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On Path To Multimodal Generalist: General-Bench &

Io youn MLLA o well-nounded generalist?

None found yet (Let's wait for
multimodal ChatGF -wr!omc-'.f:is',"

?

@

Level 5: Generalists with total synergy across Comprehension,
Generation and Language

(Cross-Model Total )

Level 4: Generalists with synergy across Comprehension
and Generation

L 15 56
R L &
. .fl fif’w’ ‘“.rﬂ ;vfia"ﬁ‘:tﬂ”‘J

(Paradigm-level )

and/or Generation

g Level 3: Generalists with synergy in Comprehension
(Task-level )

s Level 2: Generalists of Unified
&"3 ‘% Com |)|1'hcn\Li::|L|'alnI(I ;r';ncrl:llllilct)n
ws (No )
i
O 6t Level 1:
G"’f f‘l‘ﬂ?‘ Jﬁ"ﬂ 517;& 5#W 595 395 r‘"f éﬂ%s"‘ﬁ M.r,ﬂ’ Specialists

Benchmark

Project: https://generalist.top/
Paper. https://arxiv.org/abs/2505.04620

Benchmark: https://generalist.top/leaderboard

A Hao,F&iuan ,Zhelwp ,-Sefmg SrhwiacYradllmgrwZhgn®n Path to Multi maeéale!l Gea mBser nglehn
I CML (Spotlsight)



https://generalist.top/
https://arxiv.org/abs/2505.04620
https://generalist.top/leaderboard

University of Rochester NUS NUS NTU
Advisory Advisory Project Supervision Project Supervision
3D Group Image Group Image Group Image Group Image Group Image Group Video Group

A Hao, 2 mBeker né&lehin
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B Multimodal Al
(& The world functions with varied multimodal information and signals
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.Edfnj ur xqg

U Expansion of MLLMs: More modalities, More Tasks

— O .
—_— r @ Reasoning

o k: -~ 5/ Captioning

——= | MLLMs |<— G asA

cﬂ)) 7: - @ Segmentation
S

@ ~ @ U%edr;zerstanding

Embodied
— Control

»
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.Edfnj ur xqg

U Evolving with deeper capability

A Deep

& Broad

« Captioning

* Reasoning

Task Depth

» Math Solving

» Tool Use

Task Breadth
11
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.Edfnj ur xqg

U Mul ti modal @aumpirfeiheedn sMuolnt i modal Comprehens
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. Ultimate Goal
@ What wi lgle ntehr eamtwnilechit moafidianimodtlsgatemsd atoik o m i 1
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.Prwlydwqu

U Existing issu& The language intelligence of LLMs empowers multimodal intelligence.

® e

| = L) § afi
g Scal i ngintelig¥hce on Multimodality h'''A

Language
LLM ML L M/

Mul ti modal Generali st
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o ————— — ————

. On Path to Multimodal Generalist: General -Level and General -Bench

U Exi sitnitneg | i gent pattern in multimodal gene

Extending Languagee LLM to Mulithodatal LLM (MLLM)

N o -
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.Prwlydwqu

U Exi st i-InfTghea s/saunreguage 1 ntell i gence of LLMs e

Existingintelligent pattern in multimodal generalist

Language intelligence supports unidirectionally
“intelligence" of other modalities

f ﬁﬁﬁﬁ@'t Audio

sl

h ,“,\
Language
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. Motivation

U Existing issu& The language intelligence of LLMs empowers multimodal intelligence.

| deak el |/ i gent pattern i n multi modal

Total synergy across any modalities, functions
and tasks for authentic multimodal intelligence

Video .;:i:\<:’z$:'igz§zii:j
o
Image \ ¢i

V'S

Language

17



Sdwk wr Pxowl prgdo 0®Ohghodol v

.Prwlydwqu

U Exi sti-Inl§et Bsme/i ng MLLM eval uvuati on beyond s

Most existing MLLMs madly race for task performance o,

Current Trend: But... Does It Really Matter?
Task-Centric Race

BLIP-2 LLL | |
over baseline + 2 % |
o +13% accuracy |
over bacuracy
Flamingo 22'1%
ccurcuracy

18
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stronger intelligent multimodal A4




[V SHBINAOSa Ly
Theow Patvhe Towar

U | LL Ubjll\J\lﬂ\J—l—lu\JI




{v&y/S NH &

MLLM.Task Performance




O



</

FaaSaaAay3dl G6KS OFLIOAfAGASE 2F OdaNNBy i
a

Uy N
U» >
<,
0«




Scor i my

< = SOTA specflalist's
G” score on |the task
o_;‘_sota
Specialist
)

