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Objective quality assessment is important to visual signal processing at scale
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The Brain Mechanism for QoE
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THEBIGGERPICTURE Visual quality assessment (VQA) plays a crucial role in real-world applications such as ! l I RDM of " ROIA :
multimedia content distribution, video streaming, and computer vision, where ensuring the optimal quality of ! | Ideal Semantlc Labels i - !
visual data directly impacts user experience and system performance. In this context, understanding the ! [ H ROI B —
neural mechanisms behind visual quality perception is vital for enhancing the effectiveness of VQA models. ! (] L) Joint . — Predict !
This research bridges a gap in VQA by investigating how the human brain processes visual distortions of ! — [ RSA N mb 3= Quality §i
varying quality using functional magnetic resonance imaging (fMRI). The findings reveal that visual quality 1 [ ﬁ | Score I
is not locally encoded in any single brain region but emerges from the interaction between lower-level and : ! : : : Machine :
. X i N . y . ¥ 1

higher-level visual areas. This g challenges VQA methods, which typically rely on | Univariate Analyses Seed-based Functional ! I | | Brain Patterns Learning :
static features, by highlighting the brain’s compensatory mechanlsms in handling low-quality signals. Connectivity

Beyond the scope of VQA, this study holds significant impli for cognitive r and the field of e R — cmmmeeal Lo |

human visual perception. It provides new insights into how the brain processes degraded visual stimuli,
shedding light on the adaptive mechanisms that allow humans to maintain semantic understanding even
when image quality is compromised. These findings deepen our understanding of the hierarchical structure
of the visual system and the complex cognitive processes involved in perceiving and interpreting low-quality

visual information. The study’s integration of cognitive theories, such as the free energy principle (FEP), Semantic Semantic <
further its toboth nel i d Al. It offers a theoretical basis for the development Information Information

of brain-inspired Al systems capable of mimicking human visual perception. These advancements could Low-level Content High-level Content
enhance Al’s ability to process distorted or noisy data while maintaining high performance on clean images, Visual Regions Visual Regions

thus providing a more accurate and adaptive approach to VQA.
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SUMMARY Rich
Visual quality assessment (VQA) is indispensable in multimedia for evaluating algorithm effectiveness and Neutral-quality

optimizing systems, yet its neurobiological mechanisms remain poorly understood. Using functional mag- 4 § & @ )
netic resonance imaging (fMRI), we investigate how the brain processes varying image qualities, revealing Calcarine Cuneus Lingual $0G
specialized mechanisms for handling low-quality stimuli. Results show that low quality significantly impacts [ ] (&) D
semantic encoding along the visual pathway: low-level regions exhibit only 35.20% of the semantic informa- MOG 10G  Fusiform
tion seen in high-quality condition, while higher-level regions compensate adaptively to maintain understand-

ing. Visual quality is not locally encoded but emerges from inter-regional information gaps, with perception Low-quality

arising from this hierarchical di P: . L ing this y mechanism, we decode quality O~visual qualny

from fMRI and propose a neural network feature fusion strategy, boosting ResNel s VQA performance by

14.29% on the BID dataset (586 instances). Our flndlngs provlde neurobit for vi-

sual pi ing a gap in pt ption and offering theoretical foundations for
improving VQA models.

(A) fMRI signals are collected from participants observing images of varying quality
(B) The brain’s processing mechanisms for images of varying visual quality

Pattems 6, 101368, December 12, 2025 © 2025 The Author(s). Published by Elsevier Inc. 1
This is an open access article under the CC BY license (nttp://creativecommons.org/licenses/by/4.0/).
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Analytic-tools Evolution
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Quality assessment research method evolution Data Curation
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LMMs for QoE contd P
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LMMs for

QOE cont'd
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Display-contents Evolution
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Quality assessment research focus evolution
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AlGC QoE cont'd
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AlGC QoE cont'd
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Display-mode Evolution
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Quality assessment research focus evolution

XR

¢ Hollow Lens
¢ Nreal/Xreal

Confusion

SC

¢ Vision Pro
* Proj. Moohan

Immersion




LMMs for QOE VR/Immersion
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LMMs fOF QOE VR/Immersion
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QoE, connecting Human, Data and Agent _ _ =

Human Centric Vew
of Agent (Al, LLMs)

Human Centric Vew Q)
of Data (multimodality) Q;\z“‘
S

20



Part Il
Human Centric Al QoE Research

21



Human Subjective QoE of Al

. (D Traditional Method
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Design

Model
Response

However this method has a limitation as below.
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Table 1: Compared to prior work, the proposed HCE framework simultaneously addresses comprehensive evaluation dimensions,
multimodal capabilities, diverse disciplines, and extensive application coverage.

