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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 ChatGPT moment!)

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

(Cross-Model Total )

Level 4: Generalists with synergy across Comprehension
and Generation

(Paradigm-level )

and/or Generation

% Level 3: Generalists with synergy in Comprehension
(Task-level )
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Paper: https://arxiv.org/abs/2505.04620

Benchmark: https://generalist.top/leaderboard

*  Hao Fei, Yuan Zhou, ‘-, Jiebo Luo, Tat-Seng Chua, Shuicheng Yan, Hanwang Zhang, “On Path to Multimodal Generalist: General-Level and General-Bench”
ICML (Spotlight). 2025
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-~ What To Do Next

% From Generalist Model perspective
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Path to Multimodal Generalist: General-Level

B Multimodal Al
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Path to Multimodal Generalist: General-Level

B Background

» Expansion of MLLMs: More modalities, More Tasks

=3 ~ @ Reasoning

° k: ~ (=5 captioning
——— | MLLMs |<— Ch q8a

C(])) f N @ Segmentation

NS, - @ {nderstanding

Embodied
— Control

»
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Path to Multimodal Generalist: General-Level

B Background

» Evolving with deeper capability

Task Depth

A

« VQA
* Reasoning

» Math Solving

» Tool Use

Deep
& Broad

« Captioning

Task Breadth

11



Path to Multimodal Generalist: General-Level

B Background

» Multimodal Comprehension vs. Unified Multimodal Comprehension & Generation

12



Path to Multimodal Generalist: General-Level

B Ultimate Goal
(" What will the next-generation of multimodal foundation models/agents look like?

13



>< Path to Multimodal Generalist: General-Level

B Motivation

> Existing issue-1: The language intelligcence of LLMs empowers multimodal intelligence.

~ @

AN
P
Multlmodahty . ~
>

MLLM/
Multimodal Generalist

$ Scaling law

LLM
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Path to Multimodal Generalist: General-Level

o ————— — ————

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

> Existing intelligent pattern in multimodal generalist

Extending Language LLM to Multimodal LLM (MLLM)

o —————

N o -

) S ————



>,< Path to Multimodal Generalist: General-Level

B Motivation

> Existing issue-1: The language intelligcence of LLMs empowers multimodal intelligence.

Existing intelligent pattern in multimodal generalist

Language intelligence supports unidirectionally
“intelligence" of other modalities

Language

16



Path to Multimodal Generalist: General-Level

B Motivation

> Existing issue-1: The language intelligcence of LLMs empowers multimodal intelligence.

Ideal intelligent pattern in multimodal generalist

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

Video

J ’\
e \ )l

Language

e
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Path to Multimodal Generalist: General-Level

B Motivation

» Existing issue-1I: Rethinking MLLM evaluation beyond straighttorward accuracy gains.

Most existing MLLMs madly race for task performance of single modality/ task.

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

+1.2%

s over baseline

+2%

+13% accuracy

GIT
over bacuracy

+2.1%

Flamingo
Accurcuracy

18
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Most MLLMs madly race for task performance of

sepa ratg\f\?igaélity/Task




Does simply mean

stronger intelligent multimodal Al ?




synergy  Drives Intelligence:

The Pa1'h Towar'd AGI




Synergy

MLLM.Iask Performance 1

The ability to generalize / transfer knowledge across
Tasks, Modalities and Paradigm...
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~

Positioning and assessing the capabilities of current
MLLM generalists

_J




Scoring

< == SOTA specialist's
G” score on the task
o_;‘_sota
Specialist
S

General-Level

Level-1 ﬁ




No
Scoring

Gen-eration
Generalists of Unified
Comprehension
and/or Generation®

Level-2

General-Levve

Spaecialis+t

Lewvel-1 S5




Scoring

Task-level
Generalists with
synergy in
| 1
Comprehension S3 = - (S + Sc) , where
and/or 2
: ) M !
Generation g 1 of ifofl >0,
T v Z_; 0  otherwise
N .
LeVE|-3 Se = 1 Z 0;-9 lfof 2 OShta
N =0 otherwise
=
LTECNIRAVIN

Lewvel-2

General-Levve
= >




Scoring )
Paradigm-level

The harmonic mean between Generalists with Synergy
Comprehension and Generation = synergy across
scores Compr'ehensio
Sy = 25cSa . N and
Sc + Sa Generation

