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Abstract

Humans can infer others’ beliefs, intentions,
and emotions from observable behavior, an abil-
ity known as Theory of Mind (ToM). While
current Multimodal Large Language Models
(MLLMSs) excel at visual understanding, can
they identify mental-state cues in videos and
reason about evolving mental states? To sys-
tematically evaluate spatio-temporal ToM in
MLLMs, we introduce ToM-Video, a large-
scale benchmark built from diverse real-world
narrative videos. Through multi-stage filter-
ing and annotation from massive data sources,
ToM-Video provides a high-quality collec-
tion of ToM-centric scenes, comprising 1,487
videos and 41K visual question answering
(VQA) pairs. We further propose INSPIRE,
a post-training framework that, through a care-
fully designed three-stage curriculum, pro-
gressively teaches models to locate ToM-
relevant cues and connect them to latent mental-
state changes. Experiments show that cur-
rent MLLMs remain weak at linking observ-
able cues to evolving mental states, while IN-
SPIRE shifts the model from surface descrip-
tion toward compact, evidence-backed infer-
ence, leading to higher accuracy and better gen-
eralization to external social-reasoning video
datasets.

1 Introduction

The ability to infer the underlying mental states
from observed behavior is known as Theory
of Mind (ToM) (Premack and Woodruff, 1978;
Beaudoin et al.,, 2020). Serving as a signif-
icant non-linguistic complement to prevailing
language-dependent agent interaction paradigms,
ToM presents a crucial step towards human-Al
cooperation, enabling agents to better understand
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Setting  Scope Grd. Sup. #QA

Bench.
Video Real Type T Bx G

ToMBench (Chen et al., 2024b) X X 6 X X X 29K
MMToM (Jin et al., 2024) v X 2 A X X 600
MuMA-ToM (Shi et al., 2025) v X 2 X X X 900
Social-1Q2 (Wilf et al., 2023) v o/ Imp. X X X 6K
IntentQA (Li et al., 2023) v v I X X X 163K
VToM (Chen et al., 2025b) v / 4 A X X 6K
MoMentS (Villa-Cueva et al., 2025) v v 7 X X X 23K
EgoToM (Li et al., 2025b) v / 2 A X X 10K
R3-bench (Niu et al., 2026) /4 X X A 5IK
ToM-Video v / 7 vV V 412K

Table 1: Comparison with representative ToM and
social-reasoning benchmarks. Scope: Type counts ma-
jor ToM-relevant categories targeted by each bench-
mark (See appendix A for details). Imp. = implicit
social-state reasoning without an explicit ToM taxon-
omy. Grd.: T = timestamp, or event-time grounding;
Bx = keyframe-level bounding-box grounding. Sup.:
G = grounded reasoning-chain supervision. v/, /\, and
Xdenote full, partial, and no explicit support.

human perceptions, intentions, and expectations
while interacting in shared environments.

Recent multimodal large language models
(MLLMs) have achieved remarkable advances in
general video understanding, bringing promising
potential for tackling ToM reasoning (Zhang et al.,
2025; Bai et al., 2025a). Nevertheless, ToM-centric
tasks remain severely underdeveloped in current
video model training and evaluation paradigms.
Unlike object or action recognition, ToM depends
on how latent mental states are formed and revised
over time (Baker et al., 2017; Rabinowitz et al.,
2018; Jara-Ettinger, 2019). Existing multimodal
ToM benchmarks, as summarized in Table 1, have
begun to expose this problem, but each addresses
only part of the required evidence structure. They
often compress video evidence into final answers
or textual causal descriptions. As a consequence,
two indispensable signals are erased at the source:
(I) As mentioned above, ToM reasoning tasks are
highly dependent on time, the dense temporal struc-
ture that only the raw video can provide; (II) the
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G2 Visual cues

Emotion
Feeling so sad to go jail

®© What happening

Q: How does the older man on the platform feel
during this scene?

A: He feels 5 A
Theory of mind CoT

The scene shows *pa <obj>crowded platform with armed The boy innocently

soldiers</obj><box>[185,28,620,300]</box> at <t>22.5¢/
15, establishing the grim reality. As an adult, the older
man clearly knows & they are about to be imprisoned.

His <obj>somber expression and bowed
posture</obj><box>[92,48,201,337]</box> at <1>30.5¢</1
s directly reflects<> 5

drives him to

>

Observatiopn

Mental Status
Perception

Social
Cognition

%@ Why happened

Q: The father clearly knows they are heading to a prison
camp. Why does he act so cheerful and animated?

from the terrifying reality. y
Theory of mind CoT

asks "Is it nice?"

at <©>12.8</1>s , revealing he has no idea what is
happening. Yet the father, as an adult clearly knows
the truth . This knowledge and the fact that his son

is a unaware made him want to deceive his son

hence the cheerful performance.

Hidden Mental States behind Observable Behavior

Elements per layer

_______ h)
<obj>crowded platform with armed l‘? Scene |
soldiers</obj> PSSV - )
Speech
| Percept
Speech ercep

<think>The boy asks “Is it nice?"</think>

Emotion
<think>a deep, helpless 1

n 7 () Belief
sorrow</think> /7

Desire
<think>made him want to deceive Intent

his son</think>

Knowledge
<think>"they are about to
be imprisoned " </think>

Non-literal

= What happens next

Q: Given the father's enthusiastic performance, what is
the boy most likely to say next?

A:

Theory of mind CoT

The father's <obj>exaggerated, enthusiastic
gestures</obj><box>[253,41,359,346]</box> at
<>33.3¢/1>s successfully frames the situation as a
game. The boy () beliefs they are playing a game and
his

showing no hesitation or fear.

= ”

Figure 1: Overview of ToM-Video Bench. Each video is represented as a grounded Theory-of-Mind graph that links
observable cues, such as scenes, speech, and actions, to latent mental states, including emotions, desires, beliefs,
perception, intentions, knowledge, and non-literal communication. The resulting annotations support multiple
question types, including evidence grounding, mental-state attribution, and future-state forecasting.

fine-grained separation between the audio and vi-
sual streams (Chakraborty et al., 2025), which in
real social interactions are frequently incongruent
(e.g., a smiling face paired with a sarcastic tone).
Once both streams are flattened into a single tex-
tual description, such cross-modal conflict can no
longer be explicitly recovered.

To fill this gap, we introduce ToM-Video, a real-
istic video benchmark that jointly annotates physi-
cal evidence and mental-state inferences with fine-
grained grounding. As shown in Figure 1, ToM-
Video organizes each clip as a structured graph
in which observable cues such as actions, speech,
and perceptual evidence are linked to higher-level
states such as beliefs, intentions, and emotions
through modality-specific grounding. Visual nodes
are anchored to timestamps and, when directly ob-
servable, keyframe-level bounding boxes and infer-
ence nodes are linked to their supporting premises.
Based on these annotations, we construct question
sets that probe complementary aspects of video
ToM reasoning, including future prediction, back-

ward causal inference, and evidence grounding.
ToM-Video contains 41,206 multiple-choice ques-
tions over 1,487 referenced videos with movie-
disjoint splits. Our benchmark moves multimodal
ToM from a text-mediated reasoning task to one
that is visually trainable , turning the temporally
grounded visual stream into a first-class supervi-
sory signal instead of a mere precursor to text.

Beyond evaluation, ToM-Video also enables
benchmark-specific post-training. Its annotations
supervise not only the final answer, but also the
temporal, spatial, and source-chain evidence that
supports each mental-state inference. We therefore
develop INSPIRE, a staged framework that learns
structured evidence traces through SFT, improves
spatio-temporal grounding through RL-Grounding,
and aligns grounded traces with ToM-oriented an-
swer selection through RL-ToM. This curriculum
separates format learning, evidence localization,
and mental-state decision-making, avoiding the in-
stability of optimizing all process rewards from the
outset.
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In summary, our contributions are as follows:

* We introduce ToM-Video, a large-scale real-
video benchmark that makes ToM reason-
ing visually trainable by using temporally
grounded video evidence as supervision, shift-
ing multimodal ToM from text-mediated so-
cial inference to evidence-to-mind learning.

* To enable MLLMs to perform ToM perception
in real video scenarios, we develop INSPIRE,
a staged post-training framework that turns
ToM-Video annotations into process rewards,
decomposing video ToM learning into struc-
tured trace learning, spatio-temporal ground-
ing, and RL-ToM optimization.

* We conduct comprehensive experiments show-
ing that current MLLMs remain weak at
transition-sensitive ToM grounding, while IN-
SPIRE improves answer accuracy and pro-
duces more compact evidence-backed reason-
ing on both ToM-Video and external social-
reasoning video benchmarks.

2 Related Work

Theory of Mind Benchmarks. Existing ToM
benchmarks span text-only, synthetic-video, and
real-video settings. Text-only benchmarks such as
ToMi (Le et al., 2019) and HI-TOM (Wu et al.,
2023) focus on nested belief tracking and logical
inference through short stories. Synthetic video
benchmarks such as MMToM-QA (Jin et al., 2024)
and MuMA-ToM (Shi et al., 2025) evaluate goal
and belief inference in controlled single- or multi-
agent environments, but lack the social complex-
ity and visual diversity of real scenes. Recent
real-video efforts mark significant progress. Mo-
MentS (Villa-Cueva et al., 2025) evaluates seven
ToM categories over narrative-rich short films with
2.3K questions, EgoToM (Li et al., 2025b) bench-
marks goal, belief, and action prediction from
egocentric video, and ToM-SSI (Bortoletto et al.,
2025) tests situated social interactions with up to
four agents. SoMi-ToM (Fan et al., 2025) fur-
ther studies multi-perspective ToM in embodied
social interactions, emphasizing perspective-taking
under temporal and social context. Video-Only
ToM (Liu et al., 2026) instead focuses on im-
proving MLLMs’ ToM reasoning from video-only
inputs, highlighting the importance of reducing
language-prior reliance. VToM (Chen et al., 2025b)
introduces frame localization for video-based ToM

on Social-IQ 2.0, but its retrieval granularity is too
coarse and has not reached the frame level. Sto-
ryTR (Zhong et al., 2026) also connects ToM-style
reasoning with narrative-centric temporal retrieval.
Unlike retrieval-oriented formulations, ToM-Video
evaluates video question answering with explicit
node-level ToM graphs and grounded reasoning
chains. Closest to our work, R3-bench (Niu et al.,
2026) annotates mental-state causal chains with
an automated pipeline over movie clips. However,
these benchmarks either lack keyframe-level spa-
tial grounding or do not provide unified node-level
ToM graphs with timestamped evidence, bound-
ing boxes, explicit physical-mental links, and
grounded chain supervision.

Video Spatio-Temporal Grounding and Train-
ing. Recent work has improved video ground-
ing by explicitly localizing question-relevant evi-
dence in time and space. Open-03 Video (Meng
et al., 2026) trains models to generate grounded
reasoning traces with <t>, <obj>, and <box> to-
kens, while VisionCoach (Lee et al., 2026) im-
proves grounding through visual prompting and
object-aware rewards. Video-R1 (Feng et al., 2025)
and Video-TwG (Chen et al., 2026) further explore
GRPO-style or on-policy optimization for video
reasoning and temporal grounding. However, these
methods primarily focus on physical events and
spatio-temporal evidence, without explicitly mod-
eling the mental states behind human behavior. Our
framework extends grounded video training from
physical event reasoning to video ToM reasoning,
using a three-stage curriculum with process-aware
rewards to align grounded visual evidence with
mental-state inference.

3 ToM-Video Benchmark Construction

3.1 Overview

ToM-Video is designed to expose the evidence
behind each video ToM inference. Unlike conven-
tional VideoQA, where the annotated target is often
an event or object answer, our annotation target is
the evidence path from observable cues to latent
mental states.

As shown in Figure 2, the benchmark is
constructed through six stages: video filtering,
ToM-node extraction, visual evidence verification,
keyframe-level spatial grounding, grounded QA
generation, and quality control. Our core annota-
tions are, first, nodes, used to describe multimodal
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Figure 2: ToM-Video benchmark construction pipeline.

evidence nodes in the video, including speech, vi-
sual actions, belief and emotion reasoning, etc., and
record their timestamps, bounding boxes, or depen-
dencies; second, QA, used to store questions, an-
swer indices, question categories, source evidence
nodes, and reasoning chains.