] -
2-Cooperate with models a Evaluation Dimension Disciplines
Method Ti Ty App. Cov. - — Multi Modal
Complete the specified f Cref® etho ime ype pp- Lov. PS.A.  Info.Qua. Inter. Exp. | Sciences Humanities uitt Moda
task by freely = _
interacting with the Write areport ﬂ MMLU 2020/09 | Objective X v X X v v X
lare model. for the task SWE-bench 2023/10 | Objective X v v X X v X
GPQA[18] 2023/11 | Objective X v X X X v X
Chatbot Arena 2024/03 | Arena v indirectly indirectly v X X X
3:Complete the scorin: QUESTIONNAIRE € ) —
How Aae:‘m model porfarwﬂg ‘:‘ @ - o : r ﬂl’;iliby 3 @ Qualit; Experisn’cs EM - HLE [1 7] 2025/01 Ob_]ectlve X v X d v v v
Complete the questionmdire | g g [é' g g E‘l Ve o ot B s s Our method - Subjective v v v v v v v
o provide a rating. ‘ %ﬁ Oo®oo Aﬁﬁj;jﬂj”gm::; T o E i ceson N@*m‘;g;; App. Cov. refers to Application Coverage. PS.A to Problem-Solving Ability, Info. Qua. to Information Quality, and Inter. Exp. to Interaction Experience.

Human-Centric Evaluation for Foundation Models, https://arxiv.org/pdf/2506.01793
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Human Objective QoE of Al

NG

Quality of Service
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for personal Overall complete the
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N N our Content
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0 Es -
Original (All Params) V Vv v v v 07874 08322 0.6486  0.8746 tow ks ; \ 5 b ’ -
w/oContent Accuracy v x v v v 05907 06392 04693  1.1663 Sl Last Next A
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w/o Latency Position v v v x v 07842 08295 0.6396  0.9695 ot
Next Model Applicatio
w/olatency Duration v v ¢ < x 07809 08296 06365 09g21 | oNextModel Deve'°pme"t Q.° et o
w/o Output Speed V VY x v v 0732 08176 05816 09392 &N T 0 — seunc2 r
@ @ ] o5
Table 2: Performance of QoNext models and ablation study results. The mark v in the Q’ AJ (O Xi | —} iﬁii”ﬁ?ﬁ?"
Dimension columns indicates the corresponding dimension is used. The metric values for (Lower Speed) (Higher Speed) s‘\ with higher
each method are obtained as weighted averages across the results of all regression models. mfiwmw i;;ﬁ:ﬁt‘"
Dimension Symbol can be found in Table Best in bold. consistont 4 . / ' | speed.
with haman ‘Same output time (30s) Same content ' &

Quality of Content

Density
Type Dimension Description Symbol Abbr. Range Param ID
] Conciseness and
Whatis 2422 | ° S?Jn:?tr;,t Info. Density focus of Info. 0 cD  (0,1) DO, D1
— all
Content Accuracy ~ COTrectness and ® A (01) A0, A1
- logicality
4.2 plus 2 equals 4, R n ~
because when you add Output Speed r;‘;{)‘;j:“e““"g v 05 (0.01,005,01)  50.01,50.0550.1
faoiandtwolotother e Quality of  Latency Position ~ VRendelayoceurs o yp(0,025,05,075) P00, P0.25, P05, P07
result is four. Service 1}‘; outlput b
. low long the
. Latency Duration g5 108 Lime LD (357 3,15, 17

The information is redundant.

Table 1: Dimension Design for Content Quality and QoS.

