long et al., 2024; Shapira et al., 2024).
To improve the verifiability of gold answers, we
adopt a Sketch-first paradigm, in which we first
specify a structured mental state trajectory as a
Sketch, then generate the dialogue under this trajec-
tory, and finally derive questions whose answers
are traceable to Sketch fields. We further validate
profile plausibility, Sketch–dialogue consistency,
and question answerability so that retained answers
are supported by dialogue evidence. As shown
in Figure 3, TrajToM is constructed through four
stages: profile generation, Sketch construction, di-
alogue generation, and question generation, with
additional details in Appendix B.

Profile Input
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mutual incomplete
information

……
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opening development key moment closing
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trigger
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Verification  profile plausibility  Sketch--dialogue consistency  question answerability

Figure 3: Overview of the Sketch-first construction
pipeline.

Profile Generation. Each scenario begins with
a profile specifying two characters and their so-
cial situation. Inspired by conditional sampling
strategies (Zhang et al., 2025a), we construct pro-
files from ToM-relevant social context, character,
and relationship attributes drawn from social sce-
nario taxonomies and character profile conventions
(Ziems et al., 2023; Zhou et al., 2024). These at-
tributes define a large combinatorial space, and we
sample a controlled subset while filtering incompat-
ible pairings, such as first-meeting scenarios with
pre-existing intimate relationships.

Sketch Construction. Given a profile, we use an
LLM to produce a Sketch, a structured JSON tra-
jectory that specifies phase-level mental states, key
shifts, and causal links before dialogue generation.
For each character c, phase ϕ, and mental state di-
mension d, the Sketch records a first-order state. It
also specifies the key moment, its triggering event,
and causal chains linking observable behaviors to
latent mental states. For second-order reasoning,
it stores s

(2)
c→c′,ϕ,d = (believed, actual, trigger),

where believed is c’s belief about c′’s state on d at
ϕ, actual is the Sketch-specified state of c′, and trig-
ger is the supporting cue later realized in dialogue.
This trigger makes second-order answers traceable
to explicit evidence. We filter invalid Sketches by
structural completeness and consistency with the
information-asymmetry setting, and five graduate
researchers familiar with ToM reviewed trajectory
plausibility and trigger clarity.
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Dialogue Generation. The Sketch guides the
generation of an approximately 18-turn dialogue
between the two characters, realizing the speci-
fied phase-level mental states, causal chains, and
key moment. To preserve ToM difficulty while
maintaining answerability, characters reveal men-
tal states through dialogue-grounded cues, such as
behavior, implication, and conversational tension,
while direct self-disclosure and inner monologue
are disallowed. The key moment must also emerge
naturally rather than being explicitly announced.
Human reviewers assess Sketch–dialogue consis-
tency and conversational naturalness, and failed
dialogues are regenerated.

Question Generation. To ensure answer fidelity,
gold answers are first determined from Sketch
fields, while the LLM only verbalizes questions and
options. Task-specific templates select the queried
character, phase, mental-state dimension, and rea-
soning target. For MSR, first-order answers are
extracted from phase-level states, while second-
order answers are obtained from the Sketch tu-
ple s

(2)
c→c′,ϕ,d. For BR, answers are derived from

Sketch-specified causal chains that explain stable
behavior patterns or interaction-level misunder-
standings. For TR, answers are derived from key
moments, state shifts, and triggers, corresponding
to key moment identification, change direction as-
sessment, and change cause reasoning. Distractors
are constructed from structurally related but incor-
rect alternatives, such as states from another phase,
character, mental dimension, or an incorrect causal
mechanism. Reviewers check item clarity, answer-
ability, and distractor validity, and all invalid items
are subsequently discarded.

3.3 Dataset Statistics

TrajToM comprises 700 dialogues and 18,165
multiple-choice questions, averaging 18.0 turns and
25.9 questions per dialogue. As shown in Figure 4,
it covers three levels: MSR with 9,095 questions
(50.1%), BR with 2,100 questions (11.6%), and
TR with 6,970 questions (38.4%). It includes eight
subtypes: four MSR dimensions, one BR category,
and three TR subtypes. BR is further organized
into three balanced behavior-explanation patterns.
Among order-sensitive MSR and BR questions,
7,000 are first-order and 4,195 are second-order.
Additional BR-pattern and phase/span statistics are
provided in Appendix C.
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Figure 4: Distribution of TrajToM across reasoning
levels, subtypes, and reasoning orders.

4 MARTA: Trajectory-Aligned Process
Supervision

Beyond evaluation, the structured Sketches in Traj-
ToM also provide a natural source of process-level
supervision for improving ToM reasoning. We fur-
ther study MARTA (Mental State Trajectory Align-
ment for ToM Reasoning), an exploratory training
framework that complements TrajToM by using
Sketch fields for trajectory-aligned training with-
out relying on LLM judges or additional reward
models. Outcome-only optimization may improve
answer accuracy, but it does not ensure that the
model reaches correct answers through trajectory-
consistent reasoning. For each input (D,Q,A),
the model generates a reasoning chain τ and an
answer ŷ. The associated Sketch S is used only for
reward computation during training, and inference
uses only (D,Q,A).

4.1 Supervised Fine-Tuning for Structured
Reasoning

We first perform supervised fine-tuning (SFT) to
initialize the model with a structured ToM reason-
ing format. For each input x = (D,Q,A), the
target response r consists of a reasoning chain τ
enclosed by <think> tags and a gold option y⋆

enclosed by <answer> tags. The reasoning chain
follows three stages: [Evidence], [Inference],
and [Conclusion], which cite dialogue evidence,
infer latent mental states or behavior explanations,
and state the final conclusion. SFT targets are con-
verted from answer explanations, with details pro-
vided in Appendix D.1. The model is trained with
the standard negative log-likelihood objective:

LSFT(θ) = −E(x,r) log πθ(r | x), (1)

where πθ denotes the model policy.
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4.2 Trajectory-Aligned GRPO

SFT initializes the reasoning format, but it does
not explicitly optimize whether the reasoning con-
clusion is supported by the mental state trajectory
underlying the answer. We therefore further refine
the model with Group Relative Policy Optimization
(GRPO) (Guo et al., 2025), using TrajToM Sketch
fields as verifiable targets for process-level rewards.
For each input, the policy samples N candidate
responses, each containing a reasoning chain and a
predicted answer, and updates the policy with the
standard clipped GRPO objective.

The total reward is defined as

Rtotal = Rfmt · (Rout + λRproc) ·Rlen, (2)

where Rfmt checks the required output format,
Rout evaluates answer correctness, Rproc rewards
conclusions that are aligned with Sketch-derived ev-
idence and structured reasoning, and Rlen penalizes
overly long or repetitive responses. The coefficient
λ is an outcome-calibrated trust weight computed
from group-level answer correctness, reducing the
influence of process rewards when outcome signals
are unreliable.

The process reward is computed as

Rproc = wconcRconc + wstructRstruct, (3)

where Rconc compares the conclusion span with the
corresponding Sketch-derived target, and Rstruct

checks the required [Evidence], [Inference],
and [Conclusion] stages. Additional details of
the GRPO objective and reward computation are
provided in Appendix D.2.

5 Experiments

5.1 Experimental Setup

Models and Baselines. We evaluate twelve rep-
resentative LLMs covering both API-accessed and
open-weight models: Claude-Haiku-4.5, Claude-
Sonnet-4.5, DeepSeek-V3.2, Gemini-2.5-Flash
(Gemini Team, 2025), GPT-5.2, Llama-3.1-8B,
Llama-3.3-70B (Grattafiori et al., 2024), Mistral-
7B (Jiang et al., 2023), Mixtral-8x7B, Qwen3.5-4B,
Qwen3.5-9B, and Qwen3.5-35B. For controlled
comparison on the same base model, we compare
Qwen3.5-9B with zero-shot CoT prompting (Wei
et al., 2022), SFT, and MARTA. MARTA is trained
with N = 8 rollouts per prompt on 4 NVIDIA
A800 80GB GPUs.

Evaluation. We use multiple-choice accuracy as
the primary metric. To avoid leakage across ques-
tions derived from the same dialogue, we split Tra-
jToM at the dialogue level. The test set contains
350 dialogues and 9,067 questions, while the re-
maining 350 dialogues are used for training and
development. For human performance, indepen-
dent graduate participants not involved in dataset
construction answer a stratified sample of the test
set across reasoning levels and subtypes under the
same input format as models. Details of model ver-
sions, prompts, hyperparameters, data splits, and
human evaluation are provided in Appendix E.

5.2 Main Results

Table 2 reports subtype-level results on TrajToM,
while Figure 5 summarizes performance across the
three reasoning levels.