General-Level

Level-1 ﬁ




N o

Synergy Scorimnyg
The average score bet ween
Compr e henGeiarrati on
Generalists of Unified {tasks (i.e., ac¢ross all tasks)
Comprehension represents the|lscore
and/or Generation ® AL thrs e
11 & 1 &
=== ¢4 = G
52—2 M;U’-l_N;a’
Level-2

General-Levve

Spaecialis+t

= k-
Lewvel-1 <




Scoring

Task-level
Generalists with
synergy in
| 1
Comprehension Ss = L (Se + Se) , where
and/or 2
: ) M !
Generation g 1 ol ifol > 08,
T v Z_; 0  otherwise
N .
LeVE|-3 Se = 1 Z 0;-9 lfof 2 OShta
N =0 otherwise
=
SoTFLININZI.,

Lewvel-2

General-Levve
= >




Scorimng
Paradigm-level

The harmonic mean b édnendistawith Synergy
Comprehensi on mesh=gd G e $yRergyacrnossn
scores €omprehensio
Sy = 25cSa > N and
Sc + Sq Generation

Level-4

Tomprehension
and/or
Generation

Generalists of Unified
Comprehension Lewvel-=
andsor Generation

——
- 9

General-Level

Spaecialis+t

= 79
Level-1 =3




Cross-modal Total

Scorimg

Level-5

Generalists with

. ~ e
total synergy
S — g B gcross Comprehensi
= S4 X wy, , where :
5 4 L *“on, Generation and L
S
wr = L where anguage
total
T .
g, — o Z o ifop > osota
L T 0  otherwise
k=1
Seneralists with)
comprehensioc}
Cencralist=s with Se,nr;,‘r:':;:r:on
C.‘Gr'\';_-gc:r:"‘%;fig-::rl:\;;inh Level-a
Cener-ation .
emner-alists of Linified “:l}’
Comprehension Level-= { o
wnd S or Gener-ation waibd e 3
I
(= >
Level-2 %—g
it General-Levve
- & o

=
Lewvel-1




Paradigm-level Generalists with
synergy across

Comprehensi o

Nand
Generalists with Gener ati on
Task-level synergy in
Comprehension
and/or Level‘B
Generation
General i sts
Comprehen. Levet3 Generalists
total syne

and/Gneneratlon acr cCoaprehe

onGener atnido n
anguage
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B ohghootheg ho-=

Tasks/Skills

® A

| Y ———

‘@ Generalists in Level 2 %’ Generalists in Level 3

& |hqgwhjulhg hydoxdwl rqg

Generalists in Level 4

Comprehension

® A O X

QTA .l*

Generation

l udph

3% Generalists in Level 5

Modalities

No synergy Synergy across Tasks/Skills Synergy across Comprehension and Generation Synergy across Modalities
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B zZkdw Iv d +Pxowlprgdo, Jhghudol vwB

0 One single model I s capable of handling m
Ul n most cases, an LLM serves as the core
U At the very |l east, can be prompted using
ae.g. , MLLMs, or | arge multimodal foundat:

ErE (OO5 Gres
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B ZzZkdw Iv d +Pxowlprgdo, Vshfldol vwB

Ul n most cases, aarmdeaxnlay hacsaevpeordfed r maamc e on
alt is typnedl by fheetraining set of that t
Ul n most cases, the model often has a small
a1t mostly does not i ncorporate an LLM as 't
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B uhod{dwlrqgq ri Vfrul qj

U How to measure treynergy effedtetween on & ontaskB ?

the performance of a generalist on joint modeling of tasks A and B Py|A, B) should exceed its
performance when modeling task A alone or task B alone P (y|B) .

P«(YylA B)> & Py |, ABR(y [) B
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B uhod{dwlrqg ri Vfrul qj

U How t o me@seic-gyd tew dieenti B nd ra-B %

P{Y|A B)
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B uhod{dwlrqgq ri Vfrul qj

U How t o me@seic-gyd tew dieenti B nd ra-B %

the strong@gersyamnemodyelcapability, the more
the task pe$®d Dhpneacnicael iosft s when t here i1 s &

Let& simplify the rule:

| foeanermliisadr aSoMA spemni al spteci fic tlask, we
as evidence of a synergy effect, i.¢e., |lev
other tasks or modalities to enhanc Its p
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B One more notice

U Therds never a fair comparisons for generalist with specialist

t

FiAaamned on trai niNog tsagstkc i ftiucnifnigne

Hard!