3.2 Data Sources and ToM Ontology

Video collection. We collect candidate videos
from YouTube and use an LLM-assisted filtering
procedure to select realistic movie clips with rich
social interactions and observable cues for mental-
state inference. The filter removes clips that are pri-
marily action-driven, visually ambiguous, dialogue-
only, or lack meaningful interpersonal dynamics.
The retained videos are processed into aligned
video frames, audio, and ASR transcripts. After
manually ensuring the validity of the videos, the
final pool contains 1,487 source videos. We used
Gemini-2.5-Pro to segment the ToM dense clips
in each original video, ultimately dividing them
into 4,666 clips which across diverse social con-
texts, including conflict, family, and outdoor sce-
narios. Detailed category statistics are provided in
Appendix B.

ToM ontology. We define a three-layer ontol-
ogy, details can be found in Appendix A. Layer
1 contains observable evidence, such as scene de-
scriptions, actions, dialogue, and perceptual access.
Layer 2 captures latent mental states, including be-

liefs, intentions, desires, and emotions. Layer 3
represents higher-order social-cognitive relations,
such as knowledge and non-literal meaning. Each
node is assigned an evidence modality: visual, au-
dio, or inference. Visual nodes require temporal
and spatial grounding, audio nodes require ASR
alignment, and inference nodes must cite support-
ing lower-level nodes.

3.3 Annotation Pipeline

ToM-node extraction. We first process long
videos with a sliding-window strategy. For each
window, Gemini-2.5-Pro analyzes the video to-
gether with the ASR transcript to identify ToM-
dense interaction segments, such as moments
where a character’s belief, intention, emotion, or
knowledge state changes in response to observable
evidence. Each selected segment is converted into
a short clip and annotated with structured ToM
nodes, including node type, character, timestamp,
evidence modality, description, and causal links.
For visual nodes, the model also generates a generic
grounding query that describes the visible entity or
region without relying on character names.

Evidence verification and grounding. Because
automatically extracted visual claims may be tem-
porally imprecise or not directly grounded in ob-
servable evidence, we introduce a two-stage veri-
fication and calibration mechanism. First, we re-
examine each visual node within a short temporal
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neighborhood around its predicted timestamp using
Qwen-2.5-VL-72B to ensure that the described cue
is actually visible and to refine its temporal align-
ment. This step explicitly filters out hallucinated or
over-inferred visual claims that cannot be localized
in the video.

Second, we perform spatial grounding using a
local Qwen3-VL-8B model, which predicts bound-
ing boxes for the corresponding keyframes based
on the generated grounding query. This design
separates temporal validation from spatial local-
ization, allowing us to reduce error propagation
across modalities. Boxes that are degenerate, off-
canvas, or inconsistent with the visual evidence
are discarded, ensuring that only visually verifiable
signals enter the final graph.

QA generation. Given this structured graph, we
design a nine-category QA taxonomy that sys-
tematically covers different directions of ToM rea-
soning, including forward prediction, backward
explanation, and grounded perception. This design
ensures that questions are not limited to answer
recognition, but explicitly test whether models can
(i) predict behavioral consequences from mental
states, (ii) infer latent causes of observed actions,
and (ii1) localize the spatio-temporal evidence sup-
porting a ToM inference. Gemini-2.5-Pro gener-
ates five-way multiple-choice questions with plau-
sible distractors, question-relevant source nodes,
and grounded reasoning traces containing times-
tamps, object mentions, and bounding boxes when
available. Details are in Appendix D.

Automatic filtering. Before human review, we
apply automatic checks to remove hallucinated
visual nodes, invalid boxes, incomplete source-
node chains, ambiguous QAs, questions answer-
able from text alone, and samples lacking suffi-
cient video evidence. Further details of automatic
filtering and human verification are provided in
Appendix E.

3.4 Human Quality Control

We also conduct human verification because ToM
reasoning often depends on subtle social, percep-
tual, and pragmatic judgments. Ten trained re-
viewers with backgrounds in cognitive science and
Al participate in the audit. Each sample is inde-
pendently reviewed by two annotators, who verify
whether visual nodes are perceivable at the cited
timestamp, boxes cover the intended entity, the
question has exactly one correct answer without

requiring external knowledge. The Appendix E.2
shows the details.

4 INSPIRE: Process-Aware Training for
Grounded Video ToM Reasoning

To enhance the model’s ability to find evidence of
ToM from videos, we introduce INSPIRE (short for
INtention-aware Spatio-temporal and Perspective-
Informed REwarding), a three-phase curriculum
that progressively teaches a model to produce struc-
turally valid reasoning traces, ground these traces
in spatio-temporal evidence, and align grounded
evidence with Theory-of-Mind inference and fi-
nal answer selection. Given a model response ¥,
we denote by 7 the reasoning trace enclosed in
<think>. .. </think> and by o the final answer op-
tion enclosed in <answer>. .. </answer>.

4.1 Process Rewards

A grounded ToM response should be parseable,
grounded in the relevant video evidence, ToM-
relevant, and consistent with the annotated source
chain. We therefore define four process rewards.
Given a response y = (T, 0), we parse a set of pre-
dicted evidence units € from 7. Each unit contains
a predicted timestamp ¢, an optional bounding box

b, and an optional source-node reference.

Rgr: Format reward. Malformed traces cannot
be reliably grounded or scored. We define a type-
specific required tag sequence Syeq = (51,...,SN).
For grounding questions, this sequence contains
<think>, temporal tags <t>, object tags <obj>,
bounding-box tags <box>, and <answer>; for other
question types, the box tags are omitted. A tag is
counted only if its content is parseable, e.g., times-
tamps must be numeric and boxes must contain
four valid coordinates when required. The reward
is the fraction of required tags that appear in the
correct order:

L
Raely) = 7 2_vis (1)
=1
where v; = 1 if s; appears after all previously

matched tags and is parseable, and v; = 0 other-
wise.

Rgra: Spatio-temporal grounding. Let £* be
the annotated evidence units for question ¢g. For
a predicted unit é; = (;, IBZ) in £ (4 represents
the time when the prediction node occurs and bi
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represents the predicted bounding box of the ob-
ject), a gold unit e = (7,b7), we compute a
soft grounding score s;;. The temporal window
is A(y) = max(1.0,4.0(1 — ~)), where v € [0, 1]
denotes normalized training progress, increasing
from 0 to 1 over the RL stage. The window is loose
at the beginning and becomes stricter later, so early
approximate timestamps can still receive reward
while the model is gradually pushed toward pre-
cise temporal grounding. If |£; — t¥] > A(y), then
s;; = 0; otherwise,

(t; —t%)?
Sij = exp <—2<A(7);2)2> “Bijs 2

where f3;; = IoU(Isi, b}‘) for visual evidence with
boxes, and 3;; = 1 otherwise. We perform one-
to-one matching M between predicted and gold
evidence units by maximizing s;;, and define

1 XjemSii (i j)em Si
max(1,|E*]) |

Rea(y) = 5 ( max(1,|€]) !
(3)

This penalizes both irrelevant extra evidence and
missing gold evidence.

Rent: Answer-conditioned ToM support. A
trace should not receive high ToM-process reward
if it supports an incorrect answer. We therefore
gate ToM trace quality by final-answer correctness:

cht(y) = HA[O = 0*} (>\a + Asps (7—7 Q) + )‘ppp(T)) .

C))
Here, p; measures agreement between the source-
node references claimed in the trace and the an-
notated source nodes, while p, rewards explicit
perspective evidence when it is tied to a cited ev-
idence unit. We set (A\q, As, Ap) = (0.5,0.3,0.2),
where )\, gives base credit for the correct answer,
As rewards source-node alignment, and A, rewards
perspective-aware evidence. Details are in Ap-
pendix H.

Renst Evidence-chain consistency. A correct an-
swer may still fail to use logical ToM evidence.
We therefore reward traces that cite source nodes
in the same order as the gold ToM chain. Let
C* = ((r1,t7,01), ..., (r5, 5., bm)) be the or-
dered gold chain, where r; is the ToM node, t;‘»
is the timestamp, and /; is the ontology layer. Let
¢ = (f1,11), ..., (Par,tar) be the ordered node
claims parsed from 7. A gold node 7 is matched if

there exists a predicted claim ¢ such that 7; = r;

and |t; — t¥] < 9, where § = 4s. Let 7(j) be the
first matched position of node j in C. We define

chs(y) = g<y) : %ZW[W(]) 7é @] : ¢j, (5)

j=1
where

1, ifj=1lorn(y) >n(j —1),
¢j:{ j=torn()zx(i-1. o
n, otherwise.

We set the order-discount factor 7 = 0.5. The con-
sistency gate g(y) is set to 0 if the trace explicitly
supports an answer option different from the final
answer o, and to 1 otherwise.

4.2 Three-Phase Curriculum Training

Jointly maximizing all reward signals from the start
leads to training instability. We therefore adopt a
three-phase curriculum.

Phase 1: Supervised fine-tuning. A randomly
initialized policy almost never emits a syntactically
valid trace, so We warm-start 7y on a curated subset
Dspr C ToM-Video, in which each example (z, y*)
pairs the video—question input with a gold struc-
tured response y* = (7*,0*) whose trace 7* is
materialized from our ontology annotations and al-
ready contains the <think>, temporal, object, box,
and <answer> tags expected by all four process
rewards. We minimize the standard token-level
negative log-likelihood on the assistant tokens,

‘CSFT(H) = - E(x,y*)NDspT Z log 71—9(3/: | €, yzt)
t
(7

Phase 2: RL-Grounding. Starting from the SFT
checkpoint, we apply GRPO (Shao et al., 2024) on
the subset of ToM-Video with explicit grounding
supervision. The reward in this phase is

R (y) = pgr R (y) + ptgra Rera(y),  (8)

with (fisir, fterd) = (1.0, 1.5). We upweight Rgq
because Ry, saturates within the first few hundred
steps; the exact ratio is fixed by a small grid search.
Both rewards are computed against freely sampled
completions. We adopt GSPO-style sequence-level
importance weighting (Zheng et al., 2025) and
DAPO-style asymmetric clipping (Yu et al., 2025);
full settings are deferred to Appendix H.
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Phase 3: RL-ToM. Starting from the RL-
Grounding checkpoint, this phase replaces the ac-
tive reward set with {grd, cnt, cns}:

R®) (y) = Hgrd Rgrd(y)“‘/ﬁcnt Rent(y)+pens Rens(y),

©))
with (ftgrd, fents fens) = (0.3, 1.0, 1.0). We drop
Ry because format compliance is already near ceil-
ing after SFT and Phase 2. The chosen weight-
ing preserves a weak grounding constraint while
shifting most of the reward mass to answer qual-
ity and evidence-trace consistency. We again use
GRPO, with full optimization settings deferred to
Appendix H.

S Experiments

5.1 Experimental Setup

We evaluate all models on ToM-Video-val, which
contains 2,162 multiple-choice questions.

Baselines. We compare INSPIRE with a broad
set of closed-source and open-source video-
language models. The closed-source group in-
cludes GPT-40, GPT-5.4-mini, GPT-5.4, Gemini-
2.5-Flash, Gemini-3-Flash, and Claude Sonnet 4.6.
The open-source group includes general-purpose
and reasoning-oriented video-LLMs from 2B to
235B parameters.

Evaluation protocol. To keep the visual input
budget comparable, all vision-language models
are evaluated with 32 uniformly sampled frames
resized to at most 448 pixels on the longer side.
No annotated keyframes, bounding boxes, source
nodes, or reasoning chains are provided at test time.
All models are prompted in the same multiple-
choice format.

5.2 Experimental Results

Finding 1: Strong video-language models still
struggle with transition-sensitive ToM ground-
ing.

Table 2 shows that INSPIRE attains 76.2% accu-
racy, the best among all evaluated systems. Scaling
alone is insufficient: Qwen3-VL improves from
43.4% at 2B to 71.2% at 235B, still below the
trained 8B model. The hardest residual category
is temporal grounding (G2), where even INSPIRE
reaches only 50.3% versus 92.5% human, indicat-
ing that locating when a mental-state shift occurs
remains a major bottleneck.

4 & Social1a2.0

Question

How does the person on the couch feel when the person with
glasses says "you wouldn't know whether I was doing that to you"?

Type:Emotional Consequence

(A) He feels cautious since it's possible he's being fooled.
(B) The man feels proud of his collection of antique spoons.

Ground Truth Answer: A.

C D)@ 440 Tokens |

<think> Based on the visual sequence provided, the person on the
couch (Eddie Redmayne) reacts with increasing amusement and
laughter to the host's (Stephen Colbert) comments.

