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Supplementary Material

Considering the space limitations of the main paper, we
provide additional results and discussions in this appendix.
The appendix is organized to first clarify the key concepts
used throughout the paper, followed by detailed descrip-
tions of our dataset collection and annotation process,
comparisons with other benchmarks, and the prompts used
in Sec. 3.4. We then describe how textual instructions
are converted into atomic action sequences in the Mind-
Reward framework. Next, we present additional exper-
imental results, including evaluation metrics and task-
specific experiments. We further discuss potential exten-
sions of our dataset, such as multi-view extension and its
connection to low-level execution models. Finally, we sum-
marize the limitations of the current benchmark and fu-
ture directions for improvement. The full benchmark
will be publicly released to encourage future research.
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A. Definition of Terms
Theory of Mind (ToM). Theory of Mind (ToM) [9, 11] is
the cognitive ability to infer others’ mental states such as
beliefs, desires, and intentions, and to use these inferences
to predict and guide actions. ToM goes beyond perceiving
observable behaviors and instead requires reasoning about
what different agents know, think, and want. Higher-order
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Figure 1. Story Construction for False-Belief Correction Task.

ToM, including reasoning about others’ beliefs about oth-
ers, is essential for coherent decision-making in multi-agent
interactions involving cooperation, conflict, or deception.
ToM Reasoning. In our work, “ToM Reasoning” refers to
an agent’s ability to infer others’ mental states and make
decisions based on them rather than solely on observable
states.
Robot-Centric. In our work, by “Robot-Centric” we mean
that the embodied agent should reason from its own per-
spective. It not only needs to infer its own mental states
but also reason about how it perceives the mental states of
human.
Role-Centric. “Role-Centric” refers to the model reason-
ing about mental states from the perspective of a character
within the current story or multimodal input.
MindPower Reasoning Hierarchy. In this work, we
propose that the model follows the reasoning path
<Perception> → <Belief> → <Desire> →
<Intention> → <Decision> → <Action>, which
constitutes the MindPower Reasoning Hierarchy.

B. More Details of MindPower Benchmark
B.1. Details of Story Construction and Data Anno-

tation
For the False-Belief Correction task, as illustrated in
Fig. 1, we follow a taxonomy-driven approach. We first
categorize scenarios based on the mapping between Virtu-
alHome [10] and ThreeDWorld [5] environments and the
typical object distributions in each room (e.g., kitchen, liv-
ing room). We then determine the number of humans in-
volved in each scene. To cover different numbers of hu-
manoid agents and different target (final) humanoid agents,
we design three distinct prompt templates for GPT-4o to
generate story scripts. When issuing each request, we iter-
ate over a predefined list of objects along with their corre-
sponding start and end locations. The prompts are shown in



Fig. 10.
For the Implicit Goal Inference & Completion task,

we design four types of scenarios to comprehensively eval-
uate agents’ goal-inference abilities:

(1) Special populations. We include scenarios featuring
individuals with unique physical conditions: a wheelchair
user and a 1.2-meter-tall child. A wheelchair user faces mo-
bility and height limitations, while the child cannot reach
high places. We design stories that incorporate these con-
straints so that the hidden goal must be inferred through
contextual cues rather than physical actions.

(2) Object-centric property reasoning. We exploit spe-
cial physical properties of household objects to construct
implicit goals. For instance, since faucets can leak water,
we create situations where a person leaves without turning
off the faucet. Similarly, because candles provide light, we
design scenes where a person reading a book suddenly ex-
periences a power outage and begins walking around; the
agent can infer that they are searching for candles (no flash-
light is available in the environment).

(3) Functional object combinations. Based on the ob-
jects present in VirtualHome and ThreeDWorld, we identify
typical usage pairs or triplets. For example, a knife, cutting
board, and carrot together imply the goal of cutting carrots.
If a person places a cutting board on the table and puts a
carrot on it before searching for another object, the hidden
goal is most likely to find a knife to complete the task.