Unfair!

Bwt Necdbsaeyé s sar y !



Path to Multimodal Generalist: General -Level

] Modality -specific Scoring

calculate the sp¥cific scadrmmdadmgongmtssum

Nmodal ities i nYtotal) for the score
“y v v “y "y
“y v v “y Y 1
“y v v “y N
“y “y v “y “y

e s
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L] Independence from Peer Generalists
@ The scores of any generalist:

a Adepend solely on the data of SohTeApteas kala

~

| A without relying on the scores of other tested generalists
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.Prqrqulflw| Df urvv Ohyhov

Key Attribute:

U If a generalist is rated at the highest level k, it should achieve valid
scores at all levels from 2 to k.

U As the level increases, the expected scores should decrease: Sk-1 > Sk

A The monotonicity  imnefd eatnsliicner eademgmnds | at
hi gher | evel s.

A The propertystemosmnugers démdr al i sts maintain
across multipl.e difficulty | evels

Alt pr onve aledsrsdan tcer peealabadati on standard for
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.qurxudjlqj Ul fk dgg Edodqgf hg Pxowl p

Key Attribute:

U More task, the better

U More balance, the better
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L] Receipt to Leveling Upper in General -Level Level5
Generalist with
Modality-level Synergy

[ SanS ¢
DSYSNI tAad gAl
t I N RS®HEE {e&ySN

Levell
Specialist

&




¢ v Level-2:

Generalists of Unified
Comprehension and/or
Generation

Models are task-unified players, e.g.,
MLLMSs, capable of supporting different
modalities and tasks. Such MLLMs can
integrate various models through existing en-
coding and decoding technologies to achieve
aggregation and unification of various
modalities and tasks (such as comprehension
and generation tasks).

The average score between Comprehension and
Generation tasks (i.e., across all tasks) represents
the score at this level. A model that can score
non-zero on the data 1s considered capable of
supporting that task. The more supported tasks
and the higher the scores, the higher its overall

SCOre:

11 & 1
So = — —_ gﬁj + 04}

Unified-io-2 (Lu
et al., 2024a),
AnyGPT (Zhan
et al, 2024),
NEXT-GPT (Wu
et al., 2024a),
SEED-LLaMA

(Ge et al., 2023),
GPT-4V  (Ope-
nAl 2022b), - - -

Level-1:
Specialists

Various current models, each fine-tuned on a
specific task or dataset of specific modalities,
are task-specific players (i.e., SOTA special-
1sts). This includes various learning tasks,
such as linguistic/visual recognition, classifi-
cation, generation, segmentation, grounding,
inpainting, and more.

For each task in the benchmark (i-th task), the

current SOoTA specialist’s score is recorded as:

sota

a;

CLIP (L1 et al.,

2022), FLUX
(Labs, 2023),
FastSpeech2

(Renetal., 2021),




ergy is in Comprehension and/or Generation.  magk=1 only if the corresponding score (¢€ or 2022b), Gemini-

. ) MLLMs enhance several tasks’” performance g ds the SOTA specialist’s s !h 1.5 (Team et al.,
Generalists with syn- beyond corresponding SoTA scores through 74 ) exceeds the S0TA specialist’s score, other- 2024a), Claude-
ergy in Comprehension  joint learning across multiple tasks due to the W1S€ mask=0. Then, calculate the average score 3 5 (Team, 2024),

and/or Generation 3 ffect. between S and S¢. The more tasks to surpass  DeepSeek-VL
SyEigy eee the SoTA specialist, the higher the S3: (L?legt ;f 2024b)

_1 LLaVA-One-
53 = 2 (SG +Sc) , where Vision (Li et al.,
2024d), Qwen2-

g, Level-3: Models are task-unified players, and syn- Assign a mask weight of 0 or 1 to each task; GPT-4o0 (OpenAl,

S — 1 2 of ifof >0, VL (Wang et al.,

CT M 0  otherwise 2024a), In-

i=1 ternVL2.5 (Chen

N ) et al, 2024c¢),
So=L3° off ifof > 00, Phi-3.5-Vision

N 0 otherwise (Abdin et al.,

i=1 2024), - - -




E, Level-3:

Models are task-unified players, and syn-

Assign a mask weight of 0 or 1 to each task;

GPT-40 (OpenAl,

s V8 T T B Y ]

E ~ Level-4:

Generalists with synergy
across Comprehension
and Generation

Models are task-unified players, and synergy

is across Comprehension and Generation.

