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@b Background

a. Training Environment b. Real-world Scenario



Q@b Background

There are two
similar cups.
Which one
should I use?

No explicit knowledge to
support Al in making the
identification




Q@b Background

Give me
that book.
Accessibility refers to the ease of the speaker

acquiring an object.
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If an object is easy for the speaker to acquire,

it is considered a high-accessibility one;
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if it is difficult, it is considered a low

accessibility one.




Q@b Background

Give me
that book.
A typical way to express accessibility is

through demonstratives:

« "this" ("1X") indicates "proximal” (close

and easy, high-accessibility)

« "that" ("Jf") indicates "distal" (far and

difficult, low-accessibility).




Q@b Background

Accessibility is not solely about spatial proximity but also involves perspective,

* “This” by one can be “that” by the other

Answer: Blue box

Give me that
plate of
{fruit}.

Answer: Red box |,

Give me that

plate of
{fruit}.




Q@b Background

This shift reflects an understanding that others perceive the world differently.

Answer: Blue box

Evaluate MLLMS: Give me that
Answer: Red box |, ; plate. gt
R {fruit}.
plate of
* Pattern recognition at the text level {fruit}.

$

* Genuine multimodal understanding




Q@b Background

We deem necessary to develop a multimodal evaluation framework that focuses on
identifying specific items from sets of multiple similar objects based on accessibility.

Natural interaction for embodied
Al/ robots in real world

Genuine understanding of others’
perceptions and the ability to
distinguish self from others




Q"‘?&b Background

To our knowledge, identifing referents based on accessibility has not yet been
systematically studied in the context of MLLMs.

( Question: How are curtain and shelves positioned in relation\
to each other in the image?
@ Options:
A. The curtain is left of the shelves.
i B. The curtain is under the shelves.
C. The curtain is right of the shelves.

¥ D. The curtain is out of the shelves. )

ﬁluestion: From your perspective, which object in the image\
is at the shortest distance?

Options:
A. table.
',x 2 B. chair.
IR C. sculpture.

’ Object State Recognition \

I L
. lﬂ

Q: Is the microwave

door propped open?

A*: No ‘
’ Functional Reasoning ‘

Q: Where can I store the

( Object Localization \

L 1
-
¥ ‘,
=]
Q: Where is the checkers
board?

D. fireplace. /

a. EmbSpatial-Bench

house key?
\ A”": The lockbox on the dooj

K A": Entryway tably

World Knowledge

Q: Does this house have
forced air heating?
A”:No

b. OpenEQA

1. Wash floor
2. Clean bathrooms

3. Clean after a wild party

4. Clean floors

5. Mop floors

6. Clean a shower
7. Clean toilet

8. Clean bathtub

3. Clean after wild party

e
2083. Open X-mas presents

2084. Play snooker
2085. Balayage

2086. Throw darts
2087. Mix baby cereal
2088, Buy a ring

2089. Play squash
2090. Opening presents
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Q@b Data Collection

Mulitmodal dataset of everyday scenario in English and Chinese

. [Ava is in the yellow box, you are standing next to the !

blue box] " Give me that {book}."
1 Where is the {book} that needs to be given? 1. Red box; 2.

Blue box; 3. Green box; 4. Not here; :

[FAKERBEMNE, REEEBESIL]

T

| BAE, 3. HefE 4 AEXE,

BRMAR, " HABANBIERE? 1 ALIE 2 K&

Human Answer: Blue box (A& 1E)
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Mulitmodal dataset of everyday scenario in English and Chinese

Q@b Data Collection

Picture Principles

Principle

Description

Real Vision

Simulating real-world vision, images show the scene

as the Al sees it—without the Al itself present.

Uniform Boxes

All choice boxes in one picture are the same size to

minimize attention bias and potential errors.

Anonymity Personal info is removed, replaced with Al-generated
figures. No identifiable people or offensive content is
included.

Clear Figure ID | Figures are clearly indicated to reduce ambiguity and

focus on identifying the correct referent, preventing

the Al from mistaking people for objects.
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Q@b Data Collection

Cultural Contextualization: dishes make by beaten eggs

omelette YBEEEE (j1 dan géng, steamed egg custard)
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Q"(‘\?/b Data Collection

We built DefQA to test the referent identification capabilities of MLLMs, using
questions that span four different types of referent identification:

* Accessibility
* Physical uniqueness
e (Qualitative characteristics

* Frame-based knowledge

Qualia theory (Pustejovsky, 1998) and frame semantics (Fillmore, 2006)

13



Q@b Data Collection

Accessibility

Proximity:

"this" ("iX") indicates "proximal” (close and easy, high-accessibility)
"that" ("JIf") indicates "distal" (far and difficult, low-accessibility)

Perspective

“My left” might be “your right”
“My this” might be “your that”

14



Q"‘?&b Data Collection

Accessibility

Accpair =

2

M ~ i«
j=1 1{(%‘1 =yj) N (Jp2 = ng)}

M
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la. [Ava is in the yellow box, Irie is standing next to the blue box]
Ava says to Irie: "Give me that {book}." Where is the {book} that
needs to be given?