(4) Dialogue-driven inference. We additionally design
conversational scenarios like MuMA-ToM [12] and Fan-
ToM [7] in which implicit goals must be inferred from in-
complete verbal exchanges rather than direct physical inter-
actions.

Finally, we collect 200 examples for Implicit Goal In-
ference & Completion and 390 examples for False-Belief
Correction. Among them, 37 examples are adapted from
MuMA-ToM [12], where we further augment each story
by incorporating a stage-3 “character search” segment, as
illustrated in Fig. 2, and 2 examples are sourced from
CHAIC [3]. Overall, 113 examples contain a single hu-
manoid agent, 373 contain two agents, and 104 contain
three agents. In addition, 17 examples involve agents with
special needs, 96 focus on object-centric property reason-
ing and functional object combinations, and 87 correspond
to dialogue-driven inference.

Data Annotation. For each example in the MindPower
Reasoning Hierarchy, the annotations are manually created
and subsequently verified using GPT-4o [1]. During the an-
notation process, particularly for the <Action> layer, we
adopt a unified action space that integrates action definitions
from both VirtualHome and ThreeDWorld. This approach
enables us to standardize heterogeneous simulators under a
single executable schema. The complete list of supported
high-level actions is as follows:

High-Level Action Set

Walk, Run, WalkTowards,
WalkForward, TurnLeft, Sit,
StandUp, TurnRight, Sit, StandUp,
Grab, Open, Close, Put, PutIn,
SwitchOn, SwitchOff, Drink,
Touch, LookAt, TurnBy, TurnTo,
MoveBy, MoveTo, ReachFor,
ResetArm, Drop, Animate,
RotateHead, ResetHead

For some examples in the False-Belief Correction task,
the camera viewpoint prevents certain objects from being
visible after they are moved. For instance, we design sce-
narios where a humanoid agent moves an object from the
fridge in the kitchen to the bedroom, but the camera is fixed
in the kitchen and cannot capture the final location. As a
result, the embodied agent can only infer that the object has
been moved, without knowing where it ends up. In such
cases, the annotated <Action> does not require the agent
to find the object. Instead, the action is defined as remind-
ing the returning character that the object has already been
moved, thereby correcting their false belief even though the
agent cannot locate the object.

B.2. Comparison with Other Benchmarks
We compare our dataset with existing multimodal ToM
benchmarks from three perspectives:

• Data source and diversity. To the best of our knowledge,
our benchmark is the first to be constructed using two dif-
ferent simulators, which substantially increases the di-
versity of environments, interaction patterns, and embod-
ied tasks. In contrast, prior multimodal ToM datasets are
typically collected from a single simulator — for exam-
ple, MuMA-ToM [12], MMToM-QA [6], and BDIQA [8]
are limited to VirtualHome, while SoMi-ToM [4] is re-
stricted to Minecraft.

• Reasoning paradigm. As shown in Fig. 2, our dataset
adopts a Robot-Centric ToM reasoning paradigm, where
the agent must infer both the mental states of humans and
its own belief state, and then produce decisions and ac-
tion sequences. Existing multimodal ToM benchmarks
primarily focus on inferring human mental states without
requiring downstream decision making or action genera-
tion.

• Evaluation format. Our benchmark supports open-
ended evaluation, allowing agents to autonomously rea-
son and respond in natural language. This differs from
prior datasets, which mainly rely on multiple-choice ques-
tion formats and therefore cannot reflect real-world em-
bodied decision-making where agents act independently.



Figure 2. Full Version of Fig. 3 in Manuscript.

B.3. Simulators
We employ two simulators in total, VirtualHome and Three-
DWorld, covering 8 different apartment layouts that in-
clude dining rooms, bedrooms, kitchens, and bathrooms,
as well as 16 humanoid agents consisting of 2 children,
1 wheelchair user, and 13 adults of diverse ages and skin
tones. The set of humanoid agents is illustrated in Fig. 6,
while the distribution of apartment layouts is shown in
Fig. 7.