TrajToM Exposes a Persistent Human–Model
Gap. TrajToM remains challenging for current
LLMs. The human baseline achieves 88.2 overall
accuracy, whereas the strongest general-purpose
model, GPT-5.2, reaches 67.4. Even MARTA,
trained with trajectory-aligned supervision, obtains
72.5 and still leaves a clear gap to humans. This
suggests that strong language understanding alone
is insufficient for robust ToM reasoning in continu-
ous social dialogues, where models must infer and
update latent mental states across dialogue phases
rather than answer from isolated textual cues.

Scaling Improves ToM Performance but Does
Not Eliminate Core Difficulty. Among general-
purpose models, GPT-5.2 achieves the best overall
performance, followed by Claude-Sonnet-4.5 and
Llama-3.3-70B. Open-weight models show clear
scale-related trends, with Llama-3.3-70B substan-
tially outperforming Llama-3.1-8B and Qwen3.5-
35B improving over Qwen3.5-9B and Qwen3.5-
4B, suggesting that larger and stronger models gen-
erally perform better on TrajToM. However, all
remain far below the human baseline, indicating
that model scaling alone does not fully address
trajectory-based ToM reasoning.

Subtype Results Reveal Uneven ToM Difficulty.
Performance varies substantially across subtypes.
Although TR shows relatively high level-wise ac-
curacy in Figure 5, Table 2 shows that this mainly
comes from KMI and CCR, which are often an-
chored in salient turning points or triggering events.
CDA is harder because it requires comparing men-
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Category Model MSR BR TR Overall

Emotion Belief Intention Desire BR KMI CDA CCR Avg.

Human Human 86.4 79.2 84.8 96.8 88.3 97.1 82.7 90.1 88.2

API
Models

Claude-Haiku-4.5 57.0 48.1 58.8 92.4 64.8 86.0 58.8 78.1 63.8
Claude-Sonnet-4.5 58.3 50.7 59.0 93.7 63.3 91.1 63.9 81.3 66.1
Gemini-2.5-Flash 48.5 38.6 51.1 92.0 57.6 83.3 54.7 69.4 57.5
DeepSeek-V3.2 52.8 45.4 57.7 92.7 55.1 85.1 55.8 77.9 60.9
GPT-5.2 60.7 53.7 64.9 94.1 65.4 86.6 62.6 80.6 67.4

Open
Weight

Llama-3.1-8B 37.6 35.1 36.4 93.4 44.3 72.1 42.1 53.4 47.0
Llama-3.3-70B 57.2 50.5 59.9 93.4 58.0 87.9 60.4 84.0 64.6
Mistral-7B 30.1 25.5 26.7 59.7 27.8 51.9 26.8 33.6 32.1
Mixtral-8x7B 38.1 31.2 33.4 71.3 36.9 45.6 37.8 29.6 38.6
Qwen3.5-4B 43.4 34.1 42.4 89.9 43.3 69.1 46.2 59.4 49.2
Qwen3.5-9B 43.7 36.1 41.5 92.1 42.5 78.6 51.0 71.7 52.3
Qwen3.5-35B 47.9 40.4 52.9 93.3 55.9 84.7 54.0 77.9 58.5

Qwen3.5-9B
Variants

+ CoT 46.6 (+2.9) 43.3 (+7.2) 45.0 (+3.5) 91.1 (-1.0) 41.2 (-1.3) 82.9 (+4.3) 51.6 (+0.6) 75.6 (+3.9) 54.8 (+2.5)
+ SFT 53.2 (+9.5) 45.3 (+9.2) 54.3 (+12.8) 94.7 (+2.6) 61.3 (+18.8) 91.6 (+13.0) 66.4 (+15.4) 81.6 (+9.9) 64.4 (+12.1)
+ MARTA 70.0 (+26.3) 52.0 (+15.9) 63.4 (+21.9) 95.6 (+3.5) 68.3 (+25.8) 96.0 (+17.4) 75.8 (+24.8) 84.9 (+13.2) 72.5 (+20.2)

Table 2: Main results on TrajToM. Overall is micro-averaged accuracy over all questions. Values in parentheses
denote absolute gains over Qwen3.5-9B. The best and second-best model results, excluding humans, are marked in
bold and underline.
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Figure 5: Level-wise performance on TrajToM. Scores are question-count-weighted averages over subtypes within
each level.

tal states across phases and identifying the direc-
tion of change. For example, GPT-5.2 drops from
86.6 on KMI and 80.6 on CCR to 62.6 on CDA,
while Qwen3.5-9B drops from 78.6 and 71.7 to
51.0. Thus, high TR-level scores mainly reflect
success in locating salient events or local causal
cues, rather than full trajectory-level tracking.

MSR shows a similar imbalance. Desire rea-
soning is easier, with GPT-5.2 and Qwen3.5-9B
reaching 94.1 and 92.1, likely because stable moti-
vations recur across the dialogue. In contrast, belief
and intention reasoning are more context-sensitive:
GPT-5.2 drops to 53.7 and 64.9, while Qwen3.5-9B
drops to 36.1 and 41.5. BR is also difficult, with
GPT-5.2 reaching 65.4 and Qwen3.5-9B 42.5, sug-
gesting weakness in linking latent mental states to
observable behavior under information asymmetry.
Together, these results show that success on stable
motivations, salient events, or local triggers does

not imply robust ToM reasoning.

MARTA Provides Consistent Gains over
Prompting and SFT. For controlled comparison
on Qwen3.5-9B, CoT prompting only modestly
improves overall accuracy from 52.3 to 54.8, sug-
gesting that generic step-by-step reasoning is insuf-
ficient when the key challenge is tracking mental
state evolution across dialogue phases. SFT reaches
64.4, showing that a structured reasoning format
helps organize ToM inference. MARTA further
improves accuracy to 72.5, outperforming the base
model by 20.2 points and SFT by 8.1 points. The
gains are especially clear on BR and level-wise
TR, where MARTA improves from 42.5 to 68.3
and from 60.6 to 81.7, respectively. These results
support the motivation of MARTA: Sketch-derived
process supervision improves answer selection and
encourages reasoning conclusions that are more
consistent with the latent mental state trajectory
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underlying the dialogue.

5.3 In-Depth Analysis

Order-sensitive Evaluation Reveals a Clear
Second-order Bottleneck. To examine higher-
order ToM reasoning, we analyze order-sensitive
questions in MSR and BR, covering belief, emo-
tion, intention, and behavioral reasoning. As shown
in Figure 6, Qwen3.5-9B exhibits a clear first-to-
second order gap across all four subtypes, espe-
cially in belief and emotion reasoning. This is
because second-order questions require inferring
one character’s understanding of another charac-
ter’s mental state, rather than directly inferring
a single character’s state from dialogue evidence.
CoT prompting provides limited and unstable im-
provements, suggesting that generic step-by-step
reasoning does not reliably resolve nested mental
state inference. SFT improves several results, but
the second-order gap remains evident. By con-
trast, MARTA consistently improves second-order
performance across all subtypes, increasing aggre-
gated second-order accuracy from 20.1 to 52.1 and
reducing the first-to-second order gap from 35.9 to
18.4 points. Nevertheless, MARTA still remains
below the human second-order reference, showing
that second-order ToM remains a key bottleneck
even with trajectory-aligned process supervision.

Interaction-level Misunderstanding Remains
Hard for BR. We further examine BR perfor-
mance across its three behavior-explanation pat-
terns. As shown in Figure 7, Qwen3.5-9B per-

20 30 40 50 60 70 80
Accuracy (%)

Base

+CoT

+SFT

+MARTA

34.6 49.4

27.4 51.1

54.6 65.7

57.4 74.9

Stable-A Stable-B Misunder.

Figure 7: Behavioral reasoning breakdown across three
BR patterns. Stable-A/B denote first-order stable behav-
ior explanations, while Misunder. denotes second-order
interaction-level misunderstanding.

Setting Reward Overall 2nd

SFT – 64.4 35.1
Answer-only Rout 66.4+2.0 42.6+7.5

w/o λ Rout +Rproc 71.3+6.9 51.5+16.4

MARTA Rout + λRproc 72.5+8.1 52.1+17.0

Table 3: Ablation results of MARTA. Subscripts denote
absolute gains over SFT.

forms worse on Misunderstanding than on Stable-
A and Stable-B, indicating that behavioral reason-
ing becomes harder when it depends on reciprocal
misinterpretation under asymmetric information.
CoT slightly improves the two stable behavior pat-
terns but further hurts Misunderstanding. SFT and
MARTA improve all three patterns, but Misunder-
standing remains the lowest-scoring pattern, show-
ing that interaction-level misunderstanding is par-
ticularly challenging.