QONEXT: Towards next-generation QoE for Foundation models, https://arxiv.org/pdf/2509.21889
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Objective Eval of Al

NG

Collection Normalization Distractor Selection Recognition Task
R ] e ' => =
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<{ " \< = / Prompting LLMs Please answer the multi-choice question based on the
a= = given ASCII art:
online galler‘y» « Format » '_.L J » [ASCII ART]
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* Length Q O gy TS
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database e SGfCTy n fi‘s;zé g_; {..—"J.'igz" :rggégggggsr"
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"\ Three-layer T
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¥ riges WGl | T
What is depicted in the above ASCII art?
v’ 23 groups Image Leaderboard A. Tigger B. Spiderman
v 359 Travel C. Pochacco D. Gopher
concepts Symbols & Places A\ A\ Answer with the option's letter from the given
. & choices directly

v 3526 samples

ASCIlIEval: Benchmarking Models' Visual Perception in Text Strings via ASCII Art, https://arxiv.org/abs/2410.01733, ICLR 2026

Food & Drink
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Objective Eval of Al

Share
b Count

Ln Comment .‘ Iéike :
oun

Favorite
Count

N
E Description Q Topic

Video

Image

(a) All the information contained
in a User Generated Video (UGC)

0Q
Tags 00 Category :

BT YA

Q: For this video, the creator is more inclined to use which of the
following options as the video title?

" A Take a beautiful picture B- We are the same
I GA distant place that | cannot reach  D: That basketball shot

| A- Entertainment B Sports
G Trovel D+ People & Blogs

A+ His moves are so smooth B Me gold
G The aunt we all wished we had D Big fan

Q:  Which option is most likely the video's description?
Time is limited, always live happily — B- Killed it
" Nobody’s skin is perfect D- Negan remembers

Title Selection (left, 4000) / Description Selection (right, 795)

A- Cultivation By Kungfu  C Makeup D- Pieces of life

Film’, ‘Movie'
“ ‘Humanities', ‘Arts’ D- ;Pets’, ‘Dogs’

Category Matching (left, 1764) / Topic Matching (right, 1662) / Tag Matching (down, 2376)

A+ The zlatan joke B- His rookie is good
G Still Got It Dy Lebron just zn/ayi playing it

Comment Matching (left, 4000) / Comment Popularity (right, 4000)

(b) User-like Thinking Task

Human

Al O O Human

based on their level of simulating |
Pttt 7 i1l el e o comene ||

Try to imitate the comments
that humans would make on the |
video platform after watching this | 3
video as much as possible. .

Y

- .
@MLL/ns + MIMIC-Chat (Ours )]
0N
N nternVL Quen G Video- Mimic-

é 2-5 Vo 2.5-UL @Luw & charcours)
9 This girl is Wow, what 77"5 Wdﬁo It's so
B walking by an llent ceel b iful, who
S the river, video! This girl's clobhmg can tell me
S she's really girl is really that is ...  the dress
S beautiful. elegant. relaxing to purchase link!
= watch.

2

Q

3 |> & Sisters, can you share your tips for slimming?

—~

S

Q > & Equal envy for those who have such girlfriends.

oc

A

-> ) 1 announce the horse faced skirt is the best hit of the year.
-> ) Can't imagine how beautiful | look in this dress.

Based on the video, determine
[ ) whether the following comments

are more likely to come from |
human or Al, and rate them 0-5 |

2345

humans as_follows:

(¢) User-like Mimicking Task

MIMIC-Bench: Exploring the User-Like Thinking and Mimicking Capabilities of Multimodal Large Language Models

https://openreview.net/forum?id=J7wc4G6woS ,

ICLR 2026
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Objective Eval of Al P

Q I'm going to thread the bike chain back through the rear derailleur. Based on the
position of my hand, where should I place the chain first?
6 “ On top of the upper jockey wheel teeth

. Between the two jockey wheels

/SEP Static Environment Perception N KDTR Dynamic Task Reasoning

14s-17s Q Look at the shredded carrots I made, what dish are they most 7s=-11s

suitable for?
@ @ A. Make carrot puree for babies

B. Mix into minced meat for dumpling filling

5 gMix directly into salad to increase crispness
% D. Boil a pot of carrot soup

A C. Below the teeth of the lower guide wheel
D. On the metal guard of the derailleur cage

Rc:lsoning The user is using a spinner to evenly shred carrots. This type of carrot shred retains its original
moisture and crisp texture, making it suitable for mixing with salads. For infant complementary foods (A) or

thck soups (D), a finer texture is required. When used for dumpling filling (B), it is often cut into smaller piecey

Reasoning The user is preparing to pull the chain through the bicycle. At this point, the chain is located directly above the upper
guide wheel. The first step in proper chain installation is to place the chain on the teeth of the upper guide wheel and wrap it around

kﬁ‘om above. B. D can cause the chain to get stuck or fall off. C is the subsequent step, not the first step.