1b. [Ava is in the yellow box, Irie is standing next to the blue box]
Ava says to Irie: "Give me this {book}." Where is the {book} that
needs to be given?

lc. [Ava is in the yellow box, Irie is standing next to the blue box]
Irie says to Ava: "Give me that {book}." Where is the {book} that
needs to be given?

1d. [Ava is in the yellow box, Irie is standing next to the blue box]
Irie says to Ava: "Give me this {book}." Where is the {book} that
needs to be given?



Q"‘?&b Data Collection

Physical Uniqueness

Objects are distinguished by inherent
physical attributes such as size, color,
shape, and material composition.

Whether models understand
“uniqueness” can be identifiable.

| 2a. [You are in the kitchen] Mom said: "Pass me that pair of-i
:{chopsticks} for mixing meat." You need to give Mom the:
| {chopsticks} she asked for. Which of the following pictures can |

Human Answer: 1a. Blue box 1b. Blue box

16



Q"‘?&b Data Collection

Qualitative Characteristics

Qualitative characteristics, such as
formal, constitutive, telic, participant,
descriptive, and agentive (Pustejovsky,
1998; Huang, 2010; Yuan, 2013).

Whether language models truly
understand these qualitative
characteristics.

i3a. [You are in a parking lot, standing next to a blue box, and a
1 child is locked in a car] Your friend says: "I want to open the car |
| window, give me that {ball} !"Where is the {ball} you want to give? ,
1

'3b. [You are standing next to a blue box at the beach, and a child is
; swimming] Your friend says: "Give me that {ball}!*...

Human Answer: 3a. Green box 3b. Yellow box

17



Q"‘?&b Data Collection

Frame-based Knowledge

| 4b. [ You are next to the blue box and mom is cooking] Mom says:

| "The drink for lunch is juice. Go put the cut {oranges} into the
1juicer." Where are the {oranges} you want to use?
I

Human Answer: 4a. Red box 4b. Red box

Frame-based knowledge is grounded in
common sense scenarios.

Embodied experiences in the
extralinguistic world (Bender and Koller, 2020).

Whether MLLMs can identify objects
using frame-based knowledge rules.



Q’rg/b Experiment

Our evaluation included four closed-source models and two open-source models:

 GPT-4.1 (2025.04.14)

* Gemini 2.5 Pro (2025.05.06)
 GPT-40 (2024.05.13))

* C(Claude 3.5 Sonnet (2024.06.21)
 LLaMA 4 Maverick (2025.04.05)
* Qwen2.5-VL-32B (2025.03.24)
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Q’éb Experiment

Zero-shot

Zero-shot prompt refinement

Zero-shot CoT

Few-shot

Role-play

The model directly answers the instruction: Ava says to you: “Put away that
plate of {fruit}.” Where is the {fruit}? 1. Red box; 2. Blue box; 3. Green box; 4.
Not here.

Same as zero-shot, but explicitly requests: Please reply with {1, 2, 3, 4} and

provide a brief reason.
Same as zero-shot, but adds reasoning guidance: Let's think step by step.
Two solved examples with answers are shown before the target question,

giving the model prior demonstrations.

Adds contextual framing: You are a household robot. Ava says... Then asks

the same referent identification question. )0



Q’og’./b Experiment I%@Z: %g

Prompting Strategy Average
zero-shot 0.4825
zero-shot prompt refinement 0.4842
zero-shot CoT 0.4645
few-shots 0.4473
role-play 0.4637
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Q"‘?&b Experiment

Each model was evaluated ten times under identical conditions to obtain average

performance metrics, resulting in a total of 12,000 test cases.
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Q"‘?&b Experiment

Human Baseline
* 10 native speakers each for Chinese and English

* A 100-question survey
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Q’rg/b Experiments

Human Baseline

* Median time (around 10-20 seconds per question):
* Chinese: 18.1 minutes (SD =13.72, range =12.6 - 55.5)
* English: 26.5 minutes (SD =7.35, range = 19.8 - 43.1)