Process Supervision Contributes beyond
Answer-only Optimization. To assess the role
of reward components, we conduct an ablation
study on MARTA (Table 3). Compared with
SFT, MARTA substantially improves both overall
accuracy and second-order reasoning, showing
that its gains are not merely due to learning a
structured reasoning format. The answer-only
variant improves over SFT but remains below full
MARTA, indicating that outcome rewards alone
are insufficient for aligning the reasoning process.
Removing the outcome-calibrated trust weight λ
also slightly degrades performance, suggesting
that process rewards benefit from calibration
by answer correctness. These results show that
Sketch-derived process supervision provides bene-
fits beyond answer-only optimization, especially
for second-order ToM reasoning.
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6 Conclusion

We present TrajToM, a dialogue-based benchmark
for evaluating LLMs’ ToM through evolving men-
tal state trajectories. TrajToM covers mental state
reasoning, behavioral reasoning, and trajectory
reasoning over beliefs, emotions, intentions, and
desires in continuous interactions. Experiments
reveal a substantial human–model gap, with per-
sistent bottlenecks in second-order reasoning, be-
havior explanation, and change direction assess-
ment. We further show that MARTA improves over
CoT, SFT, and answer-only optimization through
trajectory-aligned process supervision. Overall,
TrajToM provides a fine-grained framework for
studying evolving mental states in social dialogue.

Limitations

Synthetic Data Artifacts and Generator Bias.
TrajToM uses a Sketch-first paradigm to make
ground-truth mental states traceable. However,
all LLM-based generation steps use a single gen-
erator model, which may introduce stylistic arti-
facts or model-family bias. Although Sketch con-
straints, automatic checks, and human review im-
prove answer traceability, they may not remove
all generator-specific artifacts. Future work can
use multiple generator models or human-written
dialogues to further diversify the benchmark.

Scope of Social Interaction. TrajToM focuses
on continuous two-character social dialogues. This
controlled setting supports trajectory-level evalua-
tion, but it does not cover group dynamics, multi-
lingual interactions, multimodal cues, or embodied
social environments.

Multiple-choice Evaluation. TrajToM uses
multiple-choice questions for scalable and
objective evaluation. This format evaluates
recognition of the correct option and may not fully
capture open-ended explanation quality, interactive
decision-making, or free-form social reasoning.

Training Scope of MARTA. MARTA is eval-
uated on one open-weight base model and relies
on structured trajectory evidence for process su-
pervision. Although Sketches are not provided as
model input, the method still requires trajectory
annotations during training. Its effectiveness on
larger models, other model families, and datasets
without trajectory annotations remains to be further
explored.

Ethical Considerations

Anthropomorphism. ToM is a human social-
cognitive ability, and evaluating LLMs with ToM
benchmarks may risk anthropomorphic interpreta-
tions. We do not claim that LLMs possess human-
like mental states or genuine ToM. TrajToM pro-
vides a functional evaluation of whether models
can infer characters’ beliefs, emotions, intentions,
and desires from dialogue evidence.

Data and Human Review. TrajToM contains
synthetic social dialogues involving interpersonal
goals, information asymmetry, misunderstandings,
and emotional changes. The dialogues do not
contain personal data from real individuals. We
check the data for personally identifying informa-
tion and remove or revise examples that may con-
tain real names, contact information, addresses, or
user names. We apply automatic filtering and hu-
man review to reduce unsafe, offensive, or harmful
content and to improve data quality. Reviewers
were informed of the research purpose, could stop
reviewing uncomfortable content, and were com-
pensated according to the estimated workload.

Responsible Use. TrajToM and MARTA are in-
tended for research on ToM evaluation and reason-
ing improvement. Although better ToM reasoning
may benefit dialogue agents, education, and as-
sistive systems, it may also create dual-use risks,
including misuse for manipulation, profiling, un-
wanted persuasion, or inference of users’ private
mental states without consent. We therefore encour-
age responsible use and discourage applying these
resources to infer or influence users’ private mental
states without consent, especially in high-stakes or
user-facing settings.
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A Task Taxonomy and Examples

This section provides additional details and rep-
resentative examples for the TrajToM task taxon-
omy. For compactness, we show example questions
and gold answers rather than full dialogues or full
answer explanations. All examples are originally
multiple-choice questions with one gold answer.

Mental State Reasoning. MSR evaluates
whether models can infer characters’ mental states
from dialogue evidence. First-order MSR asks
about a character’s own emotion, belief, intention,
or desire, while second-order MSR asks about one
character’s understanding of another character’s
mental state. Table 4 provides representative
examples.

Behavioral Reasoning. BR evaluates whether
models can explain observable actions and misun-
derstandings using latent mental states and infor-
mation asymmetry. It includes stable behavior ex-
planations for individual characters and interaction-
level misunderstanding explanations. Table 5 pro-
vides representative examples.

Trajectory Reasoning. TR evaluates whether
models can reason about mental-state changes
across dialogue phases. KMI asks when a signif-
icant shift occurs, CDA asks how a mental state
changes, and CCR asks why the change occurs.
Table 6 provides representative examples.

B Benchmark Construction Details

Unless otherwise specified, all LLM-based data
generation steps in benchmark construction use
GPT-5.4. Human reviewers were recruited from
graduate students with NLP, AI, or related research
backgrounds. They were informed that the data
consisted of synthetic social dialogues created for
research purposes. They were asked to follow
the review criteria described in the correspond-
ing construction stages, including profile plausi-
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Subtype Order What It Tests Example Question Gold Answer

Emotion 1st Affective state at a dialogue
phase.

Right after Harper interprets Dana’s early-morning email, what
emotional state is Harper most likely in?

Alert and mildly excited.

Belief 1st Belief about what is true at a dia-
logue phase.

Before Shiloh shows the printed draft, what does Harper believe the
meeting will likely involve?

A process-change announcement
indicated by Dana’s email.

Intention 1st Intended action or communica-
tive goal at a dialogue phase.

When Harper cites Dana’s early-morning email and says nobody
should walk in “flat-footed,” what does Harper intend to accomplish?

To use the email as credible evi-
dence.

Desire 1st Stable motivation or goal across
the dialogue.

Across the conversation, what underlying desire best explains
Harper’s behavior?

To keep the team informed and
aligned before the meeting.

Belief 2nd One character’s belief about an-
other character’s mental state.

Before Shiloh says Harper is missing from Dana’s draft, what does
Shiloh think Harper is feeling?

Shiloh thinks Harper feels
smugly certain.

Table 4: Examples of MSR subtasks.

Pattern Order What It Tests Example Question Gold Answer

Stable-A 1st Explains character A’s stable behav-
ior from latent mental and information
states.

Why does Harper keep citing Dana’s 7:12 email and speak-
ing with certainty about what the meeting will involve?

Harper treats Dana’s
early email as authorita-
tive and time-sensitive
evidence.

Stable-B 1st Explains character B’s stable behav-
ior from latent mental and information
states.

Why does Shiloh respond with cautious comparisons and
gentle redirects instead of revealing the draft issue immedi-
ately?

Shiloh wants to avoid
conflict while privately
knowing about the re-
vised draft.

Misunderstanding 2nd Explains interaction-level misunder-
standing under asymmetric information.

Why do Harper and Shiloh talk past each other when Shiloh
says the folder does not match the email and Harper doubles
down on Dana’s timestamp?

They hold different hid-
den facts and misread
each other.

Table 5: Examples of BR behavior-explanation patterns.

bility, Sketch coherence, dialogue fidelity, ques-
tion answerability, and distractor validity. They
were also asked to flag unsafe or offensive con-
tent and possible personally identifying informa-
tion. Reviewers were informed that some exam-
ples might involve interpersonal conflict, misun-
derstanding, or emotional changes, and that they
could stop reviewing any content that made them
uncomfortable. Reviewers were compensated at a
local-currency equivalent of approximately USD
10 per hour, which was determined based on pi-
lot estimates of review time and local standards
for comparable graduate student research-assistant
work.

B.1 Profile Schema

Each TrajToM instance starts from a profile that
specifies the social scenario, the two characters,
their relationship, and the information-asymmetry
structure. The profile is used as the conditioning
input for Sketch construction and dialogue gener-
ation. It ensures that each dialogue is grounded
in a coherent social situation before mental-state
trajectories are specified. The profile attributes are
sampled conditionally: after a social scenario type
is selected, compatible locations, relationship types,
character goals, and information-asymmetry pat-
terns are sampled under predefined compatibility
constraints. Table 7 summarizes the main profile
fields with representative values; the actual sam-

pling pool contains a broader set of compatible
values for each field.

Profile Filtering. We apply rule-based filters
to remove logically incompatible profiles before
Sketch construction. A profile is discarded if its re-
lationship type conflicts with the scenario setting, if
the sampled goals cannot support a plausible social
tension, or if the information-asymmetry structure
cannot support later belief divergence or misun-
derstanding. For example, first-meeting scenarios
are not paired with pre-existing intimate relation-
ships, and misunderstanding-oriented profiles must
include private or unevenly distributed information
that can plausibly affect how both characters in-
terpret the interaction. Human reviewers further
check profile plausibility and discard or revise pro-
files with incoherent goals, unnatural relationships,
or underspecified information asymmetry.