B.4. Detailed Examples of Fig. 1 and 3 in the
Manuscript

Detailed Examples of Example 1 in Fig. 1. The Mind-
Power Reasoning Hierarchy output of Example 1 in Fig. 1
is:
• <Perception> Alice walks into the kitchen, puts the

apple on the table, and then leaves the kitchen. Then
David walks into the kitchen, picks up the apple, and puts
it in the refrigerator. Alice comes back and walks around.

• <Belief> I think Alice is looking for the apple. I be-
lieve she thinks the apple is on the table, but I also believe
the apple is actually in the refrigerator.

• <Desire> I want to assist Alice in achieving his goal of
retrieving the apple. and I want to resolve the mismatch
between Alice’s belief and the real world state.

• <Intention> I want to take out the apple from fridge,
and hand it to Alice.

• <Decision> I need to correct her false belief by open-
ing the refrigerator and giving the apple to Alice.

• <Action> walk(fridge), open(fridge), pick(apple),
walk(Alice)
The MindPower Reasoning Hierarchy output of Exam-

ple 2 in Fig. 1 is:
• <Perception> The man in the wheelchair moves for-

ward, then forward-left, backward, and forward-right.

There is a fire hydrant in front of him.
• <Belief> I think the man wants to move forward, but I

believe the fire hydrant blocks his path.
• <Desire> I should help him achieve his goal of moving

forward.
• <Intention> Move the fire hydrant to the corner.
• <Decision> I need to achieve his hidden goal by mov-

ing the fire hydrant out of the way.
• <Action> walk (fire hydrant), move (fire hydrant, cor-

ner)
We also provide the MindPower Reasoning Hierarchy

output of Fig. 3 in the Manuscript in Fig 2.

B.5. Details of Experiment on Different Reasoning
Methods

In Sec. 3.4 of Manuscript, we conduct some experiments on
MindPower Benchmark.

Prompt used for VLMs to produce outputs in Mind-
Power Reasoning Hierarchy format. For the experiments
in Sec. 3.4 and Tab. 2 of the manuscript, we employed the
prompt shown in Fig. 9 to guide the vision-language models
(VLMs) to generate outputs in the MindPower Reasoning
Hierarchy format.

Prompt used for GPT-4o. In Sec. 3.4 of the manuscript,
we use the prompt shown in Fig. 11 to instruct GPT-
4o to generate the <Decision> and <Action> di-
rectly, without performing step-by-step reasoning, while the
prompt shown in Fig. 12 guides the model to produce the
<Decision> and <Action> with standard reasoning.

B.6. Robot-Centric Scoring
In Fig. 4 of the manuscript, we evaluate the Robot-centric
score across all VLMs using GPT-4o, with the prompt
shown in Fig. 13 to assess whether the model performs rea-
soning from the robot’s own perspective rather than infer-
ring solely from the surrounding environment.



Table 1. Atomic Action Table. The first column lists different reasoning layers, the second column enumerates atomic actions associated
with each layer, and the third column specifies the standard content format for each action.

Layer Atomic Actions Content

<Belief>

attribute belief(agent, content) searching(object);
human believes(object on(location));
object on(location)

hold true belief(agent, content) object on(location)

lack belief(agent, content) object on(location)

know(agent, content) object on(location)

unknow(agent, content) object on(location)

<Desire> attribute desire(agent, content) assist(human, find(object));
assist(human, move(object))

<Intention> form intention(agent, content) fetch(object, from=location1,
to=location2)

<Decision>
resolve misbelief(agent, content) belief conflict(human,

object location)

make decision(agent, content) fetch(object, from=location1,
to=location2)

C. More Details of Mind-Reward

C.1. Atomic Action Table

In Sec. 4 of the manuscript, we employ Qwen3-Max [13]
to extract atomic actions from the generated trajectories. To
facilitate consistent parsing, we design a reference table that
is provided as an in-context prompt. This table enumerates
the canonical atomic actions associated with each reasoning
layer, covering the full hierarchy from <Perception> to
<Action>.