InFrame 1, he is smiling.

In Frame 7, he is covering his mouth, likely laughing......

None of the options (A, B, C, D) directly describe
the feeling of amusement or laughter. However, option
(A) "He feels cautious since it's possible he's being fooled" is the
closest to a plausible interpretation......

Therefore, the best answer, despite its imperfect fit, is:

(A) He feels cautious since it's possible he's being fooled.
</think>

<answer>A</answer>

Our Qwen-VL-RL-ToM (©) 170 TOKENS ]

<think>The viewer sees the man on the couch (Eddie) at
<+>5.5¢</t>s <obj>smiling and looking
down</obj><box>[0,22,208,358]</box> (E1). When the
host (Stephen) says at <t>22.0</1>s, "you wouldn't know whether T
was doing that to you" (L2), the man's explession shifts. He looks up

witha <obj>slightly wary and thpughtful
expression</obj><box>[131,20,464,358]</box>
at <t>23.0</t>s (E2). This indichtes he believes he njight
be the target of a prank (B2), causing a fegling of

caution. </think>

<answer>A</answer>

-

Figure 3: A shared-correct Social-IQ example.

The staged curriculum separates grounding from
ToM decision-making. SFT learns the structured
trace format; RL-Grounding improves evidence lo-
calization with little answer-accuracy gain (70.8%
to 71.0%); and RL-ToM raises accuracy to 76.2%.

External generalization. We additionally evalu-
ate Qwen3-RL-ToM on external video and social-
reasoning benchmarks, including Video-MME (Fu
et al., 2025) and Social-1Q 2.0 (Wilf et al., 2023).
The model improves over the Qwen3-VL-8B back-
bone on both benchmarks, indicating that the
learned grounded ToM behavior transfers beyond
ToM-Video. Our trained model increased the ac-
curacy of video-MME short videos from 73.16%
to 75.76%, and improved the accuracy of Social-
1Q from 63.41% to 65.12%. Details are shown in
Appendix K.

Finding 2: Grounded ToM training reallocates
reasoning from surface description to compact
evidence-backed mental-state inference.

To test our trained model’s reasoning quality, we
compare the two models on the shared-correct sub-
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Backward

Forward Grounded

Model Acc
BL B2 B3 F1 F2 F3 Gl G2 G3

GPT-40 (Hurst et al., 2024) 841 739 769 717 726 660 820 288 812 664

~ Gemini-2.5-Flash (Comanici et al., 2025) 671 596 598 557 716 578 712 361 642 5638
2 Gemini-3-Flash 899 812 799 794 884 809 [973 395 839 747
S GPT5.4-mini (Singh et al., 2025) 802 720 694 741 663 531 90.1 373 807 646
GPTS5.4 (Singh et al., 2025) 918 807 843 816 811 766 919 361 922 742
Claude Sonnet 4.6 899 757 (852 (830 858 844 928 379 899 753
InternVL-2.5-8B (Chen et al., 2024a) 638 638 581 468 689 461 874 390 606 550
LLaVA-OV-7B (Li et al., 2024) 638 60.1 576 585 695 457 829 421 610 56.6
Video-R1-7B (Feng et al., 2025) 560 587 533 493 642 359 586 386 550 499
VideoChat-R1 (Li et al., 2025a) 749 711 751 610 789 543 802 392 697 63.0
Qwen2.5-VL-7B (Bai et al., 2025b) 604 550 699 511 689 469 739 364 569 541

S Qwen3-VL-2B-I (Bai etal., 2025a) 507 49.1 402 422 547 441 649 288 445 434
S Qwen3-VL-4B-I (Bai et al., 2025a) 758 674 677 699 800 551 748 384 702 6238
Qwen3-VL-8B-I (Bai et al., 2025a) 720 606 590 535 584 539 712 337 642 549
Qwen3-VL-8B-T (Bai et al., 2025a) 787 674 725 603 705 57.8 919 248 743 603
Qwen3-VL-30B-A3B-I (Bai et al., 2025a) 86.5 720 769 606 700 578 856 339 807 642
Qwen3-VL-30B-A3B-T (Bai et al., 2025a) 757 729 69.1 811 578 892 328 844 670
Qwen3-VL-235B-A22B-T (Bai et al., 2025a) 90.3 798 | 80.8 716 789 723 [JO4l 36.1 867 712
Qwen3-VL-8B + SFT 797 817 713 759 737 746 847 412 849 708
Qwen3-VL-8B + RL-Grounding 812 789 803 716 768 723 838 446 849 710

Qwen3-VL-8B + RL-ToM

560 ISZSINSSONITISNNSAZINE0NN 7+ [S03NNSSINNT62N

Human Level 952 913

93.0 929 937 965 928 925 968 93.8

Table 2: Main results on ToM-Video-val (2,162 multiple-choice questions). B/F/G denote Backward, Forward, and
Grounded reasoning categories; Acc is overall accuracy (%). Best and second-best are highlighted independently

within closed (best / 2nd ) and open U ours (

Dataset Model N~ T4

2159
115.7

er
1.13
3.98

x T
60.3
73.6

Social-1Q
Social-1Q

Base 273
RL-ToM 273

Ours-VAL
Ours-VAL

Base 535
RL-ToM 535

131.7
124.2

0.32
4.14

594
81.2

Table 3: Process-quality statistics on correct subsets.
Np is the shared-correct subset Q nums; 7 is aver-
age reasoning length in tokens; € is the average num-
ber of explicit evidence mentions (timestamps, boxes,
or source references);  is human chain validity from
double-blind annotation (Appendix K.4).

set, where both models select the correct answer.
Table 3 shows that RL-ToM uses fewer reason-
ing tokens while producing more explicit evidence
mentions and higher human-rated chain validity.
On Social-IQ, RL-ToM reduces the average reason-
ing length from 215.9 to 115.7 tokens, while human
chain validity from 60.3 to 73.6. A similar pattern
appears on ToM-Video-val, where RL-ToM yields
denser evidence traces and higher chain validity de-
spite a shorter average trace. This suggests that the
gain is not simply longer CoT, but more selective

/ 2nd ); the two groups are ranked separately.

use of ToM-relevant evidence.

Figure 3 illustrates this difference. The base
model correctly selects option A, but its rationale
mainly enumerates visible laughter and treats the
answer as the closest plausible option. RL-ToM in-
stead grounds the inference in two visual moments:
the guest’s initial expression at 5.5s and the later
wary expression at 23.0s after the host’s utterance.

6 Conclusion

We introduced ToM-Video, an evidence-grounded
benchmark for Theory-of-Mind reasoning in real-
istic videos, and INSPIRE, a staged post-training
framework for ToM training. More broadly, this
work studies mental-state reasoning under passive
observation. A natural next step is to connect it
with Theory of Space (Zhang et al., 2026), agents
should not only infer beliefs and intentions from
observed evidence, but also actively decide what
to observe next, reducing uncertainty and updat-
ing spatial and mental beliefs through sequential
interaction.
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Limitations

ToM-Video focuses primarily on short, interaction-
dense clips, which makes fine-grained timestamp,
bounding-box, and source-chain annotation feasi-
ble for video training and inference. Longer videos
may contain more distributed social cues and de-
layed mental-state changes, so extending grounded
ToM reasoning to long-form scenarios remains fu-
ture work.

Our analysis focuses on observable outputs and
annotation-aligned evidence traces, rather than on
the model’s internal mechanisms. We do not iden-
tify which parameters, layers, attention heads, or
hidden representations are most sensitive to ToM-
relevant variables. Therefore, the results should
be interpreted as evidence of improved external
ToM grounding, not as a mechanistic account of
how ToM is represented inside the model. Future
work could combine ToM-Video with probing, ac-
tivation patching, and component-level ablations to
localize ToM-sensitive representations and circuits.

Ethics Statement

ToM-Video is intended to support research on
evidence-grounded video Theory-of-Mind reason-
ing for human-centered Al systems. The bench-
mark evaluates whether models can link observ-
able visual and auditory cues to annotated mental-
state inferences, rather than infer the private mental
states of real individuals. We explicitly discourage
downstream use for surveillance, behavioural pro-
filing, hiring or credit-scoring decisions, clinical
diagnosis, or any consequential judgement about
identifiable people.

All source clips are sampled from publicly avail-
able, narrative movie content uploaded to YouTube.
We do not crawl private or restricted-access content.
Because the YouTube Terms of Service do not al-
low redistribution of the underlying video files, our
release contains only (i) YouTube video IDs, (ii)
clip start/end timestamps, (iii) ASR transcripts pro-
duced by us, and (iv) our annotations (ToM graphs,
QA pairs, grounded chains-of-thought, and bound-
ing boxes). Users reconstruct the local video files
from the IDs through standard YouTube tooling
and remain bound by YouTube’s Terms of Service
when doing so. Our textual annotations are released
under CC BY-NC 4.0 for non-commercial research.
The ten human reviewers were graduate-level re-
searchers with backgrounds in cognitive science
or Al. They provided informed consent, were com-

pensated above the local minimum hourly wage,
could opt out at any time, and were given a content-
warning protocol with the option to skip distressing
clips. No personal data of the annotators is released.
Mental-state labels are treated as interpretive judge-
ments grounded in observable cues, not as ground
truth about any real person’s mind.
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Overview. This appendix provides additional de-
tails and analyzes to complement the main paper.

* Section A defines the mental-state node types
used in the ToM reasoning traces.

* Section B reports the category distribution of
the video pool and analyzes dataset coverage.

* Section C presents the benchmark construc-
tion prompts used for video filtering, node
extraction, visual verification, bounding-box
annotation, and QA generation.

* Section D describes the design of the nine QA
categories and their reasoning targets.

» Section E details the automatic filtering and
human verification procedures used for quality
control.

* Section F provides additional statistics on cor-
pus scale, ontology coverage, surface proper-
ties, and category-level QA counts.

* Section G reports the training configuration
for SFT, RL-Grounding, and RL-ToM.

 Section H gives the implementation details of
the reward functions and GRPO-based opti-
mization.

e Section I describes the movie-level
train/validation split and data leakage
checks.

¢ Section J evaluates the faithfulness of interme-
diate grounding traces and presents input-side
and reward-side ablations on ToM-Video-val.

* Section K reports additional external general-
ization results on Video-MME and Social-1Q
2.0.

» Section L provides qualitative case studies
comparing the baseline and the trained ToM
model.

» Section M discloses the use of large language
models in annotation, training, evaluation, and
writing assistance.

A Mental-State Node Definitions

A world model not only requires a physical model
component, but we also need to make objects use-
ful to humans, which is the mental model. These
two parts support each other in order to achieve a
world model that can interact with humans. Ele-
ments of the theory of mind are an important part
of constructing a mental world model, and we pro-
vide the following explanations for the elements
used in the paper.

The ontology is designed to cover seven canoni-
cal elements of Theory of Mind: beliefs, intentions,
emotions, perception, desires, knowledge, and non-
literal meaning. Since these elements are not al-
ways directly observable in video, we ground them
through a 10-node annotation scheme that links
latent mental-state and social-cognitive variables
to perceptual evidence. We define ten ToM node
types ny € {D,A,L,P,B,I,R, E, K, N}, orga-
nized into a three-layer ontology. Layer 1 contains
observable evidence: scene descriptions, actions,
dialogue, and perceptual access. Layer 2 contains
latent mental states: beliefs, intentions, desires,
and emotions, which are not directly observed but
inferred from Layer-1 evidence. Layer 3 contains
higher-order social-cognitive processes: knowl-
edge asymmetry and non-literal communication,
which require reasoning over multiple agents’ in-
formation states, speaker intentions, and pragmatic
context. This hierarchy follows the standard belief—
desire view of action explanation, where beliefs and
desires jointly support intentions and actions (Well-
man et al., 1990), and extends it with perspective-
taking and pragmatic inference for multi-agent so-
cial interaction (Baron-Cohen, 1995; Chen et al.,
2025a). Table 4 summarizes the node types; below
we describe the annotation rule for each type.

D — Description. Static scene context: spatial
layout, salient objects, lighting, and social setting
(e.g., hospital waiting room, office cubicle). The
environment constrains which mental states are
plausible—a hospital and a party prime very differ-
ent inferences—so D nodes serve as the contextual
prior for every downstream Layer-2 inference.