CKR cContextual knowledge Retrieval
7s -
s Q Does raising clothes to the ceiling make them dry faster? What is the primary principle?
@ @ & Q y Utilizing convection principle of rising hot air ~ B. Increasing the surface area exposd to light
4 A -~y

C. Utilizing gravity to drain excess water D. Easy to ventilate through the nearby window

Reasoning The design utilizes the principle of convection: hot air with low density will rise to the top of the room. Raising wet clothes near the ceiling can
e utilize this air to accelerate the evaporation of moisture. C did not explain the reason why rising to a higher place can dry faster. B. D is not the 'primary" principle. Y,

KGP Goal-oriented Planning \ /SFA Safety and Feasibility Assessment \

Is-4s Q I want to disinfect the bathroom floor, but

= I haven't seen any specialized disinfectant

@ 6 here. How can I use the available products to
solve this problem?

ﬁ, ( A Dilute with bleach and use as a disinfectant.
L S5

Q TI've finished drawing and I want to tear off

Os - 5s
the tape now. What are the potential risks of
this action at the moment?

A The fresh ink hasn’t dried yet and may get
smudged.

J
MC Multi-turn Interactive C o//abora%

10s - 14s

what might get on the top after washing?
&\f @ Al Lint from the towel.
Q2 Alright, let me separate them. Looking at
s & the pile of clothes on the floor, into which
~ categories should they be sorted for washing?

’ A2 Dark colors, light colors, and towels.
r &

Q3 I've sorted out a pile of dark clothes. What

washing machine mode should I choose to
; prevent color fading?

A3 The 'Dark Colours' mode.

Q1 I mixed a dark top with a brown towel,

Rcusoning The core requirement of users is disinfection . Clorox bleach Reasoning The user claims to have finished drawing and is ready to
remove the tape, but the video shows that the user is still drawing lines with
a pen. Therefore, the biggest risk at present is not tearing the paper, but

having a large amount of wet ink on the screen. Tearing off the tape is highly

appears in the video frame (00:02). According to common sense, diluted
bleach is an effective disinfectant for hard surfaces and can be used as an

Reasonin 2 Towels tend to shed a large amount of lint during washing,
which easily sticks to other fabrics. There are dark and light-color clothes as
well as towels on the ground, which can be divided into three categories
according to color and type to avoid dyeing and fuzz problems. To wash

\altemative to floor disinfectants. /

likely to rub against wet ink, causing the image to be dirty or damaged. /

the separated dark clothes and protect their color, the 'Dark Colours' mode
shown on the washing machine panel is the best choice

GeoX-Bench: Benchmarking Cross-View Geo-Localization and Pose Estimation Capabilities of Large
Multimodal Models, https://arxiv.org/abs/2511.13259, AAAI 2025
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AIBENCH an Al Eval portal

|, ¥] AIBENCH Insight

Benchmarks

AIBENCH Benchmarks

Cover Al reliability, scientific reasoning, multimodal understanding, and safety evaluation as core research directions.
Support researchers and developers with a systematic and traceable entry point to frontier research through continuously

updated benchmarks, leaderboards, and accompanying resources.

ALL Vertical Domain Safety Embodied Intelligence

——— —— Data Source Human Annotation

ach-Optical C al Understa < Oracl bone charactar RealObjoct

Generated  Eval Instructions
mage

B

GoBench
A leaderboard for optical domain, including Optical
Understanding and Optical Generation.

2026-03-10 Vertical Domain

EmbodiedIQA
A benchmark for Image Quality Assessment (IQA) in
Embodied Al, evaluating the performance of IQA...