Profile-to-Sketch Prompt. The Profile-to-
Sketch prompt contains two parts. The system
prompt defines the global constraints for construct-
ing a coherent psychological trajectory, while
the user prompt provides the validated profile,
required Sketch components, and output schema.
A simplified prompt template is shown below.

System Prompt.
You are a story architect for Theory of Mind research.
Given a character profile, generate a structured psycho-
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Subtype What It Tests Example Question Gold Answer

KMI Locates the turning point of a
mental-state shift.

At what point does Harper stop pressing Shiloh to accept the email’s
reading and turn to checking whether Dana’s draft changed Harper’s
role?

When Shiloh reveals that
Harper’s name is missing from
Dana’s latest draft.

CDA Assesses the direction of mental-
state change.

How does Harper’s understanding of the meeting materials shift over
the course of the conversation?

From an email-based process-
change expectation to concern
about Harper’s missing draft role.

CCR Identifies the trigger of a mental-
state change.

Which statement or event causes Harper to shift from pushing the 7:12
email to checking Shiloh’s page before confronting Dana?

Shiloh states that Harper’s name
is missing from Dana’s latest
draft.

Table 6: Examples of TR subtasks.

Profile Attribute Description Representative Values

Scenario-level attributes

Social scenario type Broad type of social interaction. workplace professional, family relationship,
friendship dynamics, social
misunderstanding, competitive conflict

Setting location Physical or virtual location of the
conversation.

office break room, coffee shop, campus
library, conference room, online video call

Information asymmetry Distribution of private or incomplete
information between the two characters.

A/B has hidden information, mutual
incomplete information, false belief by
A/B, mutual misunderstanding

Character-level attributes

Character names Gender-neutral names used to instantiate
the two characters.

Harper, Shiloh, Jordan, Riley, Morgan,
Casey

Personality seed Lightweight personality-control attribute
for diversifying character styles.

INTJ, ENFP, ISFJ, ESTP, and other
MBTI-style labels

Social goal Communicative or social goal of each
character.

influence belief, resolve misunderstanding,
defend reputation, disclose information,
assert autonomy

Relationship-level attributes

Relationship type Social relation between the two characters. colleagues, close friends, roommates,
siblings, romantic partners, acquaintances

Relationship closeness Degree of emotional closeness between the
characters.

very close, close, moderately close, distant,
strained

Power dynamic Relative authority or influence between the
characters.

equal, slightly unequal, mentor–mentee,
authority–subordinate

Table 7: Profile schema used for TrajToM construction. Representative values are shown for compactness.

logical Sketch that will guide dialogue generation and
serve as ground-truth annotation for ToM evaluation.
The Sketch should describe the two characters’ emotion,
belief, intention, and desire across four phases: opening,
development, key moment, and closing. It should also
specify information asymmetry, causal relationships, and
second-order mental states.
Requirements.

• Output only valid JSON matching the provided
schema.

• Ensure that mental states evolve coherently across
phases.

• Make the key event sufficient to support the in-
tended state changes.

• Represent second-order states as plausible misread-
ings rather than perfect access to the other charac-
ter’s actual state.

User Prompt.
Profile. {profile_json}
Sketch Requirements.

1. information_asymmetry
2. phase_states for opening, development, key mo-

ment, and closing
3. a concrete key-moment trigger and the resulting

state shifts
4. a three-step causal_chain
5. second_order_states with the perceived state,

actual state, and observable trigger

Output Schema. {schema_json}

B.2 Sketch Schema

Given a profile, TrajToM constructs a Sketch be-
fore dialogue generation. The Sketch is a struc-
tured JSON trajectory that specifies information
asymmetry, phase-level mental states, key-moment
shifts, causal chains, and second-order mental-state
beliefs. It serves as the intermediate representa-
tion that connects the social profile, generated di-
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alogue, and question answers. The schema en-
forces required fields and disallows unspecified
fields, which helps reduce underspecified or incon-
sistent trajectories. Table 8 summarizes the main
Sketch fields.

For second-order reasoning, entries in
second_order_states instantiate the tuple
s
(2)
c→c′,ϕ,d = (believed, actual, trigger). Here,

believed denotes what character c thinks about
character c′’s mental state, actual denotes the
Sketch-specified state of c′, and trigger denotes the
observable cue that supports this belief or misread.
For trajectory reasoning, the key_moment phase
records both the triggering event and the resulting
shifts in emotion, belief, and intention. The desire
field is treated as stable by default and is filled in
the shift structure only when the character’s deeper
motivation genuinely changes.

Sketch Filtering and Review. Invalid Sketches
are discarded or regenerated if they miss required
fields, contain underspecified mental states, lack a
clear key-moment trigger, or conflict with the sam-
pled information-asymmetry setting. For phase-
level states, we check whether each character has
complete emotion, belief, intention, and desire de-
scriptions in the required phases. For key moments,
we check whether the trigger can plausibly cause
the specified state shifts. For second-order states,
we check whether the believed state differs from
the actual state when a misread or false belief is in-
tended, and whether the trigger can later be realized
as explicit dialogue evidence. Human reviewers
further examine trajectory plausibility, causal-chain
coherence, and trigger clarity before dialogue gen-
eration.

B.3 Dialogue Generation Details

Each dialogue is generated from a paired profile
and Sketch. The profile provides character at-
tributes, relationship information, social goals, and
the situation context, while the Sketch provides the
information-asymmetry structure, phase-level men-
tal states, causal chains, key moment, and second-
order beliefs. The generator is instructed to real-
ize the Sketch through natural conversational cues,
such as word choice, hesitation, disagreement, im-
plication, and shifts in conversational focus. To
preserve ToM difficulty, characters are not allowed
to directly state their own mental states, beliefs, or
intentions, and inner monologue or explicit narra-
tion is disallowed. The key moment is required to

emerge naturally from the interaction rather than
being announced as a turning point.

Dialogue Generation Prompt. The dialogue
generation prompt contains two parts. The system
prompt defines global writing constraints, while
the user prompt provides the profile, a Sketch-
derived psychological blueprint, and output require-
ments. This design makes the Sketch a constraint
blueprint rather than a dialogue script: the genera-
tor must realize the specified mental-state trajectory
through natural conversational evidence. A simpli-
fied prompt template is shown below.

System Prompt.
You are a dialogue writer for Theory-of-Mind research. Write a realistic,
psychologically grounded conversation between two characters. Write
only the dialogue, with no narration, stage directions, or inner monologue.
Characters must not directly state their own mental states, beliefs, or
intentions. Psychological depth should emerge from what characters say
and how they respond. Follow the psychological blueprint faithfully,
especially the key-moment trigger. Output only a valid JSON array.

User Prompt.
Characters and Scenario.
[Person A]: name, personality seed, social goal. [Person B]: name, per-
sonality seed, social goal. [Relationship]: relationship type, closeness,
power dynamic. [Setting]: scenario type, location, situation context.

Psychological Blueprint from Sketch.
[Information Asymmetry]: private information held by A and/or B,
plus any shared false assumption.
[Phase-level Mental States]: each character’s emotion, belief, inten-
tion, and desire across opening, development, key moment, and closing.
[Key Moment]: key-moment type, triggering statement/event, and the
resulting state shifts.
[Causal Chains]: causal explanations for A’s stable behavior, B’s stable
behavior, and the interaction-level misread.
[Second-order Beliefs]: what each character thinks about the other’s
mental states, including the observable trigger for each misread.

Dialogue Requirements.
Write a natural dialogue between A and B. The dialogue must realize the
information asymmetry, phase-level states, causal chains, second-order
misreads, and key moment specified above. Express mental states through
dialogue-grounded cues such as word choice, hesitation, disagreement,
implication, and shifts in conversational focus. Do not directly reveal
inner states. The key moment should emerge naturally rather than be-
ing explicitly announced. After the key moment, reflect the state shifts
specified in the Sketch.

Output Format.
Return a JSON array of turn-level objects: [{"turn": 0, "speaker":
"...", "text": "..." }, ...].

Automatic Validation and Human Review. Af-
ter generation, each dialogue is automatically
checked for basic structural validity, including turn
count, speaker alternation, and non-empty utter-
ances. Dialogues that fail these checks are regener-
ated or discarded. Human reviewers further assess
whether the dialogue faithfully realizes the Sketch,
preserves the intended information asymmetry, ex-
presses mental states through dialogue-grounded
cues rather than direct self-disclosure, and intro-
duces the key moment naturally. Dialogues are
regenerated if they omit required Sketch content,
reveal mental states too explicitly, or introduce un-
supported state changes.
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Sketch Component Description Used For

Instance identifier Links each Sketch to its profile, dialogue, and
generated questions.

Instance tracking

Information asymmetry Records private or unevenly distributed information,
including facts known only to A, facts known only to
B, and shared false assumptions.

Belief divergence; BR
misunderstanding; consistency
checks

Phase-level states Stores phase-level states for opening, development, key
moment, and closing. Standard phases contain each
character’s emotion, belief, intention, and desire.