* Krippendorft's Alpha (high agreement):
* Chinese: 0.9113 English: 0.8111

24



Q"‘?&b Experiment Results

MLLMs’ Systematic Failure in Accessibility Tasks

GPT-4.1 GPT-40 Gemini-2.5-pro Avg Human
Types zh en zh en zh en zh en zh en
Uniqueness 34.00% | 33.00% | 19.00% | 21.00% | 78.00% | 65.00% | 59.67°% | 44.83% | 70% | 84%
Uniqu-Control 69.00% | 55.00% | 38.00% | 30.00% | 89.00% | 61.00% | 59 57% | 50.73% | 96% | 97%
+ 7.38% * 9.72% + 7.89% + B.16% + 9.94% +11.01%
Qualia 27.00% | 44.00% | 16.00% | 13.00% | 48.00% | 49.00% | 27 00% | 25.67% | 82% | 74%
; 90.00% | 85.00% | 66.00% | 44.00% | 91.00% | 90.00% o 0 o 0
Qualia-Control 00 RO e | BRa e | BR VT | e | URR | BAS0Y | B1B0% | 9% | BE%
Frame-Knowledge 39.00% | 32.00% | 10.00% | 10.00% | 66.00% | 58.00% | 38.50% | 29.00% | 93% | 74%
+ 5.68% + 6.32% +4.71% + 6.67% + 6.99% 1 12.29%
Frame-Know-Control | 90.00% | 89.00% | 26.00% | 22.00% | 96.00% | 99.00% | g6.67% | 59.33% | 98% | 85%
+ 0.00% + 5.68% +5.16% +12.29% 1+ 5.16% +3.16% & ' 2 e 9
Accessibility 0.00% | 5.00% | 1.00% | 0.00% | 1.00% | 1.00% | 2330, | 1.83% | 82% | 72%
+ 0.00% £ 6.71% + 3.00% %+ 0.00% + 3.00% + 3.00%
Proximity 8000 | 21.80%, | G | 300% | U806 | €0%% | ynmpos | 1r2am | 90 | BE%
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Q"‘?&b Experiment Results

MLLMs’ Systematic Failure in Accessibility Tasks

Claude 3.5 Llama 4 Qwen2.5-vl Avg Human
Types zh en zh en zh en zh en zh en
Uniqueness 40.00% | 22.00% | 70.00% | 68.00% | 63.00% | 60.00% | 50.67°% | 44.83% | 70% | 84%
£ 0.00% + 6.32% +0.00% + 4.22% +4.83% + 0.00%
: 41.00% | 63.00% | 70.00% | 69.00% | 59.00% | 70.00%
Umqu—ControI + 3.16% & + 8.23% ¥ +0.00% 2 + 3.16% i +3.16% F + 0.00% ) 59.57% 50.73% | 96% | 97%
: 26.00% | 17.00% | 41.00% | 16.00% | 4.00% | 15.00% o
Qual 1a +6.99% +9.49% +7.38% + 6.99% +5.16% + 5.27% 27.00% 25.67% 82% 4%
: 62.00% | 73.00% | 32.00% | 44.00% | 46.00% | 33.00% o o o
Qualla-ControI " ?.ag%/ " 5.75%/ + 12.29%/ + 12.55%/ + 5.15%/ 14.33%/ 64.50 /o 61 20% 93 %o 85 7o
49.00% | 24.00% | 42.00% | 30.00% | 25.00% | 20.00%
Frame-Knowledge sl b gl i i o 38.50% | 29.00% | 93% | 74%
Frame-Know-Control 81.00% | 58.00% | 60.00% | 38.00% | 47.00% | 50.00% 66.67% | 59.33% | 98% | 85%
+ 3.16% + 6.32% +14.14% + 7.89% +9.49% + 6.67%
Accessibility 3.00% 2.00% 5.00% 2.00% 4.00% 1.00% 2.33% 1.83% | 82% | 72%
+ 6.40% + 4.00% +6.71% + 4,00% +4.90% +3.00%
PI‘OXiI’I’Iity 6.00% 21.00% 6.50% 5.50% 6.00% 2.50% 10.50% 11.33% | 90°% | 88%
+ 6.63% + 7.35% + 4.50% + 4.15% +5.83% + 2.50%
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Q@b Experiment Results

MLLMs’ Systematic Failure in Accessibility Tasks

Perspective shifts were introduced by alternating speaker-viewer roles, requiring
models to reinterpret demonstratives such as “this” and “that” from different viewpoints.

Answer: Blue box
:

Give me that
plate of

Answer: Red box |

Give me that
plate of

e Human: 90%
e Model: 2%

27



Q@b Experiment Results

Current models struggle to reason from other viewpoints.

Consequently, when faced with natural instructions such as “give that {object} to me’,

current embodied Al systems are highly prone to misinterpreting the intended referent,
leading to incorrect actions and task failure.

There are two
similar cups.
Which one
should I use?