2026-03-09 Embodied Intelligence

Safety Evaluation

] Dynanism o

fias—d Mitigate data Leal

Add any joibreok methods

SDEval
A benchmark for MLLMs' safety performance
evaluation in real attack scenarios.

2026-03-10 Safety

5 Disciplines
60+ felds

EESE is a dynamic benchmark designed to evaluate
foundation models' capabilities in scientific fields.

2025-11-20 LLM

o= 2

Human
Vision System

PictOBI-20k
A benchmark for the real capabilities of large models
in visual identification, object correspondence, and...

2026-03-10 Vertical Domain

Overview

MedOmini-45°
A Safety—Performance Benchmark for Reasoning—
Oriented LLMs in Medicine

2026-03-10 Vertical Domain




OpenCompass.org.cn

ﬁ-& OpenCompass LLM Scientifi&lntelligence Embodied Intelligence ~ Safety Al Computing System  Industry Verticals &3

OpenCompass Evaluation System

ShanghaiiArtificiaI Intelligence Laboratory

The innovative open evaluation system for the era of general artificial intelligence, ?

Covering general large language models, scientific intelligence, safety and trustworthiness, embodied intelligence, Al computing systems, and

industry applications




The Era of Experience P

Welcome to the Era of Experience

David Silver, Richard S. Sutton*

Abstract

We stand on the threshold of a new era in artificial intelligence that promises to achieve an unprece-
dented level of ability. A new generation of agents will acquire superhuman capabilities by learning pre-
dominantly from experience. This note explores the key characteristics that will define this upcoming era.

Richard Sutton

The Era of Simulation The Era of Human Data The Era of Experience

— ® ® - >
A~ O
D-l'@ a—a T<I
O../-N/
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Agent Centric View of Data

Quality
of
Experience
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Part IV
Agent (Al) Centric QoE Research
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Machine Generated Contents and Al QOM

UGC
(P-UGC)

e TikTok Kwai

¢ Youtube
Bilibili

e Monitor Cam
e EAl/Agents
e Auto. System

¢ Diffusion
e AR

Since 2023, more visual media were
consumed by machines than humans
From human to machine preference

Task performance-based QoE
Quality metrics for EAI, RLVR, ...
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Al QoE

Machine Preference Prediction

~———

Multiple Choice Question
Question: What is the woman doing?
A. Writing a notebook B. Painting on a canvas
C. Holding a camera D. Playing an instrument

Yes-or-No Question
Question: Is there a person holding a camera?

<ref>: P(‘Yes’, ‘No’)=[25.6,17.6]
<dis>: P (‘Yes’, ‘No’)=[17.5,28.4]
<ref>: P(A,B,C,D)=[0.5, 2.1, 60.5,0.5]

Reference Tmage Collection M P D Distorted Tmage Collection
3 content types (NSI, SCI, AIGI) ) ) . . M 30 corruptions, 5 strength,
1,000 high-quality nrlgmal images|-2r&e-Scale, Fine-grained, Multidimension§i 2 1,10 fistorted images Color
Corruptions : 2%
- Compress
Motion Blur 10%
AllCSo‘:teeenr: JPEG Compress = Blur 10%
= = 01S€
30% ‘White Noise y 17% Contrast
a2 B3 _ N : - Bright  13%
{ y o= I Contrast Change 4 13%
I D|H-‘6revn+ Task Avnotation
<ref, dis> image pai ) i R Object Detection Y4 Multimodal Retrieval
Top result of <ref>:

Vintage camera, cozy sweater, photography
Diverse photography displayed on Flickr.
Curved OLED TV from LG (X

Top result of <ref>:

Woman smiling under ornate umbrella [X)
Diverse photography displayed on Flickr

L Vintage camera, cozy sweater, photography

~

Visual Question Answering

Image Captioning
Question: What is the brand of the camera?

<ref>: A young woman is taking a photo with
an old-fashioned camera while standing in
front of some trees. She is wearing a red
beanie and a blue shirt.

<dis>: A woman is taking a picture with an

<ref>: The brand is Yashica FX.
<dis>: The camera brand is Sony.

| <dis>: P(A,B,C,D)=[0.5, 10.4, 20.1, 0.5]

L old-fashioned camera.