First-order MSR; CDA state
comparison

Key moment Specifies the turning-point trigger, key-moment type,
and state shifts for both characters.

KMI; CDA shifts; CCR triggers

Behavioral causal chains Provides three causal explanations: A’s stable behavior,
B’s stable behavior, and the interaction-level misread
caused by information asymmetry or value difference.

BR Stable-A/B; BR
Misunderstanding

Second-order states Records what each character thinks about the other’s
mental states. Each non-null entry contains the
believed state, actual state, and observable trigger.

Second-order MSR; false-belief
evaluation

Table 8: Main components in the Sketch schema.

B.4 Question Generation Details

Question generation is designed to preserve an-
swer fidelity. For each item, the gold answer is
determined from the Sketch before the question
and options are phrased. The LLM is used only
to verbalize the question and answer options in
natural language, while task-specific templates se-
lect the queried character, mental-state dimension,
dialogue phase or phase span, and reasoning tar-
get. Table 9 summarizes the answer sources and
distractor strategies for each question type.

Question Planning. Before verbalization, each
question is first instantiated from a task-specific
template that determines the queried character, rea-
soning target, and dialogue anchor. This planning
step specifies what the question should ask before
the LLM rewrites it into a natural multiple-choice
format.

For MSR, first-order templates ask about a tar-
get character’s emotion, belief, or intention at a
concrete moment in the dialogue. Instead of ex-
posing abstract phase labels such as opening, de-
velopment, or closing, the question stem anchors
the target state to an observable exchange, such as
when a character first raises an issue, challenges
another character, or reacts to new information.
Desire questions are handled differently: because
desire represents a more stable motivation, the stem
asks about the character’s underlying desire or goal
across the whole conversation rather than at a sin-
gle moment. Second-order MSR questions are in-
stantiated from fixed perspective-taking templates,
asking what one character thinks another charac-
ter is feeling, believing, or trying to do before a

key-moment event.

For BR, question planning starts from observable
behavior rather than mental-state labels. Stable-A
and Stable-B templates ask why one character re-
peatedly shows a consistent behavior pattern across
the dialogue. Misunderstanding templates ask why
both characters talk past each other at a specific ex-
change. This interaction-level misunderstanding is
treated as one reciprocal phenomenon, rather than
being split into two separate questions about each
character’s individual misread.

For TR, templates focus on observable change.
KMI questions describe the contrast between a
character’s behavior before and after a shift and
ask when the shift occurs. CDA questions ask how
a character’s understanding of a concrete content
domain changes across the dialogue or between
selected phases, without naming the underlying
mental-state dimension in the stem. CCR ques-
tions describe an observable change in stance or
behavior and ask why that change occurs. For BR
and TR, question stems avoid explicit mental-state
terms such as belief, desire, intention, and emotion,
so that models must infer the relevant mental-state
structure from dialogue evidence rather than from
lexical cues in the question.

Question Generation Prompt. We use task-
specific prompts for different question types. For
compactness, we show a simplified template that
abstracts the common structure across MSR, BR,
and TR prompts.
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Question Type Gold Answer Source Distractor Strategy

MSR, first-order Emotion, belief, and intention from sampled
phase-level states; desire as a cross-phase stable
motivation.

Same-dimension states from another phase or
character; plausible but globally inconsistent
goals for desire.

MSR, second-order Believed state from second-order mental state
beliefs; actual state and trigger for explanation
and validation.

Other second-order beliefs or true phase-level
states with incorrect perspective or timing.

BR Stable-A/B Causal chains explaining character A’s or B’s
stable behavior.

Dimension mismatch, time mismatch, or
perspective mismatch.

BR Misunderstanding Causal chain describing the bidirectional
misread between two characters.

One-sided attribution, swapped misread
directions, or shifted misread intensity.

TR-KMI Key-moment trigger; state shifts used to verify
the turning point.

Too-early, too-late, or high-pressure but
non-turning moments.

TR-CDA Comparison of selected phase-level mental
states.

Wrong dimension, wrong character, or
incorrect endpoint phase.

TR-CCR Key-moment trigger, key-moment type, and
resulting state shift.

Stable-goal attribution, premature-state
attribution, or correct trigger with wrong causal
mechanism.

Table 9: Answer sources and distractor strategies for TrajToM question types.

Input.
[Scenario Context]: social setting, characters, relationship, and situa-
tion context.
[Dialogue]: generated dialogue with turn-level utterances.
[Question Plan]: question type, target character, reasoning order,
mental-state dimension or trajectory target, and dialogue anchor.
[Gold Answer]: pre-determined answer extracted from the Sketch. The
correct answer must be preserved when phrased as an option.
[Distractor Seeds]: structurally related but incorrect alternatives de-
rived from Sketch fields. The model may only rephrase these seeds for
fluency and parallel style.

Task.
Write one four-option multiple-choice question by verbalizing the pro-
vided question plan, gold answer, and distractor seeds. The question stem
should be anchored to observable dialogue evidence rather than to hidden
Sketch labels. Do not directly mention phase names such as opening,
development, or closing in the stem. For BR and TR questions, avoid
explicit mental-state words such as belief, desire, intention, and emotion
in the stem. The correct option must preserve the pre-determined gold
answer. Distractors should be plausible on a first reading but invalid under
the Sketch. Do not introduce new mental states, events, or causal facts
that are not supported by the dialogue or Sketch. All options should be
parallel in style and length.

Task-specific Constraints.
MSR: anchor first-order questions to a concrete dialogue moment; for
desire, ask about the underlying goal across the whole conversation; for
second-order questions, ask what one character thinks another character
is feeling, believing, or trying to do before a key-moment event.
BR: anchor the stem to observable behavior patterns; for misunderstand-
ing questions, treat the reciprocal misread as a single interaction-level
phenomenon rather than two separate subquestions.
TR: for KMI, ask when an observable shift occurs; for CDA, ask how a
concrete content-domain understanding changes; for CCR, ask why an
observable stance or behavior changes.

Output Format.
Return only a valid JSON object: {"question": "...", "option_A":
"...", "option_B": "...", "option_C": "...", "option_D":
"...", "correct_answer": "...", "explanation": "..."}.

Answer Derivation. Gold answers are derived
from different Sketch components depending on
the question type. For first-order MSR, emotion,
belief, and intention are anchored to sampled di-
alogue phases, while desire is treated as a cross-
phase stable motivation. For second-order MSR,
the answer corresponds to one character’s belief
about another character’s mental state rather than
the actual state. For BR, answers come from causal
chains that explain either one character’s stable be-

havior or reciprocal misunderstanding. For TR, an-
swers are derived from key-moment triggers, phase-
level state comparisons, and the causal mechanism
associated with state changes.

Distractor Construction. Distractors are struc-
turally related to the gold answer but invalid under
the Sketch. For MSR, distractors are drawn from in-
correct phases, characters, dimensions, or perspec-
tives. For BR, distractors target common attribution
errors, such as using the wrong mental-state dimen-
sion, relying on an outdated state, or explaining
one character’s behavior with another character’s
private state. For TR, distractors target temporal
and causal confusions, including selecting a non-
turning pressure peak, using the consequence as
the turning point, reversing the change direction, or
pairing the correct trigger with an incorrect causal
mechanism.

Question Filtering and Review. Generated ques-
tions are automatically checked to ensure that the
gold answer appears among the options, that the
options refer to the intended target character, and
that the explanation does not contradict the gold an-
swer. Human reviewers further check item clarity,
dialogue-grounded answerability, and distractor va-
lidity. Items are discarded if the answer depends
on unstated assumptions, if multiple options are
reasonably defensible, or if distractors are either
trivially wrong or indistinguishable from the gold
answer.
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Pattern Order #Q

Stable-A 1st 700
Stable-B 1st 700
Misunderstanding 2nd 700

Total – 2,100

Table 10: Statistics of BR behavior-explanation patterns.

Question Type Phase / Span #Q

MSR
Opening 1,388
Development 1,382
Closing 1,430

TR
Key moment 2,775
Opening–Development 1,395
Opening–Closing 2,800

Table 11: Statistics of question groups with explicit
phase or span annotations.

C Dataset Statistics

This section provides additional statistics that are
not expanded in the main text, including the inter-
nal structure of BR questions and the task-specific
phase/span annotations used in TrajToM.

Behavioral Reasoning Patterns. BR contains
three behavior-explanation patterns: Stable-A,
Stable-B, and Misunderstanding. Here we report
their distribution statistics. The three patterns are
evenly balanced, with 700 questions each, as shown
in Table 10.