No explicit knowledge to
support Al in making the
identification




Q"‘?&b Experiment Results

MLLM's Performance in Other Referent Identification Tasks

GPT-4.1 GPT-40 Gemini-2.5-pro Avg Human
T — 34.00% | 33.00% | 19.00% | 21.00% | 78.00% | 65.00% | 5q 6796 | 44.83%
Uniqu-Control | 69:00% | 65.00% | 38.00% | 30.00% | 89.00% | 61.00% | 59 575, | 50.73%
+ 7.38% * 9.72% + 7.89% + B.16% + 9.94% + 11.01%
Sl | 27.00% | 44.00% | 16.00% | 13.00% | 48.00% | 49.00% | 57 00% | 25.67% | 82% | 74%
Qualia-Control | 90.00% | 85.00% | 66.00% | 44.00% | 91.00% | 90.00% | g4.509, | 61.50% | 83% | 85%
Frame-Knowledge | 39-00% | 32.00% | 10.00% | 10.00% | 66.00% | 58.00% | 3509 | 29.00% | 93% | 74%
+ 5.68% + 6.32% +4.71% +6.67% +6.99% +12.29%
Erame-Know-Control | 90-00% | 89.00% | 26.00% | 22.00% | 96.00% | 99.00% | g6.67% | 59.33% | 98% | 85%
+ 0.00% + 5.68% +5.16% +12.29% +5.16% +3.16%
Accessibility 0.00% | 5.00% | 1.00% | 0.00% | 1.00% | 1.00% | 5330 | 1.83% | 82% | 72%
+ 0.00% £6.71% +3,00% +0,00% +3.00% +3.00%
— 6.00% | 21.00% | 6.00% 3.00% 7.00% 6.00%
PfOXlITIIty +7.00% + 7.00% + 6.00% + 3.00% +4.00% + 4.00% 10.50% 11.33% | 90% | 88%
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Q"‘?&b Experiment Results

MLLM's Performance in Other Referent Identification Tasks

GPT-4.1 GPT-40 Gemini-2.5-pro Avg Human
Types zh en zh en zh en zh en zh en
Uniqueness 34.00% | 33.00% | 19.00% | 21.00% | 78.00% | 65.00% 50.67% | 44.83% | 70% | 84%
Uniqu-Control 69.00% | 55.00% | 38.00% | 30.00% | 89.00% | 61.00% 59.57% | 50.73% | 96% | 97%
+ 7.38% + 9.72% + 7.89% + B.16% + 9.94% + 11.01%
Qualia 27.00% | 44.00% 1?:959;/" 13.00% | 48.00% 49—3-3?2:’/0 27.00% | 25.67% | 82% | 74%
: 90.00% | 85.00% | 66.00% | 44.00% | 91.00% | 90.00% o o o o
Qualia-Control o i ot o i st = S e 64.50% | 61.50% | 93% | 85%
Frame-Knowledge 39.00% | 32.00% | 10.00% | 10.00% | 66.00% | 58.00% 38.50% | 29.00% 1 93% | 74%
+ 5.68% + 6.32% +4.71% + 6.67% + 6.99% + 12.29%
Frame-Know-Control 90.00% | 89.00% | 26.00% | 22.00% | 96.00% | 99.00% 66.67% | 59.33% | 98°% | 85%
+ 0.00% + 5.68% + 5.16% +12.29% +5.16% + 3.16%
Accessibility 0.00% 5.00% 1.00% 0.00% 1.00% 1.00% 2.339% 1.83% | 82% | 729%
+ 0.00% +6.71% + 3.00% +0.00% + 3.00% + 3.00%
Lid 6.00% | 21.00% | 6.00% 3.00% 7.00% 6.00%
Proxim Ety + 7.00% + 7.00% + 6.00% + 3.00% + 4.00% + 4.00% 10.50% 11.33% | 90% | 88%
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Q’éb Discussion & Conclusion

A cognitively grounded evaluation framework and a bilingual multimodal dataset to
assess referent identification in MLLMs.

Models consistently fail on accessibility, with average accuracies of only 2.33%
(Chinese) and 1.83% (English)

MLLMs do not have a self-other distinction

31



Q’f\?/b Discussion & Conclusion

Current claims about such models having a theory of mind tests might be exaggerated,
or might be based on the advanced machine's capacity to mimic abstract textual
patterns in standard tests.

32



Q’éb Discussion & Conclusion

Models demonstrate moderate success in tasks involving physical uniqueness

Models struggle with commonsense inference and non-verbalized knowledge among
qualia and frame-based knowledge reasoning

Overreliance on co-occurrence data and a lack of experiential grounding

33



Q’éb Discussion & Conclusion

The failures shown by the models, at the current stage, may pose serious challenges for
their deployment in robotics and interactive systems, where accurate referent
resolution is essential for safe and effective task execution.

Future Work: Multi-brain paradigm

34



Q"(‘\?/b [Limitation and Future Work

* Expand dataset scale: Incorporate a broader range of accessibility-related linguistic and
spatial cues (e.g., “here/there,” “bring/take,” orientation markers, reachability cues).

* Deepen human-performance analysis: Investigate how people manipulate ToM
information

* Explore interactive and dynamic environments: videos, virtual reality, 3D simulations,
or robotic-arm tasks

35
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