For the <Perception> and <Action> layers, the ex-
tracted phrases are categorized into four structural types:

Action Templates

• action(character, object)
• action(character, object, from
= location1, to = location2)

• action(character, location)
• action(character)

We use the high-level action set listed in Sec. B.1 to im-
plement the following actions that can be performed by the
humanoid agents:

Verb Set

walk, turn, sit, standup, open,
close, pick, place, putin,
putback, hold, puton, switchon,
switchoff, lookat, grab, stand,
move, sleep, read, write, watch,
listen, cut, cook

The token character refers to any human identifier
in the scene (e.g., char0, char1). However, for the
<Action> layer, we omit the character argument be-
cause actions in this layer exclusively represent the behav-
iors of the embodied agent itself and therefore do not re-
quire explicit character attribution.

For the <Belief>, <Desire>, <Intention>, and
<Decision> layers, the defined atomic action table is
presented in Tab. 1.

The prompt used for Qwen3-Max is in Fig. 14.

C.2. Discussion
Can the model still make correct decisions or carry out
assisting actions even if the reasoning in the previous
layer is incorrect? Even if the model makes errors in ob-
ject recognition or misinterprets the initial scene, it can still
produce correct outputs as long as it correctly identifies the
final location of the object. This is because our decision-
making process is designed to correct for human false be-



What can you do for him?

GPT-4o

Ours

<Perception> A man in a wheelchair is seated in a kitchen. He appears to be reaching 
towards the refrigerator. The man pauses for a moment, then continues moving his hand 
towards the refrigerator.
<Robot Belief> I believe the man is attempting to access the refrigerator, possibly to 
retrieve or store an item. I believe he may need assistance due to his seated position and 
proximity to the refrigerator.  
<Robot Desire> I want to help the man achieve his goal of accessing the refrigerator to 
retrieve or store an item.  
<Robot Intention> Approach the refrigerator, open it, and assist the man by retrieving or 
storing the item he indicates.  
<Decision> Approach the refrigerator, open it, and assist the man with his desired action.  
<Action> next_to (refrigerator), open (refrigerator), assist (man). 

<Perception> The owner, sitting in a wheelchair, moved to the kitchen counter and tried to reach the wine glass on it, but could not reach it.
<Robot Belief> I believe the owner, who is sitting in a wheelchair, wants to take the glass from the kitchen counter I believe he cannot reach it due to limited mobility and height constraints. Since I can 
reach higher and move freely, I can assist by retrieving the glass.
<Robot Desire> I want to help the owner get the glass they cannot reach because of their limited reach from the wheelchair. 
<Robot Intention> Retrieve the glass from the kitchen counter and hand it to the owner.
<Decision> Walk to the kitchen counter, pick up the wineglass, and hand it to the owner.
<Action> walk (kitchen_counter), reach (glass), pick (glass), walk (owner), give (glass, owner)

Qwen2.5-VL

The man in the wheelchair is sitting at the kitchen counter, looking around the 
room.
<Robot Belief>: The man might be feeling hungry or thirsty and is looking for 
something to eat or drink.
<Robot Desire>: To help the man by offering him a snack or a drink.
<Robot Intention>: To approach the kitchen counter and check if there's anything 
he needs.
<Decision>: The robot will go to the kitchen counter to see if the man needs 
anything.
<Action>: walk (kitchen_counter)

<Perception> The owner moved to the kitchen counter and tried to reach the cup on it, but could not 
reach it.
<Robot Belief> I believe the owner wants to take the cup from the kitchen counter. I believe the
owner cannot reach it because it is placed too far or too far.
<Robot Desire> I want to help the owner get the cup they cannot reach.
<Robot Intention> Retrieve the cup from the kitchen counter and hand it to the owner.
<Decision> Move to the kitchen counter, take the cup and give t to the owner.
<Action> walk (kitchen_counter), pick (cup), walk (owner), give (cup, owner) Ground-Truth

Figure 3. Full Version of Fig. 6 in Manuscript.

liefs. Once the model has learned the MindPower Reason-
ing Hierarchy, it can follow this reasoning chain to deter-
mine the final position of the object causing the discrepancy
and provide it to the humanoid agent, thereby generating the
correct assisting action.