Phase and Span Annotations. Phase/span an-
notations in TrajToM are task-specific rather than
uniformly defined across all question types. For
first-order MSR questions, emotion, belief, and
intention are anchored to one of three dialogue
phases: opening, development, and closing. Desire
questions are treated as cross-phase MSR questions
because they reflect relatively stable motivations
across the dialogue rather than states anchored to
a single phase. Second-order MSR questions are
perspective-dependent because they ask about one
character’s understanding of another character’s
mental state. BR questions are dialogue-level be-
cause they explain behavior patterns or misunder-
standings over the interaction. For TR questions,
annotations correspond to key moments or phase
spans, such as opening–development and opening–
closing. Table 11 summarizes the question groups
with explicit phase or span annotations.

D MARTA Method Details

D.1 SFT Target Construction

We construct SFT targets by converting the answer
explanations in TrajToM into a structured reason-
ing format. The goal is to initialize the model with
an explicit reasoning style while keeping the gold
answer fixed. The conversion follows three steps.

Step 1: Explanation-to-reasoning conver-
sion. For each training item, we provide an
LLM with the question, candidate options, gold
answer, and original explanation. The LLM
rewrites the explanation into a structured response
with a <think> block containing [Evidence],
[Inference], and [Conclusion], followed by an
<answer> tag. The [Evidence] stage cites dia-
logue evidence using message identifiers such as
[mid X]. The [Inference] stage explains how the
evidence supports a latent mental state, behavior-
level explanation, or trajectory-level change. The
[Conclusion] stage states the reasoning conclu-
sion that supports the gold option. The LLM does
not infer the answer during this conversion, since
the gold option is fixed in the prompt.

Step 2: Target validation. We validate the gen-
erated targets for format compliance and consis-
tency with the fixed gold answer. Targets that fail
validation are excluded from the final SFT set.

Step 3: Instruction-format conversion. Val-
idated targets are converted into instruction-style
SFT examples. Each example contains an instruc-
tion, an input field with the dialogue, question, and
options, and an output field with the structured
target response. Evidence is anchored through di-
alogue message identifiers to make the reasoning
traceable to the input dialogue. Table 12 summa-
rizes the conversion prompt.

D.2 GRPO Objective and Reward
Computation

For each input x = (D,Q,A), the policy samples
a group of N candidate responses {oi}Ni=1. Each
response contains a reasoning chain and a predicted
answer. Given the scalar reward Ri for response oi,
we compute the group-normalized advantage as

Ai =
Ri − µR

σR + ϵ
, (4)

where µR and σR are the mean and standard devia-
tion of rewards within the sampled group, and ϵ is
a small constant for numerical stability.
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Component Prompt Template

Instruction Convert the following answer explanation into a structured reasoning format in English.
Input fields Question: {question}; Options: {options}; Gold Answer: {gold_answer}; Explanation: {explana-

tion}.
Output format The output contains a <think> block with three stages, [Evidence], [Inference], and

[Conclusion], followed by <answer>{gold_answer}</answer>.
Constraints Cite dialogue evidence with [mid X] references, do not change the gold answer, keep the reasoning

concise, and output only the formatted response in English.

Table 12: Prompt template used to convert answer explanations into structured SFT targets.

We optimize the policy with the standard clipped
GRPO objective. For each sampled response, we
define

ℓi(θ) = min
(
ρiAi, ρ̄iAi

)
, (5)

where ρi = πθ(oi|x)/πold(oi|x) and ρ̄i =
clip(ρi, 1− ϵc, 1 + ϵc). The clipped loss is

Lclip(θ) = −Ex,{oi}
1

N

N∑

i=1

ℓi(θ). (6)

The final loss adds KL regularization to the refer-
ence policy:

LGRPO(θ) = Lclip(θ) + βKLDKL(πθ∥πref). (7)

Total Reward. For each sampled response, the
total reward is

Rtotal = Rfmt · (Rout + λRproc) ·Rlen. (8)

Here, Rfmt acts as a format gate, Rlen controls
length and repetition, and Rout and Rproc provide
outcome-level and process-level supervision.

Format and Outcome Rewards. The format re-
ward is binary: Rfmt(oi) = 1 if the response fol-
lows the required <think> and <answer> structure,
and 0 otherwise. The outcome reward is also bi-
nary: Rout(ŷ, y

⋆) = 1 if the predicted option ŷ
matches the gold option y⋆, and 0 otherwise.

Outcome-Calibrated Trust Weight. The coef-
ficient λ controls the contribution of process-level
supervision. For a group of N sampled responses,
we compute it from group-level answer correctness:

λ =
1

N

N∑

i=1

R
(i)
out. (9)

Thus, process rewards are trusted more when the
sampled group contains more correct answers, and
their influence is reduced when outcome signals
are unreliable.

Process Reward. The process reward com-
bines conclusion alignment and reasoning-structure
checking:

Rproc = wconcRconc + wstructRstruct, (10)

where wconc + wstruct = 1. We set wconc = 0.7
and wstruct = 0.3 to prioritize semantic conclusion
alignment over format-level structure checking.

The conclusion reward Rconc measures whether
the final conclusion is semantically aligned with
the corresponding target derived from the Sketch.
The Sketch-derived target is selected according to
the question type: phase-level states for first-order
MSR, second-order belief tuples for second-order
MSR, causal chains for BR, and key moments, state
shifts, or triggers for TR. The conclusion span is
extracted from the [Conclusion] stage. We com-
pute the cosine similarity s between the generated
conclusion span and the Sketch-derived target us-
ing the all-MiniLM-L6-v2 sentence embedding
model (Wang et al., 2021), and define

Rconc = min

(
max(s, 0)

0.65
, 1

)
. (11)

Here, 0.65 is the cosine-similarity threshold used
for assigning full conclusion reward.

The structure reward checks whether the rea-
soning chain contains the required stages T =
{[Evidence], [Inference], [Conclusion]}:

Rstruct =
1

3

∑

t∈T
I[t ∈ oi]. (12)

Length and Repetition Penalty. The length and
repetition factor is defined as

Rlen = Rrep(ρ) ·Rwin(L), (13)

where ρ is the 4-gram repetition rate and L is the
response length. The repetition penalty is

Rrep(ρ) =

{
1, ρ ≤ 0.1,

exp(−8(ρ− 0.1)), ρ > 0.1.
(14)
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Category Model Version Context

API
Models

Claude-Haiku-4.5 2025-10-16 200k
Claude-Sonnet-4.5 2025-09-30 1M
DeepSeek-V3.2 2025-12-01 131k
Gemini-2.5-Flash 2025-06-17 1M
GPT-5.2 2025-12-11 400k

Open
Weight

Llama-3.1-8B Instruct 128k
Llama-3.3-70B Instruct 128k
Mistral-7B Instruct-v0.1 4k
Mixtral-8x7B Instruct-v0.1 32k
Qwen3.5-4B Qwen3.5-4B 262k
Qwen3.5-9B Qwen3.5-9B 262k
Qwen3.5-35B Qwen3.5-35B-A3B 262k

Table 13: Details of the models evaluated in our bench-
mark.

Setting Prompt Template

Direct Read the following dialogue, then answer the multiple-
choice question. The input contains DIALOGUE,
QUESTION, and OPTIONS. Please respond with only the
letter of the chosen answer, without any explanation.

Zero-shot CoT Read the following dialogue, then answer the multiple-
choice question. The input contains DIALOGUE,
QUESTION, and OPTIONS. Let’s think step by step. First
analyze the dialogue and reason about the answer, then
conclude with the final choice in the format Answer:
X, where X is one of A, B, C, or D.

Table 14: Evaluation prompt templates used in our ex-
periments.

The length-window reward is

Rwin(L) = σ

(
L− 200

50

)
· σ

(
2500− L

50

)
,

(15)
where σ(·) is the sigmoid function.

E Experimental Details

E.1 Model Versions and Access

We evaluate twelve representative LLMs, including
both API-accessed and open-weight models. For
compactness, Table 13 reports the model versions
and context lengths used in our experiments.

E.2 Evaluation Prompts

All models are evaluated with the same input for-
mat, consisting of the dialogue, question, and can-
didate options. No model is given the Sketch, gold
answer, or answer explanation during evaluation.
For the standard setting, models are instructed to
directly output one option letter. For the zero-shot
CoT baseline, models are instructed to reason step
by step and conclude with a final answer. The
prompt templates are shown in Table 14.

Split # Dialogues # Questions

Train 315 8,189
Dev 35 909
Test 350 9,067

Total 700 18,165

Table 15: Dialogue-level data splits of TrajToM.

E.3 Data Splits

We split TrajToM at the dialogue level rather than
the question level. All questions derived from the
same dialogue are assigned to the same split, pre-
venting leakage across training, development, and
test sets. The training and development sets contain
350 dialogues in total, while the test set contains
another 350 non-overlapping dialogues for final
evaluation. Table 15 summarizes the dialogue-level
split statistics.

For MARTA training, the SFT stage uses all
8,189 questions from the training split. Because
GRPO requires multiple rollouts per prompt, we
use a 4,000-question subset sampled from the train-
ing split for policy optimization. The development
set is used to monitor training dynamics. The test
set is held out and is not used for SFT target con-
struction, GRPO training, or hyperparameter selec-
tion.