A — Action. Intentional physical behaviour:
gestures, posture shifts, gaze direction, ap-
proach/avoidance movements, and micro-actions
such as lip-biting, fidgeting, or gaze-aversion. In
Wellman’s belief—desire framework, actions are
the primary observable output of the belief—desire
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Sym. Name Layer Modality
D Description L1 (input) visual
A Action L1 (input) visual
L Dialogue L1 (input) audio
P Percept L1 (input) visual
B Belief L2 (mental) inference
I Intent L2 (mental) inference
R Desire L2 (mental) inference
E Emotion L2 (mental) visual / inf.
K Knowledge L3 (social) inference
N Non-literal L3 (social) audio / inf.

Table 4: Ten mental-state node types referenced by
reasoning-trace markers ng. Modality indicates the typ-
ical evidence source for the node.

system; ToM annotations reverse-engineer mental
states from what people do.

L — Dialogue. Speech transcribed from ASR.
Treated as a dual-channel signal: content (proposi-
tional meaning) and manner (tone, hesitation, vol-
ume, speed). L nodes are anchored by transcript
timestamps and speaker localization rather than
bounding boxes.

P — Percept. What a character perceives—gaze
direction, attentional focus, overhearing, or notic-
ing something others miss. Following Baron-
Cohen’s Shared Attention Mechanism (Baron-
Cohen, 1995), P nodes determine each character’s
information state and are therefore prerequisites for
false-belief and perspective-taking reasoning.

B — Belief. What a character takes to be true
about the world, themselves, or others’ minds. An-
notated with explicit level: Ist-order (“X believes
P”), 2nd-order (“X believes that Y believes P”),
and false belief (the character’s belief contradicts
reality).

I — Intent. The character’s goal, plan, or strat-
egy. Three sub-levels are recognized: proximal (im-
mediate action goal), distal (higher-level purpose),
and strategic (deliberate manipulation of others’
mental states). The depth of intent annotation is
what separates ToM data from action-recognition
data.

E — Emotion. Emotional states arising when
events match or mismatch beliefs and desires. Each
E node specifies (i) the observable cues—facial
expression, vocal tone, body posture—and (ii) the
appraisal that links those cues to a B or I node.

R — Desire. A character’s wanted or preferred
state of the world, such as wanting to leave, hoping
to be believed, or wishing to hide information. In
belief—desire accounts of folk psychology, desires
specify what an agent wants, while beliefs specify
what the agent takes to be true; together they help
explain intentions and actions.

K — Knowledge. Background or world knowl-
edge that some characters have and others lack.
Knowledge asymmetry drives perspective-taking
(G3) questions and is essential for false-belief sce-
narios; K nodes therefore carry an explicit list of
which characters share this knowledge.

N — Non-literal. Communicative meaning that
goes beyond the literal utterance, including irony,
sarcasm, teasing, indirect requests and deception.
We place non-literal meaning in Layer 3 because it
requires reasoning over speaker intention, listener
knowledge, shared context, and the gap between
what is said and what is meant. An L node records
the utterance itself; an N node records its pragmatic
social meaning.

B Video categories

| % Conflict
{/_) Home
Vehicle
B 3 Office
\ij Hospital
O Romantic
Restaurant
cqg% Crowd
@ School
‘& Courtroom
d ,ﬁ; Outdoor

3 police

\:) Other

16.9%

Figure 4: Distribution of our videos.

Figure 4 summarizes the category distribution of
the ToM-Video video pool. The dataset contains
1,487 source videos and 4,666 clips across diverse
social contexts. The largest category is Conflict
& Combat (26.2%), followed by Home & Family
(16.9%) and Other (16.9%). These categories pro-
vide many ToM-relevant situations, including inten-
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tion recognition, emotional reaction, belief updates,
deception, and interpersonal misunderstanding.
The remaining videos cover travel, workplace,
medical, romantic, dining, public-event, school,
courtroom, outdoor, and police-related scenarios.
This long-tailed distribution increases the diversity
of social roles, environments, and interaction pat-
terns, ensuring that ToM-Video does not rely on
a single social script. Category labels are used
only for analyzing dataset coverage; the final ToM
graphs and QA pairs are grounded in clip-level
visual evidence, audio, and source-node chains.

C Benchmark Construction Prompts

This appendix lists the core system prompts used by
each stage of the ToM-Video construction pipeline
(§3). Prompts are abridged for readability—
verbose formatting instructions, output-schema ex-
amples, and few-shot blocks are replaced by [ ... ].
The full prompts will be released with the pipeline
code.

C.1 LLMa-assisted Filtering for ToM-dense
Videos

Before ToM annotation, we apply an LLM-assisted
semantic filtering step using the GPT-120b-OSS
model(Agarwal et al., 2025) to select clips suitable
for grounded mental-state reasoning. To obtain
reliable ASR and interaction-rich narratives, we fo-
cus on movie clips rather than unconstrained web
videos. Movie clips typically provide clearer dia-
logue, coherent story context, and denser character
interactions, which are important for annotating be-
liefs, intentions, emotions, knowledge states, and
non-literal communication.

For each candidate movie clip, the model re-
ceives available metadata, caption-like visual sum-
maries, and ASR transcript excerpts, and assigns
a suitability score from O to 10. The score reflects
whether the clip contains socially meaningful in-
teraction, observable visual or auditory evidence,
temporal progression, non-trivial mental-state am-
biguity, and sufficient dialogue quality for ASR-
based grounding.

The filtering output is used only as a candidate-
level screening signal. High-scoring clips are re-
tained for annotation, while low-scoring clips are
removed. LLM-generated reasons are not treated
as ground truth and are not copied into the final
ToM graphs, question-answer pairs, or reasoning
chains.

LLM Filtering System Prompt

You are helping select movie clips for a Theory—of-Mind video
benchmark.

Your task is to judge whether a candidate movie clip is suitable for
grounded

mental—state reasoning. We focus on movie clips because they usually
contain

clear dialogue, coherent narrative context, and rich character
interactions,

which are important for reliable ASR and fine—grained ToM
annotation. A

suitable clip should contain observable social evidence that can support

inferences about what a person believes, wants, intends, feels, knows,

perceives, or implies.

Input:

— video_title: {video_title}

— visual_summary: {visual_summary }
— asr_excerpt: {asr_excerpt}

— duration: {duration}

— candidate_scene_type: {scene_type}

\textbf{ (Omit)}

Reject the clip if:

— it is not a film/movie scene or movie—like narrative clip;

— itis a trailer, interview, commentary, recap, music video, or
disconnected

montage rather than a coherent scene;

— it has no human or human-like social agents;

— it is mainly a physical action scene without interpretable social
cognition;

— it is dialogue—only with little or no visual grounding;

— the dialogue is too noisy or ASR quality is too poor for transcript
alignment;

— the relevant evidence is too ambiguous or visually inaccessible;

— the clip cannot support keyframe—level evidence grounding.

Return ONLY a JSON object:
{
"score": X,
"suitable": true_or_false,
"is_movie_clip": true_or_false,
"asr_quality": "clear_usable_noisy_unusable",
"narrative_coherence": "self_contained_partial_fragmented",
"scene_type'":
"conflict_family_travel_workplace_medical_romantic_public
_school_legal_outdoor_crime_other",
"tom_cues": ["belief", "intent", "desire", "emotion", "knowledge",
"perception”, "non_literal"],
"evidence_modalities": ["visual", "audio", "inference"],
"reason": "brief explanation of why the clip is or is not suitable"

In our implementation, clips with score > 7,
suitable=true, is_movie_clip=true, and usable ASR
quality are retained as annotation candidates.

C.2 VLM Node Extraction

Run on Gemini 2.5 Pro with the entire video win-
dow (45 s) uploaded inline alongside time-aligned
ASR. The model returns a JSON document of clips,
each with 5-15 structured nodes.

Prompt for VLM Node Extraction

You are the lead architect for a "Video Theory—of—Mind (ToM)"
benchmark.

You are watching a REAL VIDEO (not still images). Pay close
attention to

6957



facial micro—expressions, body language shifts, gaze direction,
gestures,
and tone changes across time.

##H# THE TASK
1. Scan the full video + ASR to find "Psychological Interaction
Segments"
where characters' mental states (beliefs, intentions, desires, emotions)
are dense and evolving.
2. Slice each segment into a clip of {clip_min}—{clip_max} seconds.
IMPORTANT: Prefer LONGER clips (20—45 s) that capture a
complete psychological
arc (trigger —> mental state change —> behavioral consequence).
Short clips (<20s) are REJECTED unless extremely ToM—dense.
3. Annotate each clip with 5-15 structured nodes (see below).
4. Each clip MUST have at least 5 nodes and at least 3 visual-anchor
nodes.

### 1. NODE TYPES —- grounded in ToM theory
Each node "id" = capital-letter prefix + index (D1, Al, ...).
"text" field MUST start with the same ID prefix.

We organize nodes along the ToM processing pipeline (Baron—Cohen's
mindreading system + Wellman's belief-desire framework):

#it## LAYER 1 —— Observable Inputs (what can be directly
seen/heard)

These are the RAW EVIDENCE that a mindreader uses to infer
mental states.

A —— Action

Intentional physical behaviour: gestures, body language, posture

shifts, approach/avoidance movements. In ToM theory, actions are

the PRIMARY OBSERVABLE OUTPUT of the belief-desire
system ——— we

reverse—engineer mental states from watching what people DO.

Include micro—actions (lip—biting, gaze—aversion, fidgeting) that

reveal inner states.

(The following is omitted)

#it## LAYER 2 —— Mental States (the core of ToM reasoning)

These are UNOBSERVABLE internal states inferred from Layer 1
evidence.

The Wellman belief—desire model: Perception —> Belief —> Desire —>
Intent

—> Action —> Emotion (feedback). You MUST annotate richly here.

B —— Belief (Wellman's epistemic component)
What a character takes to be true about the world, themselves, or
others' minds.
LEVELS OF BELIEF (annotate which level applies):
% Ist—order: "X believes P" (e.g. "Craig believes this is a
normal workplace")
= 2nd—order: "X believes that Y believes P" (e.g. "Lotte
believes Craig thinks she is Maxine") ——— this is classic ToM.
# FALSE BELIEF: when the character's belief contradicts reality.
This is the gold standard of ToM tasks. Clearly mark when a
belief is false and WHY the character holds it despite reality.

\textbf{ (The following is omitted)}

### 2. KEYFRAME TIMESTAMP PRECISION (CRITICAL)

For EVERY node, the " timestamp" field must point to the EXACT
moment in

the video where the evidence is strongest. This is used to extract

keyframes for bounding—box annotation.

For visual nodes (A, P, D, E with visual evidence):
— Pick the SINGLE BEST FRAME where the
action/expression/object is

most clearly visible.

— Example: if a character's anger builds from 10s to 15s, and they
slam their fist at 14.2s —> set timestamp=14.2

— For facial expressions: pick the PEAK of the expression, not the
start. Example: "furrowed brow" —> the frame where the furrow is
deepest.

For audio/inference nodes:
— Set timestamp to when the TRIGGER is visible. Example: for
"B1: He believes she is lying" (inference from P1+L2), set
timestamp to the moment he shows suspicion on his face.

### 3. EVIDENCE MODALITY + GROUNDING
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Every node MUST have " evidence_modality " : "visual" / "audio" /
"inference".

For "visual" nodes:
— " grounding_query " : CONCRETE phrase for a local detection
model.

NEVER USE CHARACTER NAMES ——- use generic descriptors

instead.

Good: "man with glasses and messy hair, furrowed brow",
"woman in white sweater holding cigarette, looking down",
"person's clenched fist on table", "TV screen showing hunched

figure"

Bad: "Craig's expression”, "Maxine sitting" (names won't work!)

Bad: "confusion", "tension" (too abstract)

— is_visual_anchor" : true if this is a clear, unambiguous visual
moment. Each clip needs >=2 visual anchors.

— “visual_cue" : 3-8 word description of what makes it visually
identifiable (e.g. "clenched jaw, narrowed eyes").

For "audio" nodes:
— “audio_grounding " : {"transcript_excerpt": "...", "tone": "..."}
— You MAY add a weak " grounding_query" (e.g. speaker's face) with
* "weak_visual": true" .

For "inference" nodes:
— “inference_from " : list of node IDs that serve as premises.
— Explain the reasoning chain: WHY does A1+L2 lead to B1?

### 4. DEEP PSYCHOLOGICAL ANALYSIS (MANDATORY)

This is a ToM benchmark, NOT a scene description dataset. You
MUST go
beyond surface—level annotation:

+ xxBelief nodes (B)#=: Don't just say "believes X". Explain the
epistemic basis: "B1: Craig believes this is a normal office job,
based on the fact that he accepted the position without questioning
the unusual floor number (inference from L1, K1)."