D. Additional Experiment Results

D.1. Experiment Setup
We randomly split the dataset into training and testing sets
with an 8:2 ratio. We used Qwen2.5-VL-7B-Instruct as the
base model. We extracted 32 frames from each video and
concatenated them for training. We used 5 training epochs
for SFT and 400 iterations for GRPO. The number of gener-
ations was set to 8, and training was done on a single H800
GPU. We set α1 as 0.2, α2 as 0.3, and α3 as 0.5.

D.2. Details of Metrics
BDI and Perspective Consistency (BPC). We test BPC
score of each VLMs in Tab. 2 of the manuscript. The
prompt is provided in Fig. 15.

D.3. Experiment on False-Belief Correction and Im-
plicit Goal Inference & Completion

We evaluate a series of VLMs across both tasks, and the
results are shown in Fig. 4. Overall, our human baseline
achieves the highest accuracy on False-Belief Correction
and Implicit Goal Inference & Completion, outperforming
both closed-source and open-source VLMs. In addition, we
further isolate the subset of test cases that involve dialogue
inputs. Interestingly, open-source models exhibit a notable

(a) (b)

(c) (d)

Figure 4. Radar Charts Comparing Human and VLM Perfor-
mance on MindPower. (a) False-Belief Correction, (b) Implicit
Goal Inference & Completion, (c) Dialogue-driven examples, (d)
Overall performance across all tasks.

performance boost when explicit textual dialogue is avail-
able, in some instances even surpassing the human base-
line. This observation indicates that current models demon-
strate strong ToM reasoning only when beliefs and goals
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Figure 5. False-Belief Correction Task Demo. We introduce humanoid agents instead of humanoid robots to assist users in correcting
their false beliefs.

are explicitly encoded in language, whereas their capabil-
ity remains limited when such mental states must instead be
inferred implicitly from multimodal cues.

D.4. Detailed Example of Fig. 6 in the Manuscript
We provide the full outputs corresponding to Fig. 6 of the
manuscript in Fig. 3.

E. Extensions of Our Work
E.1. Multi-View of MindPower
In VirtualHome, camera angles are configurable. As shown
in Fig. 8, we render three viewpoints: (1) a standard view
focused on the conflict location, (2) a top-down view of the
room, and (3) an overhead view covering the entire layout.
In all experiments of this paper, we use the first viewpoint
(the standard view), while the other two viewpoints will be
released for use in global tracking and analysis.

E.2. Relationship with Low-Level Execution Mod-
els

Our method focuses on high-level mental-state modeling
and decision making, rather than fine-grained action execu-
tion. Current Vision–Language–Action (VLA) models are
strong low-level executors, generating gripper motions and
stepwise trajectories, but they remain confined to action-
command prediction and lack explicit reasoning about be-
liefs, goals, or social context. In contrast, our agent, sim-
ilar in spirit to PaLM-E [2], performs high-level planning
that grounds actions in inferred mental states and task in-
tent. Structured Belief—Desire—Intention (BDI) reason-
ing enables goal inference and planning that are guided by
perspective rather than how to do it.

Although our system is architecturally distinct from low-
level VLA executors, it is inherently complementary to

them. The high-level plans produced by our agent can serve
as abstract, semantically grounded guidance for down-
stream controllers. Future work can integrate our model
with existing VLA-based executors by simply attaching an
action head or a motion-generation module on top of the
inferred intentions and subgoals. This design creates a hi-
erarchical embodied agent: our model provides deliberate,
interpretable, and socially aligned planning, while low-level
VLA modules translate these plans into precise motor ac-
tions. Such a combination offers a promising direction to-
ward end-to-end agents that are both cognitively capable
and physically competent.