E.4 Training Hyperparameters

MARTA is trained in two stages: supervised fine-
tuning (SFT) followed by trajectory-aligned GRPO.
Table 16 summarizes the key hyperparameters used
in both stages. The GRPO stage uses 3 NVIDIA
A800 80GB GPUs for training and one additional
A800 GPU for the vLLM rollout server. The 909-
question development set is used for monitoring
during GRPO training.

Hyperparameters were selected based on prelim-
inary runs monitored on the development set and
then kept fixed for the final test evaluation. We did
not perform an exhaustive grid search; instead, we
selected stable settings for SFT and GRPO based
on development-set behavior and training stabil-
ity. The held-out test set was not used for SFT
target construction, GRPO training, or hyperpa-
rameter selection. Unless otherwise specified, all
reported model results are obtained under fixed
prompting, decoding, and evaluation settings. For
API-accessed and open-weight baselines, we report
results on the held-out test set under this fixed pro-
tocol. MARTA results are based on one complete
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Hyperparameter SFT Stage GRPO Stage

Base model Qwen3.5-9B SFT-tuned model
Framework LlamaFactory TRL GRPOTrainer + vLLM
Training data 8,189 questions 4,000 questions
Learning rate 1.0 × 10−5 1.0 × 10−6

Epochs 3 1
Batch size 16 24 prompts/update
Precision bfloat16 bfloat16
LoRA rank 16 SFT adapter
Cutoff / completion length 2048 1024
Rollout samples N – 8
KL coefficient β – 0.005

Table 16: Key hyperparameters for the SFT and GRPO
training stages.

SFT+GRPO training run.

Implementation Details. We implement
MARTA training with PyTorch, Transformers,
TRL, and vLLM. vLLM is used as the rollout
server during GRPO. Evaluation is conducted with
a custom accuracy-based script under fixed prompt-
ing, decoding, and answer-extraction settings. We
provide package versions, configuration files, and
evaluation scripts in the supplementary code. We
do not modify the core implementations of these
libraries.

Computational Budget. MARTA training is con-
ducted on 4 NVIDIA A800 80GB GPUs. The SFT
stage takes approximately 4 wall-clock hours on
4 GPUs, and each GRPO run takes approximately
12 wall-clock hours, with 3 GPUs used for policy
optimization and 1 GPU used for the vLLM roll-
out server. Thus, one complete SFT+GRPO run
requires approximately 16 wall-clock hours and 64
GPU hours. This estimate excludes preliminary
debugging, failed runs, and API-accessed model
evaluation.

E.5 Human Evaluation Protocol

To establish a human performance baseline, we
sample 1,000 questions from the test set using strat-
ified sampling across reasoning levels and question
subtypes. The sampled questions were answered
by graduate participants who were not involved in
dataset construction. Participants were recruited
from graduate students with NLP, AI, or related re-
search backgrounds. Each question was answered
independently by three participants, resulting in
3,000 human responses in total.

Participants were informed that the study eval-
uates understanding of synthetic social dialogues
created for research purposes. They were told that
some examples might involve interpersonal con-

flict, misunderstanding, or emotional changes, and
that they could stop answering any content that
made them uncomfortable. Participants received
the same input format as models, including the
dialogue, question, and candidate options. They
were instructed to choose the single best answer
based only on the provided dialogue. They did not
receive Sketch annotations, gold answers, answer
explanations, or model predictions. Participants
were compensated at a local-currency equivalent of
approximately USD 10 per hour, which was deter-
mined based on pilot estimates of task completion
time and local standards for comparable graduate
student research-assistant work.

Human performance is computed at the question
level by majority vote over the three responses for
each question. If no majority answer is obtained,
the item is counted as incorrect. This protocol
provides a human reference while keeping the eval-
uation format comparable to model evaluation.

E.6 Additional Results

Dialogue-Level Performance and Variation.
Because multiple questions are derived from each
dialogue, we additionally evaluate performance at
the dialogue level. For each dialogue, we compute
accuracy over all associated questions and then av-
erage these accuracies with equal weight across
dialogues. Table 17 reports the mean, standard de-
viation, and distribution statistics of per-dialogue
accuracy.

Across models, the standard deviation ranges
from 8.4 to 10.2 percentage points, indicating
meaningful but moderate cross-dialogue varia-
tion. The main model comparisons remain con-
sistent with the question-level results. In particular,
Qwen3.5-9B + MARTA achieves a mean dialogue-
level accuracy of 72.4, compared with 64.4 for SFT
and 52.2 for the base model, while maintaining a
comparable standard deviation. These results sug-
gest that the main performance patterns are not
driven primarily by a small subset of dialogues.

Dialogue-level Bootstrap Uncertainty. To quan-
tify uncertainty in the reported accuracies, we con-
duct a dialogue-level cluster bootstrap for all 15
models and method variants. We use 10,000 boot-
strap replicates, sampling dialogue clusters with
replacement while retaining all questions associ-
ated with each sampled dialogue, thereby preserv-
ing within-dialogue dependence. Table 18 reports
the resulting 95% confidence intervals. The in-
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Model Mean SD Min P25 Median P75 Max

Claude-Haiku-4.5 63.8 10.2 26.9 57.7 65.4 69.2 88.5
Claude-Sonnet-4.5 66.1 8.8 42.3 61.5 65.4 73.1 88.5
Gemini-2.5-Flash 57.5 9.6 23.1 50.0 57.7 65.4 80.8
DeepSeek-V3.2 60.8 9.9 26.9 53.8 61.5 69.2 84.6
GPT-5.2 67.4 9.9 34.6 61.5 69.2 73.1 92.3

Llama-3.1-8B 47.0 9.0 19.2 42.3 46.2 53.8 73.1
Llama-3.3-70B 64.6 9.7 23.1 57.7 65.4 73.1 84.6
Mistral-7B 32.1 9.0 7.7 26.9 30.8 38.5 57.7
Mixtral-8x7B 38.6 9.5 11.5 30.8 38.5 46.2 65.4
Qwen3.5-4B 49.2 8.8 19.2 42.3 50.0 53.8 73.1
Qwen3.5-9B 52.2 8.4 26.9 46.2 53.8 57.7 73.1
Qwen3.5-35B 58.5 9.3 26.9 50.0 57.7 65.4 76.9

Qwen3.5-9B + CoT 54.7 9.1 30.8 50.0 53.8 61.5 80.8
Qwen3.5-9B + SFT 64.4 9.1 36.0 57.7 65.4 69.2 84.6
Qwen3.5-9B + MARTA 72.4 8.6 46.2 65.4 73.1 77.9 92.3

Table 17: Dialogue-level performance and cross-
dialogue variation on TrajToM. Accuracy is computed
over all questions within each dialogue and then sum-
marized across dialogues with equal dialogue weights.
All values are percentages.

Model Accuracy 95% CI

GPT-5.2 67.4 [66.3, 68.4]
Claude-Sonnet-4.5 66.1 [65.2, 67.0]
Llama-3.3-70B 64.6 [63.6, 65.6]
Claude-Haiku-4.5 63.8 [62.7, 64.9]
DeepSeek-V3.2 60.8 [59.8, 61.9]
Qwen3.5-35B 58.5 [57.5, 59.5]
Gemini-2.5-Flash 57.5 [56.5, 58.5]
Qwen3.5-9B 52.3 [51.4, 53.1]
Qwen3.5-4B 49.2 [48.3, 50.2]
Llama-3.1-8B 47.0 [46.1, 48.0]
Mixtral-8x7B 38.6 [37.6, 39.6]
Mistral-7B 32.1 [31.1, 33.0]
Qwen3.5-9B + CoT 54.8 [53.8, 55.7]
Qwen3.5-9B + SFT 64.4 [63.5, 65.4]
Qwen3.5-9B + MARTA 72.4 [71.6, 73.3]

Table 18: Overall accuracy and 95% confidence inter-
vals from dialogue-level cluster bootstrap with 10,000
replicates.

tervals have half-widths of approximately 0.9–1.1
percentage points, indicating that the overall re-
sults are stable while small differences between
similarly performing models should be interpreted
cautiously. In contrast, the confidence interval for
Qwen3.5-9B + MARTA ([71.6, 73.3]) is clearly
separated from that of Qwen3.5-9B + SFT ([63.5,
65.4]), supporting the robustness of MARTA’s im-
provement over SFT.

Phase- and Span-sensitive Results. We further
report results on question groups with explicit
phase or span annotations. Since phase/span an-
notations are task-specific, phase-wise analysis is
conducted for first-order MSR questions, while
span-wise analysis is conducted for TR questions.
Table 19 reports these results for all evaluated mod-
els and Qwen3.5-9B variants.