### 5. CLIP SELECTION RULES

* MINIMUM {clip_min}s, target 20—45s. Short clips miss the full arc.
+ Each clip must contain a PSYCHOLOGICAL ARC: a trigger event
that
causes mental state changes that lead to behavioral consequences.
+ Each clip must have >=5 nodes total, >=2 mental—state nodes
(B/I/R/E),
and >=2 visual—-anchor nodes.
# Prefer FEWER, LONGER, RICHER clips over many short shallow
ones.
+ Non—overlapping clips only. Leave gaps if needed.

### 6. OUTPUT FORMAT (strict JSON)

{
"source_video_duration": 180.5,
"clips": [

*json

"clip_id": 1,
"segment": {
"start_time": 12.0,
"end_time": 38.5,
"reason_for_selection": "Craig's disorientation arc: trigger (low
ceiling) —> belief shift —> visible anxiety"

"script": "In this clip ...",
"characters": [
{"id": "c1", "name": "Craig"},
{"id": "c2". "name": "Don"}
]

s
nodes": [

"id": "P1",
"type": "percept”,

"text": "P1: Craig notices the abnormally low ceiling as he
enters, ducking slightly.",

"character": "cl1",

"timestamp": 12.4,

"end_time": 13.5,

"evidence_modality": "visual",
"is_visual_anchor": true,

"visual_cue": "man ducking under low ceiling",



non

"grounding_query": "man in suit ducking his head under low
ceiling",

"audio_grounding": null,

"inference_from": null,

"caused_by": null

C.3 Visual Node Verification

For each visual-modality node from Stage 1, a
+3s segment around its annotated timestamp is
sent back to Qwen-2.5-VL-72B for verification.
Nodes scoring below 5 are downgraded to infer-

ence modality.
Prompt for Visual Node Verification

You are a strict keyframe verification assistant for a Video
Theory—of—Mind benchmark.

You will receive a short video segment and a list of visual queries.
For each query, watch the segment and answer:

1. visible (true/false):
Can you clearly see the described content at any point in this

segment?

2. best_time (float):

If visible, give the exact second within the segment where the content

is most clearly visible, such as the peak of an expression or the
clearest view of an action.

3. score (0——10):
10 = perfect match, crystal clear
7——9 = clearly visible, minor differences
5——6 = partially visible, some ambiguity
3——4 = barely visible, mostly guessing
0—-2 = not visible or contradicts the description

4. reason:
Provide a one—sentence explanation.

Rules:

— Watch the entire segment.

— For facial expressions, look for the peak frame.

— Be strict: assign score < 5 if you cannot clearly see the content.
— Do not hallucinate.

Output strict JSON:
{"results":[{"query_idx":0,"visible":...,"best_time":...
J"score":...,"reason":"..." }, ...]}

Prompt for Local Bounding-Box Annotation

You are a visual grounding assistant.

Given an image of size W x H pixels and a list of queries, output
bounding boxes.

For each query, provide [x1, y1, x2, y2] in absolute pixels,
not normalized.

Coordinate definition:
—x1, yl = top—left corner
— X2, y2 = bottom—right corner

Boxing rules:

— For faces or expressions, box the face tightly.

— For actions or postures, box the full body.

— If the queried entity is not present, set bbox to null.

Output JSON only:
{"results":[{"idx":0,"found":true,"bbox":[x1,y1,x2,y21}, ...]}

C.5 VLM QA Generation

C.4 Bounding-Box Annotation and Inspection

For each verified visual node, local Qwen3-VL-
8B is used to produce a candidate grounding box
from the node’s keyframe and grounding query. We
then use Qwen2.5-VL-72B model for bounding-
box quality inspection and calibration. Coordinates
are normalized across three possible scales: nor-
malized [0,1], absolute pixel, and Qwen-VL 1000-

scale.
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Prompt for VLM QA Generation

You are an expert psychologist and benchmark engineer constructing a
#xVideo Theory—of—Mind (ToM):: evaluation dataset.

You will receive:
(a) A set of xxvideo framess from a short clip (~20-45 s).
(b) A s=structured annotations= of the clip: characters, psychological
nodes
(with timestamps, evidence modality, bounding—box grounding,
causal
links), and causal subchains.
(c) Optionally, s:xlegacy QA examples:: from a prior dataset ——
use them as a
quality reference for writing style and distractor quality, NOT for
copying answers.

Your task: generate a comprehensive set of ##5—way multiple—choice
questions::

covering ALL 9 categories defined below.

CARDINAL RULE: VIDEO-DEPENDENCY

Every question you write MUST require watching the video to answer
correctly.

A text—only language model with NO access to the video should NOT
be able to

choose the correct answer.

HOW TO ACHIEVE THIS ——- "Deictic Anchoring":

GOOD: Reference video moments, don't describe them.
"At around 15 seconds, what does the person in the chair do?"
"Based on the facial expression visible at the start of the clip, ..."
"What visual change occurs after the dialogue at ~20s?"

BAD: Narrate the video content IN the question stem.
"Given Craig's initial weary and apathetic state upon sitting down,

"After seeing employees hunched over and hearing the narrator ask
(These questions give away the answer without needing the video!)

RULES:
a. Question stems should POINT TO a moment ("around Xs", "in
the first
few seconds", "right after the character speaks") rather than
DESCRIBING what happens at that moment.
b. If the question must mention a mental state, keep it MINIMAL
and ask
for its CAUSE or CONSEQUENCE, not for the state itself.
c. NEVER put the correct answer's key information in the question
stem.
d. Distractors must be plausible to someone who has NOT seen the
video.
A text—only model should find >=2 distractors equally appealing.

QA TAXONOMY ——- 9 Categories in 3 Directions



FORWARD REASONING

Given earlier events OBSERVED IN THE VIDEO, predict what
follows. The question should POINT to a moment, not describe
the full context.

F1 ACTION PREDICTION
"After what happens at ~Xs, what does [character] do?"
The premise is a VIDEO MOMENT, not a narrated state.
The viewer must watch to know what happened at ~Xs.

\textbf{(The following is omitted)}

1. 5 options per question. Exactly one correct. Mark " answer\_index"
(0O-based). The correct answer should NOT always be in the same
position;
randomize it across questions.

2. #xDistractors must be HARD ——— and equally attractive without
video.
# At least 2 distractors must be plausible to someone who has NOT
seen
the video (they should sound like reasonable answers given only the
question text).
# At least 1 distractor should be a common—sense alternative ——— the
answer you'd guess if you only read the question stem.
« NEVER use obviously absurd or irrelevant options.
% All 5 options must have SIMILAR length and grammatical
structure.
* The correct answer must NOT be the longest or most detailed
option.
« NEVER put qualifiers like "exactly", "definitely" only on
distractors
while the correct answer uses hedging like "likely" ——— this is a
tell-tale pattern.
(The following is omitted)

Output strict JSON:
{"qas™[{...}, .1}

D QA Design

To evaluate whether models can reason over mental-
state trajectories rather than answer isolated recog-
nition questions, we design three families of
multiple-choice questions. Each family probes a
different direction of the evidence-mind—behavior
chain. Forward questions ask models to predict
what will happen next from an observed event or
mental-state cue. Backward questions ask models
to explain why an observed action, belief, or emo-
tional shift occurred by identifying its preceding
evidence. Grounded perception questions ask mod-
els to localize the visual, temporal, or perspective-
specific evidence that supports a ToM inference.
Together, these categories test whether a model can
move from observable cues to latent mental states
and back to behavioral consequences.

Each QA pair is generated from the structured
ToM graph and is linked to source nodes, times-
tamps, and bounding boxes when visual evidence is
available. The generator produces five answer op-
tions with exactly one correct choice and plausible
distractors, so that answering requires grounding
the question in the video rather than relying on so-
cial priors alone. Tables 5, Fig 5 and Fig 6 summa-

Cat. Direction Reasoning Target
F1  Forward Predict the next action after an ob-
served event.
F2  Forward Predict the character’s emotional re-
action.
F3  Forward Predict the next utterance from

heard context.

B1 Backward Explain the cause of a visible behav-
ior.

Identify evidence that supports a be-
lief.

Explain the trigger of an emotional
change.

B2  Backward

B3  Backward

Gl Grounded Identify the visual detail supporting
a mental state.

Locate the time span of a behavioral
or mental-state shift.

Identify perspective or information

asymmetry.

G2  Grounded

G3  Grounded

Table 5: Reasoning targets of the nine QA categories.

rize the design of the nine QA categories. The tax-
onomy is organized by reasoning direction rather
than surface question form: forward questions pre-
dict behavioral consequences, backward questions
recover causal or psychological antecedents, and
grounded questions verify the visual, temporal, or
perspective-specific evidence that supports a ToM
inference.

E Quality Control and Validity of the
Pipeline

This section provides additional details on the auto-
matic filtering and human verification procedures
used to improve the validity of ToM-Video. The
goal is to remove samples whose visual evidence,
source-node chain, or QA label is ambiguous,
weakly grounded, or inconsistent with the video.

E.1 Automatic Quality Filtering

Before human review, we apply automatic checks
to three components of the pipeline: ToM nodes,
bounding boxes, and QA pairs. For visual nodes,
we remove or demote claims that are not clearly
visible at the annotated timestamp. A visual node is
retained only if the verification model confirms that
the described cue is perceivable in a short tempo-
ral neighborhood around the predicted timestamp.
Nodes that are plausible but not directly visible are
converted to inference nodes, while unsupported or
contradictory nodes are discarded.

For spatial grounding, we discard bounding
boxes that are invalid, degenerate, outside the im-
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B1 Backward-1: Causal trigger

Clip:  clip_01_7.0_44.0.mp4

Q: At around 12.5 seconds, Hitchcock tells his wife, "I'm just
going to check the bridge.” Why does he say this?
Options:
(A) To signal to a colleague that he needs fo have a private
word
(B) To inform her about a known technical problem with the
projector.
(C) To explain why he is suddenly feeling unwell and needs a
moment alone
/ (D) To create an excuse so he can stay behind and gauge the
audience's reaction,
(E) To ask her to wait for him while he confirms their seat
numbers.

B2 Backward-2: Belief formation

Clip:  clip_01_2.0_45.0.mp4

Q: What is the primary evidence Gitfes observes throughout the
clip that leads him tfo his final belief, stated around 43.8
seconds?
Options:
' (A) Her sustained lack of any visible emotional reaction.

(B) Her initial firm tone of voice when she tries to dismiss

him.

(C) A signal from the man standing in the background

(D) The fact that she does not ask any follow-up questions.

(E) The way she nervously glances at the car next to them

F1 Forward-1: Next action/event

Clip:  clip_01_5.0_42.5mp4

Q: Following Chad's initial excited statements, what is his next
major action to try and prove his point to his colleagues?

Options:
(A) He picks up the phone to call his manager.
(B) He stands up and begins pacing around the desk.
(C) He ejects the CD and shows it fo them.
(D) He quickly starts typing something on the keyboard.
 (E) He points emphatically at the computer screen.

mang

F2 Forward-2: Emotional consequence

Clip:  clip_01_8.0_44.0.mp4

Q: Observing Pienaar's initial attentive posture, how does his
emotional state appear to evolve by the end of Mandela's story?

Options:
(A) He grows impatient and eager for the meeting to end.
(B) He appears amused by the anecdote
(C) He becomes visibly confused and skeptical
+ (D) He shifts from respectful listening to being deeply and
personally moved.
(E) His expression changes to one of pity for Mandela

G1 Grounded-1: Evidence localization

Clip:  clip_01_2.0_46.0.mp4

Q: Which visual detail at ~3.8 seconds provides the best clue to
the seated man'’s internal state?
Options:
+/ (A) His neutral, controlled facial expression.
(B) A slight, confident smirk on his lips
(C) The way his hands are trembling.
(D) The sweat visible on his upper lip.
(E) His rapid blinking and dilated pupils.

G2 Grounded-2: Transition timing

Clip:  clip_01_12.0_44.5.mp4

Q: At approximately what point does Leon's dominant emotion
visibly shift from desperate fear to bitter rage?
Options:
(A) Around 21-23 seconds, as he asks his question.
(B) Around 17-19 seconds, immediately after the initial shock.
(C) Around 13-15 seconds, when he is first apprehended.
+/ (D) Around 39-41 seconds, just before he speaks his final line.
(E) Around 42-44 seconds, during the physical attack

Figure 5: QA Examples

age canvas, or too small to provide meaningful
evidence. This removes grounding artifacts and
prevents downstream QA pairs from citing unreli-
able visual regions.