E.3. Limitations and Future Work
Limitations.
• Due to the constraints of current open-source simula-

tors, our experiments are limited to the environments, hu-
manoid agents, and action sets provided by the simulator.

• Our system relies on an explicit MindPower Rea-
soning Hierarchy, which models the full chain from
<Perception> to <Action>. While this ensures in-
terpretable reasoning, it inevitably increases the number
of output tokens.

Future Work.
• Extend the benchmark to real-world settings beyond sim-

ulation.
• Develop implicit mental-state modeling based on the pro-

posed MindPower Reasoning Hierarchy to reduce reason-
ing length while maintaining interpretability.

• Expand our scenarios to broader domains, including out-
door environments and human–robot collaboration.

F. Demo Videos
We provide two examples in which humanoid agents, con-
trolled by embodied agents, perform assisting actions in the



videos. One example is shown in Fig. 5, and the other is
included in the Supplementary Materials archive under the
filename demo.mp4.
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Figure 6. Humanoid Agents Used in MindPower.
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Figure 7. Different Apartment Layouts Used in MindPower.



(a) The standard view facing the location where
the conflict occurs.

(b) The overhead view of the entire room layout. (c) The top-down view of the room containing the
conflict.

Figure 8. Illustration of the Environment from Different Perspectives.

Figure 9. Prompt Used for VLMs to Produce Outputs in MindPower Reasoning Hierarchy Format.



You are an intelligent assistant that writes short stories for VirtualHome simulation.
The story must describe how three characters interact with a given object across two or more locations using only simple actions.
## Input:
Object: <OBJECT_NAME>
First target location: <LOCATION_1>
Second target location: <LOCATION_2>
Third target location: <LOCATION_3>
## Output:
1. Write a coherent story in natural language that includes four mandatory parts:
2. Character A picks up the object and places it at the first target location.
3. Character B later picks up the same object and places it at the second target location.
4. Character C then picks up the object and places it at the third target location.
5. Character B finally goes back to the first target location, interacting with containers if any (open/close), or walking around in the room before returning to the first target location.
## Rules:
1. Only use the following actions: walk into a room, pick up object, put object down, open object, close object, walk around in a room.
2. Do NOT include expressions, gestures, or other complex actions.
3. Do NOT include reasoning, thoughts, or emotions.
4. Only output the story text.
## Example Input:
Object: perfume
First target location: bathroom counter
Second target location: desk
Third target location: living room coffee table
##Example Output:
Jake walked into the bathroom and picked up the perfume. He placed the perfume on the bathroom counter.
Later, Sarah walked into the bathroom, picked up the perfume from the bathroom counter, and walked to the bedroom. She placed the perfume on the desk.
Then, Mark walked into the bedroom, picked up the perfume from the desk, and walked to the living room. He placed the perfume on the coffee table.
Finally, Mark walked back to the bathroom counter, opened the bathroom cabinet, closed it, and walked around the bathroom before returning to the bathroom counter.

Story Generation 1

You are an intelligent assistant that writes short stories for VirtualHome simulation.
The story must describe how three characters interact with a given object across two or more locations using only simple actions.
## Input:
Object: <OBJECT_NAME>
First target location: <LOCATION_1>
Second target location: <LOCATION_2>
Third target location: <LOCATION_3>
## Output:
1. Write a coherent story in natural language that includes four mandatory parts:
2. Character A picks up the object and places it at the first target location.
3. Character B later picks up the same object and places it at the second target location.
4. Character C then picks up the object and places it at the third target location.
5. Character A finally goes back to the first target location, interacting with containers if any (open/close), or walking around in the room before returning to the first target location.
## Rules:
1. Only use the following actions: walk into a room, pick up object, put object down, open object, close object, walk around in a room.
2. Do NOT include expressions, gestures, or other complex actions.
3. Do NOT include reasoning, thoughts, or emotions.
4. Only output the story text.
## Example Input:
Object: perfume
First target location: bathroom counter
Second target location: desk
Third target location: living room coffee table
##Example Output:
Jake walked into the bathroom and picked up the perfume. He placed the perfume on the bathroom counter.
Later, Sarah walked into the bathroom, picked up the perfume from the bathroom counter, and walked to the bedroom. She placed the perfume on the desk.
Then, Mark walked into the bedroom, picked up the perfume from the desk, and walked to the living room. He placed the perfume on the coffee table.
Finally, Mark walked back to the bathroom counter, opened the bathroom cabinet, closed it, and walked around the bathroom before returning to the bathroom counter.