Preference Score Collection YoN: % %

MCQ: e % ¢ %
;V b LMMs: Specific: CAP: ...
)/ of internVL-2. [l Mask-RCNN ALL: tr %
Il ;@ LLaVA-o, YoLo-X,
|58 A Qwen-2, etc. DIME, etc.

YoN: o % W
MCQ: %¢ W
CAP: ..

ALL: % % %

o=

Image Quality Assessment: From Human to Machine Preference, https://arxiv.org/abs/2503.10078, CVPR, 2025
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Al QoE rorad

RGC/MGC QoE Database, with MOS

JAAD
9.3%

ERA

27.7%
CCD
17.6% Wheel Drone

33.3% 33.3%

RaCD

bilibili bilibili
+others +others
6.4% Robot 5.6%

33.3% ’
unitree

others 6.7%

14.6% Fourier

12.0%

(a) Diverse video sources in RGCD : (b) Sample video frames and corresponding MOSs

2100 RGC videos with MOS

RGC-VQA: An Exploration Database for Robotic-Generated Video Quality Assessment, MM, 2025

ot-0¢ 0z-0

09-0v

00T-09
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Al QoE

NGz

Thorough Benchmarking of LLMs for Robotic Vision Tasks

» O] »

. »{C?»@»{c?»ra®

e I
Real-world Corruption |q ED
7 Steps, 33 Dimensions =

R-Benciv

Environment Camera Analog-to Source Channel Receiver Enhancement
Interfere Interfere -Digital Encoding  Transmission Decoding Postprocess
[Modeling] IM\? Which LMM is the most robust to real-word corruptions?

I %l
MCQ/VQA/CAP Tasks

== Which corruption is the most harmful for current LLMs? =

[Benchmarking]

= 20 LMM Robustness

Multiple Choice Question [ Visual Question Answerin, I Image Captionin,
I g
% L} | ]
How many signs are in this image? - -
A. 1sign B.2signs C.3 signs I I o
eI S (Reference) The ceiling has
(Reference) C. 3 signs@ ~ - (Reference) Monster Energy logo A7 " fluorescent lighting fixtures. /A
(Distorted) B. 2 signs I (Distorted) Appear like Moller. /5] I (Distorted) a green exit sign
Quveniil2 _ InternVL2 _ GPT-40  hanging from the ceiling. /57

R-Bench: Are your Large Multimodal Model Robust to Real-world Corruption?, IEEE J-STSP, 2025
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Al QoE

NGz

Embodied Al QoE, Database and Benchmarking for real tasks

Human Visual System

[Perception] is poor. Since
[Cognition] of table objects
s affected by the noise.
Decision] and [Execution]
qare aligned with [Cognition].

Machine Visual System

)
4N

Robot Visual System

[Perception] is good. Since
[Cognition] of the semantic
44 map remains unchanged.

; [Decision] and [Execution]|
are aligned with [Cognition].

&

V4

010

N

~ %

A [Perception] [Cognition] [Decision]
n ‘ Remove -
the blue
H: Eye H: Cerebrum  side on % H: Cerebellum
R: Camera “ R VLM LEGO board R: VLA

4 [Execution]
Route

Ak

*\.l

H: Arm
R: Motor

n| V'S [Decision]
- 7] | AT %

% Ty}

- ”'“.‘V'T_th

<reference> <distorted>
Task: Pick up the banana next to the orange.
Result: VLM chose the right banana on <dis>

\zd <ref>, but VLA cannot locate the grab

oordinate point, thus takes the left banana. j

<distorted>
Task: Put the red cube into the blue bow!l.

<reference>

Result: The path planned by VLA on <dis> is
only slightly off the <tef>, but such difference

[ [Perception]: Quality Indicator
\

(] R
Distortion
External | e f

’ J'

N a8

5 ) =X

Evaluate the negative impact of distortion

aused the gripper to hit the obstacle cup.

|Cognition], [Decision], and |Execution|]

e
Reali . P
| Embodied IQAh]'
Internal I =
Reality @Yg Q v

4

Image Quality Assessment for Embodied Al, https://arxiv.org/abs/2505.16815 , ICLR, 2026
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Agent QoE of Human
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Thanks

zhaiguangtao@sjtu.edu.cn
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