For QA pairs, we filter samples that are struc-
turally invalid, answerable from text alone, ambigu-
ous, missing source-node chains, or inconsistent
with the grounded rationale. We also remove ques-
tions that require external plot knowledge rather
than evidence available in the clip. These checks
are designed to preserve video-dependent ToM rea-
soning while reducing annotation noise.

E.2 Human Audit Protocol

Automatic filtering cannot fully resolve subtle so-
cial, perceptual, and pragmatic ambiguities in ToM
reasoning. We therefore conduct an additional hu-
man audit. Ten trained reviewers with backgrounds
in cognitive science, linguistics, and Al participate
in the verification process. Each candidate sample
is independently reviewed by two annotators.

Annotators are shown the video clip, ASR tran-
script, structured ToM graph, source-node chain,
question, answer options, correct answer, grounded
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Clip:  clip_01_150_450.mp4

Q: What is the underlying reason for Lily's physical state as seen

of the start of the clip?

Options: when she finally speaks?
() she is pre o be asieep as a joke Options:

 (B) She has

G3 Grounded-3: Perspective contrast

Clip:  clip_03_540_830.mp4

19 and Q: Based on their s shown throughout the clip, what s the
primary difference in the subjective experience between the
grandfather and the other family members?

Options:
®

Figure 6: QA Examples (add)

rationale, and rendered keyframe with bounding
boxes. They evaluate four aspects:

1. Video and clip quality: whether the clip is
understandable and contains sufficient visual
or auditory evidence.

2. ToM-node correctness: whether each node
correctly describes an observable cue, latent
mental state, or social-cognitive relation.

3. Grounding consistency: whether each visual
node corresponds to a perceivable cue at the
cited timestamp and whether the bounding
box covers the intended character, object, or
region.

4. QA validity: whether the question is answer-
able from the video and ASR without external
knowledge, has exactly one correct answer,
and is supported by the cited source-node
chain.

Items approved by both annotators are retained.
Items rejected by both annotators are removed. Dis-
agreements are resolved by a senior adjudicator.

Table 6 reports the cumulative effect of auto-
matic filtering and human verification. Automatic
filtering removes hallucinated visual claims, invalid
spatial groundings, structurally invalid QA pairs,
and weak source-node chains. Human verification
further removes items that are visually ambiguous,
weakly grounded, or socially under-determined.

E.3 Independent Annotation Validity Study

The construction-time audit described above veri-
fies candidate samples before they enter the final
dataset. However, filtering counts alone do not esti-
mate the residual reliability of the retained bench-
mark. This is especially important for ToM-Video,
since the pipeline uses MLLMs for ToM-dense seg-
ment selection, node extraction, visual verification,

Component Raw After auto. After human
Mental-state nodes 87,879 63,412 57,707
L1: Observable 38,642 27,881 25,998
L2: Mental 45,721 32,710 29,375
L3: Social 3,516 2,821 2,334
Multiple-choice QAs 55,016 43,591 41,206

Table 6: Cumulative effect of automatic filtering and
human verification on ToM-Video.

bounding-box grounding, and QA generation. We
therefore conduct an independent validity audit on
a stratified sample from the final benchmark.

Sampling. We sample N = 1,000 QA pairs from
the final benchmark. The sample is stratified by
(i) the nine QA categories, (ii) difficulty, (iii) the
dominant evidence modality in the source chain
(visual, audio, inference), and (iv) video category.
This design ensures that the audit covers visually
grounded, dialogue-driven, and inference-heavy
cases.

Annotators and blinding. The audit is con-
ducted by two annotators who did not partici-
pate in data generation, automatic filtering, or
construction-time human review. Annotators are
shown the video clip, ASR transcript, question,
answer options, the released answer key, source-
node chain, and rendered keyframes with bounding
boxes. They are not shown the generation prompt,
model identity, or whether an item was corrected
during the pipeline. Each item is independently
reviewed by both annotators; disagreements are
resolved only after agreement statistics are com-
puted.

Audit dimensions. Annotators evaluate four core

validity dimensions:

1. Answer-key validity: whether the marked
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answer is uniquely correct and all distractors
are clearly less correct.

2. Source-chain sufficiency: whether the cited
source nodes provide enough evidence to sup-
port the answer.

3. Grounding correctness: for visual nodes,
whether the cited timestamp contains the rele-
vant cue and whether the bounding box covers
the intended person, object, or region; for au-
dio nodes, whether the ASR span supports the
node.

4. Mental-state inference validity: whether the
transition from observable evidence to the
annotated belief, intention, desire, emotion,
knowledge, or non-literal meaning is justified
without over-interpretation or external plot
knowledge.

Metrics. We report inter-annotator agreement
using Gwet’s AC1 for binary validity decisions
and Krippendorff’s o for multi-class error labels.
We also report answer-key validity, source-chain
F1, timestamp median absolute error (MedAE),
Time @3s-human, human-vs-released box IoU,
Box@0.5-human, text-only answerability, ASR-
only answerability, external-knowledge depen-
dence, and overall residual error rate with 95%
confidence intervals.

For source-chain F1, annotators independently
select the source nodes they consider necessary for
supporting the answer, and we compute F1 between
the released source chain and the human-selected
chain. For timestamp evaluation, annotators mark
the best supporting moment when the released
timestamp is judged imprecise. For box evalua-
tion, annotators either accept the released box or
draw a corrected box on the rendered keyframe.

E.4 Filtering Statistics

After all filtering stages, ToM-Video contains
57,707 ToM nodes and 41,206 multiple-choice QA
pairs.

F Statistical Analysis of ToM-Video

We provide the full statistics underlying the head-
line numbers in §5. Tables 8 and 9 summarise
the corpus and per-category QA counts, while Fig-
ures 7-8 visualise ontology coverage and surface
statistics.

[ observable 45.1% [l Mental 50.9% [ Social 4.0%
K N
VN
D
A
L
~ P
Description 2,661 (4.6%)
Action 8137 (14.1%)
Dialogue 9,289 (16.1%)
Percept 5911 (10.2%)

Belief 9,556 (16.6%)
7529 (13.0%)
2929 (51%)

9361 (16.2%)

Intent
Desire
Emotion

Knowledge 917 (1.6%)
Non-literal 1417 (25%)

EERNEEEEED

Figure 7: Ontology

Distribution of the 57,707 annotated mental-state
nodes across the 3-layer / 10-category ontology
of §3. The inner ring shows the three theoretical
layers (Observable Inputs, Mental States, Social-
Cognitive Processes); the outer ring expands into
the ten node types. Layer 2 (Mental) accounts for
the majority of supervisory signal (50.9%), con-
firming that ToM-Video is dominated by mental-
state inference rather than purely perceptual con-
tent. (a) Source-video duration is concentrated
around two minutes (mean 122.6s), well above
standard short-form VideoQA datasets. (b) Each
video contributes on average 3.14 psychologically
interactive clips, ensuring multi-scene coverage
per source. (c) Questions average 19.95 words
— longer than MovieQA, TVQA and SociallQ —
reflecting the deictic anchors mandated by the car-
dinal video-dependency rule. (d) Distractor and
correct-answer lengths are nearly identical (7.80
vs. 8.46 words), reducing the well-known length-
shortcut bias.

Take-aways. (i) Layer 2 mental-state nodes (Be-
lief, Intent, Desire, Emotion) constitute over half
of all annotated nodes (50.9%), validating that
ToM-Video is dominated by mental-state inference
rather than passive scene description. (ii) Question
lengths (mean 19.95 words) are roughly 1.5 % those
of standard VideoQA datasets, consistent with the
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Audit dimension Agreement Valid / Score

Answer key uniquely correct AC1 =091 98.6% [97.7,99.2]
Source chain sufficient AC1 =0.84 96.8% [95.5,97.7]
Mental-state inference justified AC1 =0.82 96.2% [94.8,97.2]

Visual timestamp correctness a=0.81 MedAE =0.8s; Time@3s =94.7%
Box correctness a=0.79 IoU =0.81; Box@0.5 =93.8%
Source-chain agreement - F1=0091
Question-only answerable AC1 =0.86 2.4% [1.6,3.5]
ASR-only answerable AC1=0.82 5.8% [4.5,7.4]

External plot knowledge required AC1 =0.88 1.2% 1[0.7,2.1]

Table 7: Independent validity audit on a stratified sample of final ToM-Video items. Numbers are reported as
percentages unless otherwise noted. CI denotes a 95% confidence interval.

Property Value
Source videos 1,487
Video duration, avg./median 122.6s/128.0 s
Psychologically interactive clips 4,666
Clips per video, avg. 3.14
Annotated mental-state nodes 57,707
Nodes by layer, L1/L.2/L3 25,998/29,375/2,334
Multiple-choice QA pairs 41,206
QAs per video, avg. 27.7
Question length, avg. 19.95 words

Answer length, corr./dist. 8.46 /7.80 words

Table 8: Top-level corpus statistics of ToM-Video.
Note. L1 = Observable, L2 = Mental, and L3 = Social.

(b) Clips per Video

(a) Video Duration
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Figure 8: Surface statistics of ToM-Video.

deictic anchoring required by the cardinal video-
dependency rule.

Category Total
F1 — Action prediction 4,663
F2 — Emotion prediction 4,657
F3 — Dialogue prediction 3,914
B1 — Causal explanation 4,688
B2 — Belief attribution 4,636
B3 — Emotion attribution 4,659
G1 — Visual evidence 4,673
G2 — Temporal localization 4,659
G3 — Perspective taking 4,657
Total 41,206

Table 9: Per-category QA counts.

G Training configuration

We adopt a three-phase curriculum: SFT — RL-
Grounding — RL-ToM, with each phase initialized
from the previous checkpoint. All phases share the
Qwen3-VL-8B backbone, AdamW optimizer with
cosine schedule, ZeRO-3 sharding without CPU
offload, FlashAttention-2, bf16 mixed precision,
and run on 4 x H800 (80 GB) GPUs.

GPU Hours. We report the computational budget
in H800 GPU-hours. All three stages are trained
on 4xH800 (80 GB) GPUs. The SFT stage takes
approximately 10 wall-clock hours, corresponding
to 40 H800 GPU-hours. RL-Grounding is trained
until the reward curve saturates, taking approxi-
mately 2 days (48 wall-clock hours), correspond-
ing to 192 H800 GPU-hours. RL-ToM takes ap-
proximately 1.5 days (36 wall-clock hours), corre-
sponding to 144 H800 GPU-hours. In total, the full
INSPIRE training pipeline requires approximately
376 H800 GPU-hours. These numbers include for-
ward/backward training and on-policy generation
during RL, but do not include data construction,
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annotation, or baseline evaluation.

Training data allocation. We allocate data ac-
cording to the objective of each training phase. To
estimate shortcut difficulty, we run a blind text-only
test with GPT-40 five times per training question,
using only the question and options. A sample is
labeled easy if GPT-40 answers it correctly at least
once, and hard otherwise. SFT uses all 36,893 train-
ing examples to learn the output schema and the
overall task distribution. RL-Grounding then uses
14,984 grounding-heavy hard examples with ex-
plicit timestamp and box supervision, focusing on
local evidence localization. RL-ToM uses 13,464
hard examples requiring source-chain-supported
mental-state inference, aligning grounded traces
with ToM-oriented answer selection. This staged
allocation separates format learning, evidence lo-
calization, and mental-state decision-making.

RL-Grounding. Starting from the SFT check-
point, we apply GRPO (Shao et al., 2024) with
the structure and grounding components of the
INSPIRE reward, using weights (fsir, flgrd) =
(1.0,1.5). The temporal matching window of
Rgyyq follows the curriculum schedule A(y) =
max (1.0, 4.0 (1 — 7)) s defined in Eq. (2), where
~ €0, 1] denotes normalized training progress: the
window starts at 4 s and gradually tightens to 1s by
the end of training, so that early approximate times-
tamps still receive partial credit while the policy
is progressively pushed toward precise temporal
grounding. We sample groups of G = 3 comple-
tions per prompt with 7'=1.0, top-p =0.95. The
KL coefficient is 3 =0.01 and asymmetric clipping
uses (Elow, 5high) = (0.20, 0.28).