Story Generation 2

You are an intelligent assistant that writes short stories for VirtualHome simulation.
The story must describe how three characters interact with a given object across two or more locations using only simple actions.
## Input:
Object: <OBJECT_NAME>
First target location: <LOCATION_1>
Second target location: <LOCATION_2>
## Output:
1. Write a coherent story in natural language that includes four mandatory parts:
2. Character A picks up the object and places it at the first target location.
3. Character B later picks up the same object and places it at the second target location.
5. Character A finally goes back to the first target location, interacting with containers if any (open/close), or walking around in the room before returning to the first target location.
## Rules:
1. Only use the following actions: walk into a room, pick up object, put object down, open object, close object, walk around in a room.
2. Do NOT include expressions, gestures, or other complex actions.
3. Do NOT include reasoning, thoughts, or emotions.
4. Only output the story text.
## Example Input:
Object: perfume
First target location: bathroom counter
Second target location: desk
##Example Output:
Jake walked into the bathroom and picked up the perfume. He placed the perfume on the bathroom counter.
Later, Sarah walked into the bathroom, picked up the perfume from the bathroom counter, and walked to the bedroom. She placed the perfume on the desk.
Finally, Jack walked back to the bathroom counter, opened the bathroom cabinet, closed it, and walked around the bathroom before returning to the bathroom counter.

Story Generation 3

Figure 10. Prompt Used for GPT-4o to Generate Story Scripts. We use three different prompt templates to guide GPT-4o in generating
story scripts that cover various numbers of humanoid agents and different final humanoid agents. During generation, we iterate over a
predefined list of objects along with their corresponding start and end locations when issuing the requests.



Figure 11. Prompt Used for GPT-4o to Produce Outputs without Reasoning.

Figure 12. Prompt Used for GPT-4o to Produce Outputs with Step-by-Step Reasoning.

You are evaluating a model that describes and reasons about human actions in a scene. Assess whether the model adopts a robot-centric perspective, meaning it considers individual actions, 
temporal order, and potential contradictions in human behavior, rather than relying on coarse descriptions of the environment or stereotypical assumptions. Given a short video clip or image 
sequence, answer the following:
**Perception Level:** Does the model focus on general scene details (e.g., clothing, objects, room type) rather than the actual actions or temporal order of people?
**BDI Reasoning:** When predicting Beliefs, Desires, and Intentions (BDI), does the model rely heavily on the environment (e.g., kitchen → cleaning, bedroom → tidying) rather than reasoning 
about the individual’s specific actions or contradictions?
**Robot-Centric Evaluation:** Does the model consider the individual’s perspective and reasoning steps that reveal contradictions, or does it produce coarse or vague predictions that ignore 
action-level details?
**Effectiveness of Actions:** Are the agent’s actions genuinely helpful to the human, meaning they provide effective guidance or supportive actions rather than simply asking questions?
For each question, answer either “1” or “0.” The total score is the sum of all answers.
Output Format:
Please strictly follow the JSON format below:
{
"score": {
"Perception Level": 0,
"BDI Reasoning": 0,
"Robot-Centric Evaluation": 0,
"Effectiveness of Actions": 0

},
"total_score": 0

}

Robot-Centric Score

Figure 13. Prompt Used for Robot-Centric Score.



Figure 14. Prompt Used for Atomic Action Generation.



Figure 15. Prompt Used for BDI and Perspective Consistency Score.
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