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® Background

VLM not only serves as a chat assistant, but also has a broader application scenario as a robotics agent
deployed in real-world environments to solve practical problems.

Chat assistant

[1] VLM as robotics agent: PIVOT (2024), MOKA (2024), Voxposer (2023)
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® Motivation

However, numerous studies have shown that VLM ‘s lack of basic perception of the physical world leads to
operational errors.

The display may be broken!
A

I:> A gap between VLMs and real physical world understanding

ithout Physical Common Sense

Error affordance [1] Excessive force [2] Error Throwing [3]

We want to benchmark and enhance VLMSs' physical
understanding capability for embodied tasks.

[1] Dingkun Guo, etal. Phygrasp: Generalizing robotic grasping with physics-informed large multimodal models,
[2] Yi RuWang, et al. Newton: Are large language models capable of physical reasoning? 3
[3] Fangchen Liu, et al: Open-vocabulary robotic manipulation through mark-based visual prompting.
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Most works only contain common VQA tasks that are semantic driven, which does not enable physical
world prior learning.

Semantic Driven Information: Which is shown in the video?

Sure, in the video, we see a man in a red vest and a young girl in a pink outfit standing on a stage.> : -

The man appears to be a boss or a performer, while the young girl is likely his assistant or a

Train VLM

participant in the performance. The man threw a ball in his hand, drawing a curve. /

Physical World Prior : What physical prior exists in the video?

The horizontal speed of the ball remains basically unchanged, while the vertical speed first
@ Ignored

decreases to 0, then turns and increases.
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Moreover, existing benchmarks for learning intuitive physics from visual inputs only includes simple
visual primitives and a limited number of task types.

Simple visual primitives [1] Few specific types of tasks [2]
(only spheres, cubes, and collision events

[1] CLEVRER Yi et al. (2019) Cater Girdhar & Ramanan (2019) CRIPP-VQA Patel et al. (2022) ComPhy Chen et al. (2022) SuperCLEVR Wang et al. (2024) 5
[2] EmbSpatial Du et al. (2024) Physion Bear et al. (2021) Physion++ Tung et al. (2023) ContPhy Zheng et al. (2024)
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® Three Questions

VLM has the potential to serve as a robotics agent, but there is a gap in its perception of the physical world.

Q1 (® Do VLMs perform well on physical
world understanding? If not, what causes them to

lack this ability?

i sour Ceball
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@ How does the light move in the video? PhysAgent @ Knowledge Memory
A.. B.. C.. D.. - The shadow moves in the opposite dircction

Q2 (® How can we improve VLM's physical

world understanding ability?

Q3 Will improving VLMs' physical world

understanding facilitate the deployment of
embodied agents in the real-world?

) Task-specific Prompt Activation of the light source

- The picture brightens as the light source gets
loser

~ u!_, [Prompt] You are an expert, to determine the
=5 | type of the problem ... E
' @ ' ® | | [VLM] This question is about light (=
= = | [Knowledge] <the related knowledge prompt> 4

1)
& Foundation MOdsl; _ (2) Foundation Models Integration
T— = . [Grounding DINO]: Bandages, footballs and ...
LY S 2% [Knowledge]: Retrieve and find footballs i clastic
@ [SAM]: Shadow in different picture...
S| [VIM] The shadow gradually moves closer to the

Depth Anything ~ SAM Grounding DINO objects, parallel to the line ...

(d) (e) ()

(@ Chain-of-Thoughts Reasoning
[VLM] As the shadow moves ..., so the light
should move ...

[VLM] If the light moves ..., the shadow will
moves... (verification)

Answer

C. Move parallel to the line between the bandage
and the football, and move closer to these objects
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® Dataset

To comprehensively measure how big this gap, we propose our PhysBench.

QA pairs - - -
10,002 B EVER —
“ollision ; .
Q Which can is the ball
Collected Image - Q Which scene. depicted in the images, occurs first?  most likely to land in?
10378 e ° - _ _:." A The white can.
bie Temperature 17 Viewpoint ¢ Light ~ e Manipularon
: Q Is the phenomenon Q How does the focal ~ Q How might the light source Q What is the correct sequence
Collected video observed in the video length of the camera  n the image have changed? of images to make a gift box
4 1 9 1 0 1 caused by adding cold change? A Tt appears lq have shifted containing the pe e bottle?
task type sub type ability type 334() water oriotwater? A The focal leagth  from the left side ofthe e D ey
BT INCIERSESS image to the right side Figure 1 Figare 2 Figure 3 image 3. and finally image 2.
% Air Pressure
Q What causes the change in ¢ Fluid
water level m the cup? Q Which object has the
A The combustion lowers the lowest viscosity?
air pressure m the cup. A The white liquid.