RL-ToM. Initialized from the RL-Grounding
checkpoint, RL-ToM swaps the active reward mix-
ture to grounding, content, and consistency, with
weights (figrd, fents thens) = (0.3, 1.0, 1.0), so that
the model is rewarded for ToM-aware answer cor-
rectness and source-trace consistency while the
smaller grounding weight stabilises spatial faith-
fulness. The group size is enlarged to G =8 and
the KL coefficient to 5 =10.04 for richer advantage
estimates and stronger regularisation toward the
RL-Grounding policy. All other RL settings (LR
1x1075,0.05 warm-up, cosine, effective batch 8,
prompt 4,096 / completion 768 tokens, ~401K pix-
els/frame, two epochs, GSPO importance weight-
ing and asymmetric clipping (€ow, Enigh) as in RL-
Grounding) follow RL-Grounding. For R,s, we

Hyper-parameter SFT RL-Grd RL-ToM
Base ckpt. Qwen3-VL-8B SFT RL-Grd
Optimiser AdamW AdamW AdamW

LR le—5 le—6 le—6
Schedule cosine cosine cosine
‘Warm-up ratio 0.03 0.05 0.05
Weight decay 0.01 0.01 0.01
Grad-norm clip 5.0 5.0 5.0
Epochs 1 2 2

Eff. batch 1x16x4=64 1x2x4=8 1x2x4=8
Prompt tok. 8192 4096 (L-trunc.) 4096 (L-trunc.)
Completion tok. — 768 768
Pixels / frame ~ 200K ~401K ~401K
Sampling — T=1, p=0.95 T=1, p=0.95
Group size G — 3 8

KL 8 — 0.01 0.04

Clip (€10, €ni) — (0.20, 0.28) (0.20, 0.28)
Importance weight — GSPO (seq-mean) GSPO (seq-mean)
Active rewards CE Ry, R Rgrd, Rents Rens
Reward weights 1 — 1.0, 1.5 0.3, 1.0, 1.0
Hardware 4xH800 4xH800 4xH800
DeepSpeed ZeRO-3 ZeRO-3 ZeRO-3
Attention FlashAttention-2 ~ FlashAttention-2  FlashAttention-2
Precision bfl6 bfl6 bf16

Table 10: Training hyper-parameters per stage. “Eff.
batch” denotes per_device x grad_accum x 4 GPUs.
GSPO denotes sequence-level importance weighting;
clip is the asymmetric DAPO clip; KL uses the
Schulman k3 estimator with the log-ratio clamped to
[—10,10].

use the fixed temporal tolerance § = 4 s specified
in Eq. (5); Rgwq continues to follow the curriculum
schedule A(y) from RL-Grounding.

H Reward Implementation Details

Sampling and decoding. At every optimizer
step the policy generates G continuations per
prompt with 7' = 1.0, top-p = 0.95, and at most
max_completion_length new tokens. Generation
runs with gradient checkpointing temporarily dis-
abled to preserve the KV cache of Qwen3-VL dur-
ing multi-step decoding.

Group-relative advantage and reward weight-
ing. For each prompt we sample a group of G
completions and evaluate the active reward com-
ponents separately. Each component is multiplied
by its scalar weight ., inside the reward function,
and the trainer then sums the weighted components
into a scalar reward r; per completion. We follow
Dr. GRPO (Liu et al., 2025) and take the group-
mean—centered advantage

e
1
A =1 — er’
j=1

without dividing by the group standard deviation.
Pre-multiplying each reward by p. rather than
rescaling the sum after normalization lets the rela-

(10)

Ql
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tive magnitude of fast-saturating signals (e.g. for-
mat compliance) be controlled at the source while
still benefiting from the variance-reduction of the
group baseline.

GRPO loss. The vanilla group-relative policy op-
timization objective (Shao et al., 2024) is

jGRPO(H) - E(qﬂ)ND’ {Oi}icleﬂeold(-\Q)
G o]
1 1 . A
G;Ifnltzl (min(rie(6) A

clip(r; +(0),1—e, 1+¢) /Lt)

- BDKL[memf])], (11)

with token-level importance ratio and group-
normalised advantage

79 (0it | g, 0i,<t)

7T'9old(0i7t ’ q, 0i,<t)7

R; — mean({R;}5.,)
Std({Rj}ngl)

Our implementation differs from Eq. (11) in four
respects.

(i) Sequence-level importance ratio
(GSPO (Zheng et al., 2025)). With com-
pletion mask m; € {0, 1} and per-token log-ratio
0t = log my(0r) —log my,,, (0r), the token-level ratio
ri+(0) in Eq. (11) is replaced by the per-response
ratio

rit(0) = 12)

Ay = (13)

e ot ) (14)

5i(0) = exp <7max(1’ )

broadcast to every token of completion %.

(ii) Asymmetric DAPO clip (Yu et al., 2025).

The symmetric threshold ¢ is replaced by the
pair (Elow, €nigh) = (0.20,0.28), giving the clip
clip (si, 1—clow, 1 —i—ahigh). The wider upper
bound favours upward exploration while the tighter
lower bound contains destructive negative updates.

(iii) Dr. GRPO advantage (Liu et al., 2025). As
detailed in the previous paragraph, flm is replaced
by the mean-centred group advantage

G
Ai = Ri - ¢) R, (15)
j=1

without variance normalisation, and broadcast to
every token of completion .

(iv) KL via Schulman k3 with clamping. The
KL penalty is estimated on-policy by the unbiased
ks estimator

I/{itze‘rt—xt—L

xy = clamp(log mer — log mp, —10, 10). (16)

The reference model m.¢ is frozen at the SFT
(Phase 2) or RL-Grounding (Phase 3) checkpoint
and prepared under DeepSpeed ZeRO-3.
Combining (i)—(iv), and noting that s; and A;
are constant across the tokens of completion ¢, the
implemented loss takes the per-response form

B
L(6) = éZ{—min(si Aj;, clip(si,

i=1

— (i)
1=ciow, Ienign) 4i) + BRL }, (17)

where the per-response KL average is
4 ) 17 ()
g - e KL
max(1, Y, mgl))

The outer batch mean together with the per-
response length normalisation of the KL term re-
covers GRPO-style aggregation; we do not adopt
the full DAPO global-token-mean loss, since it
under-weights short completions, which dominate
the INSPIRE F/B categories.

(18)

Source-node fidelity. Let S; be the gold source-

node set for question g, and let S (7) be the set of
node identifiers extracted from the reasoning trace
7. We define

Fi(S(),8), S;+#0,
psrC(TaQ): ( q) !
N/A, S*=10

(19)

q

The predicted set S(7) is extracted with
a deterministic regular-expression matcher
(\b([A-Z]\d+)\b) over explicit node identifiers
such as B1, 12, and L1. Duplicate references are
collapsed before computing F;, and unmatched
predicted nodes are counted as false positives.

Perspective detection. The per-
spective score is Ppersp(T) =
J¥ [T matches a fixed perspective pattern]. The

pattern set covers expressions of belief, knowledge,
awareness, perception, and asymmetric informa-
tion access, including believes, thinks, knows, sees,
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notices, is aware/unaware, from X’s perspective,
and without X knowing/realizing.

Ppersp 18 intentionally a deterministic surface-
form proxy rather than a learned classifier, to keep
the reward non-adversarial and the optimisation sig-
nal interpretable. Two design choices prevent the
policy from gaming this proxy via keyword spam-
ming. First, ppersp enters the reward only through
Rene (Eq. (4)), which is gated by final-answer cor-
rectness (W[o=0"]) and weighted at \,=0.2: a
trace that emits perspective keywords without se-
lecting the correct option receives zero reward,
and even with the correct answer the perspective
term contributes at most 0.2 / 1.0 of Rcpe. Second,
we cross-validate the surface proxy against human
chain validity ¥ (Table 3, Appendix K.4), which
explicitly rejects traces that cite no grounded evi-
dence or attribute mental states without verifiable
cues. After RL-ToM, Y rises from 60.3 to 73.6 on
Social-IQ and from 59.4 to 81.2 on ToM-Video-val.
Because Y is annotated under double-blind proto-
col on randomly ordered traces with formatting
stripped, it cannot be inflated by keyword surface
form alone; the joint improvement of ppersp and x
therefore indicates that the policy learns substan-
tive perspective evidence rather than the surface
pattern itself.

I Data leakage check

(1) We adopt a strict movie-level train/val split:
the 1,339 source videos used for SFT and the 148
source videos used for evaluation are disjoint, with
0% overlap in (i) source video ID, (ii) extracted
clip files, (iii) question text, and (iv) (clip, question)
pairs.

(2) The required output cannot be recalled from
pretraining. Questions enforce video dependency
through deictic anchoring to specific moments, ac-
tions, and expressions rather than plot-summary-
style descriptions; questions answerable from text
alone are filtered during construction (2.4% resid-
ual on audit). Grounded temporal questions (G2)
are anchored to our own clip segmentation, whose
clip-relative time windows exist in no pretraining
corpus.

(3) We audited exact source-video IDs between
our 1,487 source videos and external benchmarks,
complemented by movie-title matching to catch
re-uploads: Video-MME: 0; Social-1Q 2.0: 5 — all
associated questions were already excluded when
the accessible subset was defined (Appendix K.3),

Model Trace Time@3s Box@0.5 Src-F1 GAcc.
Base 4.67 2.31 0.00 0.00  0.00
+SFT 57.96 55.12 42.48 2433 7.86
+RL-Grd 86.22 58.99 50.68 34.15 11.75
+RL-ToM 87.65 63.52 52.75 35.41 12.53

Table 11: Process-level evaluation on ToM-Video-val.
Source-node credit and GAcc. are counted only on re-
sponses with a valid structured trace.

prior to any evaluation; MoMentS: 23, and we
therefore excluded it from external evaluation en-
tirely. Our own train/val split is movie-disjoint,
with 0% overlap in video IDs, clips, and question
text.

J Grounded Process Evaluation

J.1 Process Studies

To complement answer accuracy with an evidence-
faithfulness view, we evaluate the intermediate
grounding process on ToM-Video-val (N=2,162).
Each response is parsed into a predlcted timestamp
t;, box bl, and source-node set Sl, no gold ratio-
nales are given at test time. Let t;, bj*-, S} denote
their gold counterparts and o;, o} the predicted/gold
answer letters. We report five metrics, all averaged
over N (invalid responses contribute 0):

Trace = %ZZH‘ Z/Alz Valid} ,

Time@3s = 4>, ¥ mjnyii—t;\ < 35] :
J

Box@0.5 = =37, I IoU(b bh) > 0.5} :

ir Oj>
Src-F1 = +3°, Fy <Si782‘*) )

GAcc = L3, ¥ [u valid A 0;=0" A Matchz}

A groundmg unit Z/{Z is valid iff it contains a
parseable #; (plus ObJZ, b; when visual evidence
is required); Match; holds when the cited source
chain matches S}

Table 11 was included precisely to disentan-
gle answer correctness from evidence faithful-
nessAnswer accuracy (76.2%) follows the standard
benchmark protocol and enables comparison across
models, whereas GAcc (12.53%), a metric we pro-
pose ourselves, is deliberately stringent and con-
junctive: an item is counted as correct only when
the predicted trace is structurally valid, the final an-
swer is correct, and the cited source chain matches
the gold chain. Similarly, the other metrics we
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proposed are also pretty strict so that the metrics
expose the true upper bound of grounded reason-
ing.

We find that the absolute values make clear that
faithful grounding remains an open problem.

J.2 Ablation Studies

Table 12 ablates the visual input at inference
time on RL-ToM. Permuting frame order (‘“Shuf-
fled”) causes the largest drop on G2, confirm-
ing that INSPIRE relies on the temporal order-
ing of frames rather than per-frame statistics, with
forward-inference categories (F1-F3) also drop-
ping sharply. Removing the visual stream entirely
(“ASR only”) cuts overall accuracy by 18.5 points
and is steepest on G1-G3, showing that the model’s
gains cannot be explained by language-only short-
cuts.

K Additional External Generalization
Results

We provide supplementary external evaluation re-
sults to examine whether the reasoning behavior
learned from ToM-Video transfers beyond the in-
domain benchmark. We evaluate Qwen3-VL-8B
and Qwen3-RL-ToM on two external settings: the
short-video subset of Video-MME (Fu et al., 2025)
and the accessible subset of Social-1Q 2.0 (Wilf
et al., 2023). These evaluations are not used for
training or model selection.