For first-order MSR, models generally achieve

the highest accuracy on closing-phase questions.
For example, Qwen3.5-9B improves from 44.4
on opening and 55.1 on development to 77.5 on
closing, and a similar pattern appears across most
model families. This suggests that later dialogue
phases provide more accumulated behavioral and
linguistic evidence for inferring mental states. By
contrast, opening-phase questions are harder be-
cause models must infer early beliefs, emotions, or
intentions from limited context, before the dialogue
trajectory becomes fully observable.

For TR, the most difficult group is opening-to-
development. Qwen3.5-9B reaches 75.2 on Key
Moment and 62.9 on Open–Close, but only 27.1
on Open–Dev. This contrast indicates that mod-
els are relatively better at locating salient turning
points or comparing clearly separated endpoint
states, but struggle to track early and local mental-
state shifts. CoT does not resolve this difficulty
and even decreases Open–Dev performance from
27.1 to 21.7, suggesting that generic step-by-step
prompting may not reliably capture fine-grained
trajectory transitions.

MARTA improves all phase/span groups over
Qwen3.5-9B. The largest gain appears on Open–
Dev, where accuracy increases from 27.1 to 68.1.
This improvement suggests that trajectory-aligned
supervision is especially helpful when models need
to identify subtle early-stage changes rather than
rely on salient final-state cues. Nevertheless, the
remaining gap between Open–Dev and other TR
groups shows that local trajectory tracking remains
a challenging aspect of ToM reasoning.

Order-disaggregated Results. Because the ag-
gregate MSR and BR scores combine first- and
second-order questions, whereas TR contains no
second-order component, we additionally report
order-specific performance for all models. For
MSR, first- and second-order scores are computed
over Emotion, Belief, and Intention, which con-
tain both reasoning orders; Desire is reported sepa-
rately because it has no second-order counterpart.
Table 20 reports the results.

Across all models, MSR exhibits a substantial
first-to-second-order drop of 18.4–42.0 percent-
age points, showing that second-order reasoning
strongly affects the aggregate MSR score. The or-
der effect in BR is smaller and less consistent, with
several models showing similar first- and second-
order performance. TR should therefore not be
interpreted as inherently easier than MSR or BR
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Category Model MSR Phase TR Span

Opening Development Closing Key Moment Open–Dev Open–Close

API
Models

Claude-Haiku-4.5 53.3 61.6 89.0 82.1 30.0 73.1
Claude-Sonnet-4.5 62.2 61.1 89.0 86.3 42.6 74.5
Gemini-2.5-Flash 51.8 56.1 83.6 76.4 36.9 63.6
DeepSeek-V3.2 50.5 59.1 87.0 81.5 28.9 69.2
GPT-5.2 56.9 63.8 89.1 83.6 38.3 74.8

Open
Weight

Llama-3.1-8B 38.4 40.5 79.0 62.8 18.3 54.1
Llama-3.3-70B 59.3 58.7 91.4 85.9 24.3 78.5
Mistral-7B 30.9 37.1 51.0 42.7 18.7 30.9
Mixtral-8x7B 33.4 45.8 71.0 37.6 22.0 45.7
Qwen3.5-4B 46.3 48.7 75.8 64.3 28.0 55.3
Qwen3.5-9B 44.4 55.1 77.5 75.2 27.1 62.9
Qwen3.5-35B 50.4 55.6 84.1 81.3 31.9 65.1

Qwen3.5-9B
Variants

+ CoT 44.2 (-0.2) 53.3 (-1.8) 75.8 (-1.7) 79.3 (+4.1) 21.7 (-5.4) 66.4 (+3.5)
+ SFT 56.9 (+12.5) 60.3 (+5.2) 83.0 (+5.5) 86.7 (+11.5) 46.8 (+19.7) 76.2 (+13.3)
+ MARTA 63.3 (+18.9) 62.3 (+7.2) 82.0 (+4.5) 90.5 (+15.3) 68.1 (+41.0) 79.7 (+16.8)

Table 19: Phase- and span-sensitive results on TrajToM. MSR columns report first-order phase-anchored questions,
and TR columns report key-moment or phase-span questions. Parentheses denote gains over Qwen3.5-9B.

Model MSR BR TR

o1 o2 Gap Desire o1 o2 Gap Acc.

Claude-Haiku-4.5 68.1 37.9 30.2 92.4 64.6 65.1 -0.6 68.1
Claude-Sonnet-4.5 71.0 37.4 33.6 93.7 63.7 62.6 1.1 72.8
Gemini-2.5-Flash 64.0 24.1 39.9 92.0 57.6 57.7 -0.1 63.3
DeepSeek-V3.2 65.7 35.3 30.4 92.7 56.7 52.0 4.7 66.1
GPT-5.2 70.0 47.3 22.8 94.1 68.4 59.4 9.0 71.0

Llama-3.1-8B 52.8 16.4 36.3 93.4 46.7 39.4 7.3 50.4
Llama-3.3-70B 69.9 38.8 31.1 93.4 57.4 59.1 -1.7 70.6
Mistral-7B 39.8 12.1 27.6 59.7 28.4 26.6 1.9 33.2
Mixtral-8x7B 50.2 14.2 36.1 71.3 38.7 33.1 5.6 37.7
Qwen3.5-4B 57.0 18.8 38.2 89.9 51.1 27.7 23.4 53.4
Qwen3.5-9B 59.2 17.2 42.0 92.1 46.4 34.6 11.9 60.6
Qwen3.5-35B 63.5 27.2 36.3 93.3 58.7 50.3 8.4 64.9

Qwen3.5-9B + CoT 58.0 28.9 29.1 91.1 48.1 27.4 20.7 62.6
Qwen3.5-9B + SFT 67.0 31.2 35.8 94.7 64.7 54.6 10.1 74.5
Qwen3.5-9B + MARTA 69.4 51.0 18.4 95.6 73.7 57.4 16.3 81.7

Table 20: Order-disaggregated performance on Traj-
ToM. MSR-o1 and MSR-o2 are computed over Emo-
tion, Belief, and Intention, which contain both first-
and second-order questions; Desire is reported sepa-
rately because it has no second-order counterpart. Gap
denotes the first-order minus second-order accuracy dif-
ference and is computed before rounding. TR contains
no second-order questions. Bold and underlined values
denote the best and second-best performance in each
accuracy column, respectively.

based on aggregate scores alone, since it contains
no second-order questions. These results indicate
that reasoning order and task type capture distinct
sources of difficulty.

E.7 Case Study

Figure 8 presents a representative second-order
emotion reasoning example. Qwen3.5-9B+CoT
generates a long chain but relies on urgency-related
cues and predicts “impatient,” while SFT follows
the required format but shifts toward Riley’s actual
task state. MARTA instead grounds its reasoning in
Shiloh’s perspective and correctly infers that Shiloh
attributes annoyance over a trivial slowdown to Ri-

Q: What emotion does Shiloh think Riley feels before the
     signed-budget request?
Answer: B 2nd-order emotion reasoning

Shiloh describes Riley’s approach as a “fire drill” ... She also says Riley is 
“barging in” and “standing over my keyboard” ... These cues suggest 
urgency, pressure, and lack of patience ... Option C is too mild ... Option 
B sounds like Shiloh’s own annoyance  ... Thus, the best description of 
Riley’s feeling is impatience…  Predicted Answer: D

Qwen3.5-9B + CoT

Long CoT,
urgency-driven

error

SFT

Structured,
but perspective-

misaligned

<think> [Evidence] Riley’s tone is direct and businesslike, not emotional 
or visibly agitated ... [Inference] Riley seems focused and purposeful… 
Because the client packet is incomplete, Shiloh would read this as mild 
urgency rather than annoyance…  [Conclusion] Shiloh thinks Riley is 
focused and mildly urgent. </think><answer>C</answer>

MARTA

Grounded
perspective
alignment

<think> [Evidence]  Shiloh frames Riley’s approach as intrusive:
“standing over my keyboard” and “you decide it’s ten seconds” ... ... and 
treats the delay as being overplayed… [Inference] The target is 
Shiloh’s belief about Riley’s emotion, not Riley’s actual work 
pressure…  [Conclusion] Shiloh thinks Riley feels annoyed over a trivial 
slowdown. </think><answer>B</answer>

Figure 8: Case study of second-order emotion reason-
ing.

ley. This case shows that MARTA improves not
only reasoning format, but also evidence-grounded
perspective alignment.

E.8 License and Terms of Use.
Upon release, the TrajToM dataset will be dis-
tributed under the CC BY-NC 4.0 license, and
the accompanying evaluation scripts will be dis-
tributed under the MIT License. TrajToM is
constructed from synthetic social dialogues and
does not contain personal data from real individ-
uals. The dataset and scripts are intended for re-
search and evaluation purposes. They should not
be used for psychological profiling, manipulation,
surveillance, unwanted persuasion, or high-stakes
decision-making. They should also not be used
to infer or influence users’ private mental states
without consent.
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