7 74

£ Physical Object Property

p - % Distance
. | ‘Q What is the distance between
a the yellow cube and the blue ball?
(The blue cube has a width of 2
9% Number ¥ Location & ;;l]))A ):lbﬂm e
Q Which color of balls Q What is beneath the ept )
Web 3 D assets has the largest number? egg? A Mushrooms. =1 Ofchiurked ob_]:c! =
A Biue balls. | c;ogisl to ﬂB]e camera?
figure Wik == AOpton3.
68 7 ¥ Attribute % Mass 9
57_859 Q Given that the applied  Q What is the mass
force is the same. which  relationship between the
@ object m the images has  three ping-pong balls? ¥y Size
higher stiffness? A The mass of the three 5 Color . Which car has a hij 47
@ @ Model A The object in the first  ping-pong balis is Q Whatis the colorofthe | ot e colorof O ek o s lugher et
image. identical. lefimost spectrum? A Red. & - - i -

=¥ Physical Object Relationships

& Physical Scene Understanding

n Physical-based Dynamics

7
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® Main Results

We tested 74 VLM and found that there 1s still a lot of room for enhancing this ability

Size Format ##Property <Relationshipd &Scene ADynamics; Avg
Phi-3.5V (AzureML 4B seq 4572 40.15 33.02 3940 | 39.75

NVILA-8 I 8B seq 55.79 2020 b 3305 4343 | 43.82

NVILA-15B (Liu et al.] I5B  seq 59.16 03 1 3378 4572 | 4691

NVILA-Lite- 8B seq 53.81 3925 1 3462 41.17 | 4255 . .

NVILA-Lite-15B (Liu et al.; 2024 I5B seq 5544 2015 1 3811 4438 a0z (@ Especially the understanding of
mPLUG-OwI3-1B (Ye et al., 2024 1B seq 38.02 3154 1 2187 3368 13768 ” . d physical d S
mPLUG-OwI3-2B (Ye et al., 2024 2B seq 40.92 3501 1 2669 35.64 1 3487 environment and physical dynamics 1s poor
mPLUG-OwI3-7B (Ye et al., 2024 7B seq 4925 4562 | 35.90 4061 I 4283

InternVL2-1B (Wang et al.,[2024e 1B seq 37.05 33.06 | 22.84 3492 1 3235

InternVL2-2B (Wang et al., 2024¢ 2B seq 44.17 35.06 | 30.54 35.64 || 36.57

InternVL2-4B (Wang et al.]|202de 4B seq 47.12 39.96 I 30.94 39.76 | 39.71

InternVL2-8B (Wang et al.,2024e 8B seq 49.05 43.58 I 27.05 3947 | 40.00

InternVL2-26B (Wang et al., 2024e 26B merge 51.92 45.20 I 37.94 39.34 | 43.50

InternVL2-40B (Wang et al., 2024e 40B merge 55.79 50.05 35.86 41.33 45.66

InternVL2-76B (Wang et al., 2024¢)  76B merge  57.65 243 1 3307 40.12 : 46.77 D The best ol has only 55% success rate.
InternVL2.5-1B (Gao et al.][2024b 1B seq 4425 3330 1 2687 38.13 | 36.15

InternVL2.5-2B (Gao et al.|[2024b 2B seq 49.63 38.15 1 2944 38.39 l 39.22

InternVL2.5-4B (Gao et al.,|2024b 4B seq 51.03 4477 1 3134 41.79 I 42.44

InternVL2.5-8B (Gao et al.|2024b 8B seq 55.87 4867 | 2935 4120 I 43.88 OF O]
InternVL2.5-26B (Gao et al.||2024 26B merge 59.08 5833 | 36.61 4179 | 4836

InternVL2.5-38B (Gao et al., 2024b)  38B merge  58.77 67.51 | 39.04 4500 I 51.94 )
b 10 . o S8 00 9 b, B B T 0000 e o Do e e o e 3 e o e e For detailed
lo1 {(Jacch et a 2024y - " merge 5927 7379 ~ 3 4095 4922 | 55.11

results for 74
"M VLMs

L L L L L L L L L L L T T - . -
T L L L L L5
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® Main Results

PhysBench cannot be improved simply through scalability

Common VQA
e I 55 [ -
I LLaVA-15 += = = = = = = | VILA-1.5 /
5: — \/|LA-1.5 ! Q S Pliava - TFYTT o g p—— _-——
Q 3 = PLLaVA ! = &
m ’ E =36
£ " 5% 2 GPT-4o-mini
4 . N N N &N K N N N &N N K N N N &N R KR ]| o t —— -
£ 47 I = o Phi-3V
O | | @ Q 3 .
E i I o Mantis-8B
o 3 | =e= Pl LaVA-7B
1 — | 3 24y 2 4 8 16 32
3B B ) 138 Property Relationships  Scene Dynamics
LLM Size
a) is it model size scalability ? b) is it data scalability ? c) Is frame scalability ?

) Why not?

9
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® Main Results

The training data for VLMs largely consists of descriptions of visual content, lacking physical principles and
priors, which is likely a reason contributing to their subpar performance.