K.1 Evaluation Setting

For both external benchmarks, we evaluate
the models as multiple-choice video question-
answering systems. Each input consists of the
video, the question, and the corresponding answer
options. The final score is computed only from
the predicted multiple-choice answer. No anno-
tated keyframes, bounding boxes, source nodes,
or reasoning traces are provided at test time, and
intermediate reasoning text is not used for scoring.

Generation is performed with deterministic
greedy decoding:

max_new_tokens = 1024
do_sample = False
use_cache = True

The model is loaded with the following inference
configuration:

torch_dtype = torch.bfloatl16
device_map = "auto”
attn_implementation = "flash_attention_2"

For scoring, the generated output is post-
processed, which extracts the predicted option
letter from the model response. A prediction is
counted as correct only when the extracted option
letter exactly matches the ground-truth option label.
The reported metric is accuracy:

N
1 — .
Acc = N Zz; I [yz = yl] , (20)

where ¢; denotes the extracted predicted option
letter for example ¢, y; denotes the corresponding
ground-truth option label, and N is the number of
evaluated examples. No partial credit is assigned.

K.2 Video-MME

We first evaluate on the short-video subset of Video-
MME (Fu et al., 2025), defined as videos with du-
ration no longer than 60 seconds. Since the current
evaluation batch mainly contains short clips, the
reported results should be interpreted as accuracy
on the Video-MME short-video subset.

As shown in Table 13, Qwen3-RL-ToM im-
proves over the Qwen3-VL-8B backbone, increas-
ing overall accuracy from 73.16% to 75.76%. The
gain is especially large on Action Reasoning, where
accuracy increases from 54.55% to 72.73%. This
suggests that the grounding-aware ToM training
transfers most clearly to questions requiring event
tracking and temporal evidence integration.

K.3 Social-IQ 2.0

We additionally evaluate on the accessible subset of
Social-1Q 2.0 (Wilf et al., 2023). Social-1Q 2.0 fo-
cuses on multimodal social interaction understand-
ing.

Table 14 shows that Qwen3-RL-ToM also im-
proves on Social-IQ 2.0, increasing overall accu-
racy from 63.41% to 65.12% and Why-Does accu-
racy from 61.31% to 64.96%. These results pro-
vide additional evidence that ToM-Video training
improves social reasoning beyond the in-domain
benchmark, especially for questions that require
explaining why a person behaves in a certain way.

K.4 Human Verification Protocol for Chain
Validity

We draw n=200 instances from the shared-correct
pool by stratified random sampling over ToM sub-
skills (belief, desire, intention, emotion, temporal /
evidence localization), giving a margin of error of
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Setting Bl B2 B3

F1

F2 F3 Gl G2 G3 Acec A

Full (32 frames, default) 86.0 82.6 83.0 77.3 84.2 80.1 87.4 50.3 88.1 76.2
80.7 76.6 78.6 70.2 747 68.4 82.0 28.6 81.7 66.0 —10.2
749 71.1 699 599 62.1 539 72.1 25.1 729 577 —18.5

Shuffled frames (32)
ASR only

Table 12: Video-input ablation on ToM-Video-val. Backbone: Qwen3-VL-8B + INSPIRE (RL-ToM). “Shuffled”
randomly permutes the order of the 32 sampled frames at inference; “ASR only” removes the visual stream and

keeps the ASR transcript.

Video-MME Short

Model

Overall Act. Reason.
Qwen3-VL-8B (Base) 73.16 54.55
Qwen3-RL-ToM (Ours)  75.76 72.73
A +2.60 +18.18

Table 13: Supplementary external results on the short-
video subset of Video-MME. We report multiple-choice
accuracy (%).

Social-IQ 2.0

Model

Overall Why-Does
Qwen3-VL-8B (Base) 63.41 61.31
Qwen3-RL-ToM (Ours)  65.12 64.96
A +1.71 +3.65

Table 14: Supplementary external results on the accessi-
ble subset of Social-IQ 2.0. We report multiple-choice
accuracy (%).

about +7% at 95% confidence on a binary propor-
tion in the observed range.

Two annotators (graduate students with prior ex-
perience on multimodal video QA) labeled each
instance independently after a 30-item pilot calibra-
tion: they see the clip, the question with the gold
option, and the two reasoning traces with model
identity and trace order randomized and surface for-
matting stripped, so the source is not recoverable
from text style. Each trace receives three binary
labels: evidence validity (every concrete claim—
timestamp, box, action, gaze, quoted speech—is
verifiable in the clip), chain validity (it cites at least
one grounded evidence item, attributes a mental
state to a specific agent, links that mental state to
the cited evidence, and reaches the answer through
this inference rather than from option text alone;
length carries no positive weight), and hallucinated
evidence (the trace contains at least one fabricated,
video-checkable claim). Inter-annotator agreement
is Cohen’s k=0.71 for chain validity (0.74 for evi-
dence validity, and 0.79 for hallucinated evidence.);

the 31% of items with any disagreement were adju-
dicated by a third annotator under the same blinded
protocol, and Y in Table 3 is computed from these
adjudicated labels.

L. INSPIRE Result Case Study
L.1 Baseline VS SFT VS RL-ToM

Figure 9 traces the three-stage curriculum on a sin-
gle hard G2 example. SFT emits a syntactically
valid trace, but its predicted box [0,134,560,211]
is a thin strip above Roy’s head—the model
has learned the trace schema but not its visual
semantics—and it anchors the transition on the
first downward glance at 10.5 s, leading to (D) 10—
13s. RL-Grounding moves the box onto Roy’s
face and cites a later cue at 16.5 s, but still equates
“Roy looking down” with “transition complete”,
stopping one beat short of the silent phase and se-
lecting (A) 14-16s. RL-ToM keeps a tight face
box and extends the chain to E2: at 18.5-20.0s
Roy is somber and no longer speaking, which is
the actual end of verbal deflection; the predicted
window 18-22 s matches gold (C).

L.2 Social-IQ performance of our trained
model (Detailed)

Analysis. Both models arrive at the correct an-
swer (A), but through fundamentally different
reasoning strategies. Qwen3-Base adopts an
elimination-by-exclusion approach(Fig. 10): it cata-
logues the guest’s visible laughter across the video,
concludes that no option perfectly captures “amuse-
ment,” and selects (A) as the least-wrong choice
with an explicit caveat ( “despite its imperfect fit”).
The reasoning is logically sound but remains at the
surface level of observable affect, without connect-
ing the host’s specific utterance to an internal men-
tal state. Qwen3-RL-ToM instead reasons causally
via grounded evidence(Fig.11): it identifies the mo-
ment the guest’s expression shifts (E1—E2) in re-
sponse to the host’s utterance (L2), and infers the
underlying belief state (B2: “he might be the tar-
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At approximately what point in the clip does Roy's demeanor
shift from verbal deflection to silent, internal struggle?

(C) Around 18-22 s
(D) Around 10-13 s
(E) Around 0-3 s

(A) Around 14-16 s
(B) Around 5-8 s

Type:Locate the time span of a behavioral or mental-state shift

Ground Truth Answer: C.

C )

The shift to internal struggle is marked by
his physical action (A1) of <obj>looking
down</obj><box>[0,134,560,211}</box>,
which begins around <t>10.5¢</t> s and
continues through the rest of the clip.
Therefore, the transition happens in
the 10-13 s window.

Our Qwen-3-VL-RL-ToM

Qwen-3-VL-8B-rl-grounding

The shift to internal struggle is marked
by his physical action (A1). At <t>16.5</t>
s, he is seen <obj>looking down and
away</obj>box>[190,45,638,315]</box>,
a clear visual sign of his internal conflict
(E1) before he speaks again.

This 14-16 s range captures this

og o /'
transition. ) ‘,\1 \“\N

)

the 18-22 s window.

The viewer can observe the change in Roy's expression (E1) and his
subsequent action (A1) of looking down and away. This transition from
verbal to non-verbal struggle is most evident between <t>18.5</+> and
<1>20.0</t> s, where his <obj>face becomes somber and he looks
down</obj><box>[190,45,500,315]</box> (E2), placing the shift in

-

"

Figure 9: A hard G2 case from ToM-Video-val. SFT, RL-Grounding, and RL-ToM are asked to localize when
Roy’s demeanor shifts from verbal deflection to silent, internal struggle (gold answer C, 18-22 s clip-relative). Each
panel shows the predicted frame, bounding box, and reasoning trace.

get of a prank™) that gives rise to the emotion of
caution. This mirrors the theory-of-mind inference
required by the question and produces a concise,
evidence-anchored chain.

M Use of Large Language Models

We disclose the use of large language models
(LLMs) in the four following aspects of this work.

(1) LLMs are integral to the automated anno-
tation pipeline (§3): GPT-120b-OSS is used as the
Film Selector. Gemini 2.5 Pro is used as the node-
extractor and QA-generator, a local Qwen3-VL-8B
is used for bounding-box annotation, and Qwen?2.5-
VL-72B is used for bbox quality inspection. The
exact prompts of these stages are provided in Ap-

pendix C.

(2) Model training. The 8B vision—language
model that we train (a Qwen3-VL backbone, de-
pending on the experiment) is itself an LLM-based
VLM.

(3) Baseline evaluation. We evaluate propri-
etary MLLMs through public APIs and open-
source MLLMs locally, as listed in Section 5.

(4) Writing assistance. An LLM was used to
polish English wording in selected paragraphs of
this paper; all technical claims, equations, and ex-
perimental numbers are produced and verified by
the authors.
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Question

How does the person on the couch feel when the person with glasses says "you
wouldn't know whether I was doing that to you"?

Type:Emotional Consequence

(A) He feels cautious since it's possible he's being fooled. :
(B) The man feels proud of his collection of antique spoons. Ground Truth Answer: A.

...... Q@ Social-lQ 2.0

D)

Y

Vs

Based on the visual sequence provided, the person on the couch (Eddie Redmayne) reacts with increasing amusement and
laughter to the host's (Stephen Colbert) comments.

In Frame 1, he is smiling.

In Frame 2, he is laughing while adjusting his tie.

In Frame 7, he is covering his mouth, likely laughing.

In Frame 8, he is laughing with his hand to his mouth.

In Frame 14, he is laughing and leaning forward.

In Frame 15, he is laughing while the host leans over his desk.

In Frame 16, he is still laughing.

The question asks how he feels when the host says, "you wouldn't know whether | was doing that to you?" This line is a
classic comedic setup, implying the host is playing a trick or making a joke that the guest might not be able to discern. The
guest's reaction is clearly one of amusement and laughter, indicating he finds the joke funny and is enjoying the interaction.
None of the options (A, B, C, D) directly describe the feeling of amusement or laughter. However, option (A) "He feels
cautious since it's possible he's being fooled" is the closest to a plausible interpretation. The phrase "you wouldn't know
whether | was doing that to you" implies a potential trick or deception. The guest's laughter suggests he is not actually being
fooled or scared, but rather is enjoying the joke. However, the setup of the joke might make him momentarily consider the
possibility of being tricked, which is a common reaction to such a line.

The other options (B, C, D) are completely unrelated to the context of the conversation and the guest's visible reactions.
Therefore, the best answer, despite its imperfect fit, is:

(A) He feels cautious since it's possible he's being fooled.

This is because the line "you wouldn't know whether | was doing that to you" inherently implies a potential trick or
deception, and the guest's initial reaction might involve a moment of consideration or caution before he fully embraces the
humor. His subsequent laughter indicates he finds the situation amusing, not frightening or confused.
<answer>A</answer >

Figure 10: Emotional Consequence On Social-1Q 2.0 (Base)
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Question

How does the person on the couch feel when the person with glasses says "you | |
wouldn't know whether I was doing that to you"?

Type:Emotional Consequence

(A) He feels cautious since it's possible he's being fooled. . ;
(B) The man feels proud of his collection of antique spoons. Ground Truth Answer: A.

Our Qwen-VL-RL-ToM

Q@ Social-Q 2.0

r

<think>The viewer sees the man on the couch (Eddie) at <t>5.5</t>s <obj>smiling and
looking down</obj><box>[0,22,208,358]</box> (E1). When the host (Stephen) says at
<+>22.0</1>s, "you wouldn't know whether I was doing that to you" (L2), the man's
expression shifts. He looks up with a <obj>slightly wary and thoughtful
expression</obj><box>[131,20,464,358]</box> at <t>23.0</t>s (E2). This indicates
he believes he might be the target of a prank (B2), causing a feeling of
caution. </think>

<answer>A</answer>

icnY!

Figure 11: Emotional Consequence On Social-1Q 2.0 (rl-tom)
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