Calculate the harmonic mean between Compre-
hension and Generation scores. The stronger
synergy a model has between Comprehension
and Generation tasks, the higher the score:

S, — 250Sa
'T Sc + Sa

Mini-Gemini (Li
et al., 2024c),
Vitron-V1 (Fei
et al., 2024a),
Emu2-37B (Sun
et al., 2024), - - -

: C C
lf Ji 2 Jsota
0 otherwise

1 G (e
if o 7 2 T sota
0 otherwise

2024d), Qwen2-
VL (Wang et al.,
2024a), In-
ternVL2.5 (Chen
et al, 2024c),
Phi-3.5-Vision
(Abdin et al,
2024), - - -




Level-5: Models are task-unified players, preserving Calculate the model’s average score exceeding i
the synergy effect across Comprehension, SoTA NLP specialists on NLP benchmark data; f\‘f?”f-’ found yet
Generation, and Language. In other words, normalize it to a [0,1] weight, and multiply it by (Let’s wait for

Generalists with total  the model not only achieves cross-modality the score from level-4 as the level-5 score: multimodal C;"?'-"'f -
synergy across Compre-  synergy between Comprehension and Gener- S5 = S4 x wr, , where GPT moment!)
hension, Generation and  ation groups but also further realizes synergy g

Language with language. The Language intelligence wy = L , where

can enhance multimodal intelligence and vice
versa; understanding multimodal information T
can also aid in understanding language. 1 Z {G’k if o > Osota

SL = T 0 otherwise

k=1

total
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B Zk| Jh @hhugdfok B
So, where to evaluate generalist
Y2ZRSt & | ONRaa 0

K
Using9 EA &0 A Yy 3 (2,



Existing MLLM Benchmark
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» General Law Politics

% b

‘ Social Finance
& G

Fes Linguistics History
NE

Ph sics Maih Sports Business
Felso

Earth Medicine  #oh ?ﬁg

Culture Economics

w2a
a @ DSi>ly E

Biology = Engineering

E 6 @ @

Animal Climate Chemistry Gegaphy

o

Code Astronomy
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Affective Analysis Temporal Determination
Tl T e e Understanding and reasoning

temporal sequences and rela-
L Understanding everyday scen-
M¢

avine and hacie fnrte nrvacc
Understanding and reasoning

Content Recognition
B [ RE ——"

Identifying objects, entities,

§ . .- and events within the given
Pla.nnlng Ablhty multimn-dal data nreciselv
Formulating plans and strate- Interactive Capability

gies to achieve defined goals. ~

5 . .. . ing in multi-turn intera-
Causality Discrimination — and managing context

vely
D o L.
an Creativity and Innovation
“ - T Ethical Awareness
Reasoning Ability

Evaluating ethical considera-
Solving complex problems oi tions and ensuring responsible
questions (e.g., logical, math decision-making
ematical) using reasoning



) Audio &3, 3P Language
| G A

Audio QA

« Animal Sound Analysis = 2D Retecoon = Semantic Parsing
. X 3DQA . :
* Music Understanding i : = Affective Computing
= Audio Content Analysis § D bMotionanalyes L. o
= Environ Sound Analysis » 3D Pose Estimation * Opinion Mining
« Speech Accent Analysis ® 3D Tracking = Relation Extraction
. Analysi = 3D Human-related q
: 2"::2: g::‘::’:n ysis Object Classifiouion = Event Extraction
FAmlysis = 3D Indoor Scene Seman- = Behavioral Analysis
. tic Segmentation . N d Entit
= 3D Outdoor Scene Sem- Eme Ly
antic Segmentation ecognition

s Co U g
« Cc & Video

= TTS T

Audio Edit = Image to Mesh Gen
Music Style Transfer

= Di - Video Action Prediction

« Music Synthesis % e i ooy Cloud . Ac * VideoQA
= Speech Style Transfer = RGB-D to Mesh Recon . Et . Ob_iect Mahch.ing
» Image2Audio Synthesis = Point Cloud to Mesh = Object Tracking
= Emotional Speech Gen Recon = M: = Video Grounding
. e = Text to 3D Motion = Nu ° Long Video Tracking
Generation = Video Depth Estimation
L = So . Video Action Recog

= Su = Video Event Recog
, S Vid‘eo Object Recog
. b % i = Optical Flow
T NHI a ] a
A Generation

= === =« Conditional Video Gen
= Image2Video Generation
= Text2Video Generation
= Video Action Generation
= Video Editing
= Video Enhancement