55
[eb]
(=]
|
(18]
£ a5
=
D
Property Relationships
: ;::ziso”"’ Bear
e . 2 oSdicion,
N nonel LJeC
"L |||lllllll!!!!l!ll!l! ,,,,,, NEE et

.z*fwf f“g: f"f

PhysBench words

LLaVA-1.5
s VILA-1.5
s PLLaVA VILA (MMC4 + SFT data)
+ more data
LLaVA > :
PLLLaVA (video data)
II Key words of

Scene PDynamics PhysBench in LLaVA

nnnnnn i—w- E———

nnnnnn |

| -

100000

e 0N

actlons

cyllnder VldeO i

g,ﬁm*w SR @e%kWW' ’&@w&%m%$®m@m@mw R ARG %%@
LLaVA words VILA words PLLaVA words

10
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® Error Analysis

We found that the major sources of errors are the lack of physical knowledge and the wrong perception
from visual inputs.

Phi-3V
=+ in-context
GPT-40 Gemini-1.5-flash Phi-3V GPT-40

=+ in-context

50
8% 17% . N 5% .
. 14% 4% . 21%
et : P -\ 135 /7 : Tl \ Perceptual Error
o R . \ . - Lack of Knowledge
v 1 /7 = .7 E Reasoning Error
= A . . ' \ l Textual Understanding
37% | 349 I 40% ‘ A . . 4 Refuse to Answer
0k \ Annotation Error
" A . /
*
l / . . .

. P 4 v object spatial environment phenomena
= )2 Task

Performance
»
Q

w
[=]

N
o

~
5

a) Error distribution b) Physics knowledge transfer study.

11
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® PhysAgent

To address that, we propose PhysAgent:

Property Spatial Envir. Phe.

1| Lack Knowledge: Apply predefined abstract physical world knowledge Phi-3v 385 344 316 325
+ CoT 388 347 31.1 319
2 | Perception Error: Advanced expert models +Desp-CoT 251 241 189 212
+ PLR 23.1 239 193 17.1
b PhysAgent 445 47.0 38.6 37.I)
: - ei PhysAgent I / =
@) fov o et e e i R s | | T ane b pon i | VIGPT___521 529312 428
() Task-specific Prompt Activation of the light source
[Prompt] You are an expert, to determine the 0 lThe .picmrc brightens as the light source gets _Gl:ir'ﬁl'g o 5_37_ El 1 _270_ %3_
e e o o +CoT 545 632 264 351
[Knowledge] <the “‘*““‘l knowledge prompt> (3 Chain-of Thoughts Reasoning +Desp-CoT 5.1 588 27.2 32.1
[VLM] As the shadow mowes ..., so the light
(2 Foundation Models Integration | should move .... _ +PLR 37.8 46.2 154 22.1
[Grounding DINO: Bandages, footballs and ... | | [VEMI T he fight moves ..., the shadow il - PhysAgent 384 84.2 45.0 51
[Knowledge]: Retrieve and find footballs is elastic Lo el [ E—————
L J [SAM]: Shadow in different picture... P —
B | [VLM] The shadow gra.dually moves closer to the C. Move parallel to the line between the bandage
Depth Anything SAM Grounding DINO objects, parallel to the line ... and the football, and move closer to these objects

12
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® Embodied Tasks

To further verify the effectiveness of our method and data, we also conducted experiments on 5 robotics tasks.

mm MOKA
+PhysAgent
. +finetune

affordance

force

color

number

tool

o
o
o
N
o
B
o
o
o
oo
.
o

13



® Open sources

© PhysBench

@ Homepage | (&) Dataset | (5 Paper | Bl Code | A EvalAl

This repo contains evaluation code for the paper "PhysBench: Benchmarking and Enhancing VLMs for Physical World

Understanding” If you like our project, please give us a star ¥ on GitHub for latest update.

location

size
depth
attribute
i A
distance r---h,‘/’ A TS 1040
ey el 1 color
T oA L Germini-1.5-pro 48.11
motion ' '? /o Ay ;
I L — ey mass Gemini-1 5-flash 46.07
e GPT-40-mini 4315
temperamgf‘&r_,,_: u N‘
“xg, N
‘‘‘‘‘ \ b 4 GPT4V 4126
= b, Rﬂ number
N A N
iewpoint “% LLaVA-nterleave (78) 41.0
Viewpoi E\‘“
_#7 others Phi-3V (58) 38.42
air T Mantis (88) 37.64 Open LMMs
chemistry VILA-1.5 (13B) 5
R vg: 37.93
fluid LLaVA-NeXT-Video (7B) 35.‘5\ 9
collision . X
throwing Manipulation
—e. GPT40 == Gemnii5fash W Mantis88 W VILA-15138 25 Kl 35 40 45 50 55 50
—#- GPT4V =i+ Gemini-1.5pro W Phi3v B UaVA-interleave-TB Performance
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- Code

https://github.com/USC-GVL/PhysBench

- Data
https://huggingface.co/datasets/USC-GVL/PhysBench
- Eval Planform
https://eval.ai/web/challenges/challenge-
page/2461/overview

14
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