Level-4

Generalists with
=y nergy in
Comprehension
and/ or
Generation

Generalists of Unified
Comprehension Lewvel-=
andsor Generation

——
- 9

General-Level

Spaecialis+t

= 79
Level-1 =3




Cross-modal Total

Scoring
Level-5
. Generalists with
total synergy
gcross Comprehensi
= X where A
S5 = Sa xwp, *“on, Generation and L
S
wp, = —L  where anguage
total
1« it op >
T W O =~ Osota
Sp = — .
L T Z 0  otherwise
k=1
PR S
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Paradigm-level Generalists with
synergy across

Comprehensio

N and
Generalists with Generation
Task-level synergy in
Comprehension Level-3
and/or
Generation

Level-5
Generalists of Unified

Comprehension
and/or Generation

Generalists with
total synergy
across Comprehensi
on, Generation and L
anguage

Level-3

Cross-modal Total

Specialist
s

General-Level

Level-1




Path to Multimodal Generalist: General-Level

B General-Level: Synergy-centered evaluation framework

£® ¢ . . 6 . . . .
v Generalists in Level 2 % Generalists in Level 3 & Generalists in Level 4
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3% Generalists in Level 5

Modalities

Synergy across Modalities



Path to Multimodal Generalist: General-Level

B What is a (Multimodal) Generalist?

» One single model is capable of handling multiple tasks
» In most cases, an LLM serves as the core intelligence component
» At the very least, can be prompted using natural language to express user intentions

» c.g, MLLMs, or large multimodal foundational models, as well as multimodal agents

"oy W neroer I



>,< Path to Multimodal Generalist: General-Level

B What is a (Multimodal) Specialist?

» In most cases, a specialist model can — and only can — achieve SOTA performance on a specific task
» Itis typically fine-tuned on the training set of that task
» In most cases, the model often has a smaller parameter size compared to generalist models

» It mostly does not incorporate an LI.M as the core reasoning or intelligence engine

) T



Path to Multimodal Generalist: General-Level

B Relaxation of Scoring

» How to measure the synergy effect between on & on task-B ?

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

Py(ylA, B) > &  Pyyld, B) > Py(y|B)



Path to Multimodal Generalist: General-Level

B Relaxation of Scoring

» How to measure the synergy effect between on & on task-B ?

P,(YIA, B)




Path to Multimodal Generalist: General-Level

B Relaxation of Scoring

» How to measure the synergy effect between on & on task-B ?

the stronger a model’s synergy capability, the more likely it is to surpass
the task performance of SOTA specialists when there is a synergy.

Let’s simplify the rule:

if a generalist a SoTA specialist in a specific task, we consider it
as evidence of a synergy effect, i.e., leveraging the knowledge learned from
other tasks or modalities to enhance its performance in the targeted task.




Path to Multimodal Generalist: General-Level

B One more notice

7 . . . . g
> 'There's never a fair comparisons for generalist with specialist

Fine-tuned on training set No task-specific fine-tuning

Hard!

Unfair!

But Necessary!



Path to Multimodal Generalist: General-Level

B Modality-specific Scoring

calculate the specific score component S Ilc of a generalist in the ~th modality (assuming there are
N modalities in total) for the scoreS,, .

Szimg Sgid Szaud S 23d . S,
S;mg Sgid Sglud S 33d . Sy 1
S G R ) =si v
Sémg Sgid Sélud S 53d . S

1




Path to Multimodal Generalist: General-Level

B Independence from Peer Generalists
@ The scores of any generalist:

Ve depend solely on the data of the task and the reference score of SoTA specialist

X « without relying on the scores of other tested generalists



Path to Multimodal Generalist: General-Level

B Monotonicity Across Levels

Key Attribute:

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

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

» The monotonicity reflects increasing and demands at
higher levels.

* The property ensures that stronger generalists maintain consistent performance
across multiple difficulty levels.

» It provides a realistic and interpretable evaluation standard for generalist models.




Path to Multimodal Generalist: General-Level

B Encouraging Rich and Balanced Multimodal Task Support

Key Attribute:

» More task, the better

» More balance, the better



Path to Multimodal Generalist: General-Level

B Receipt to Leveling Upper in General-Level Level:s
Generalist with
Modality-level Synergy

Level-4
Generalist with
Paradigm-level Synergy

Level-3
Generalist with
Task-level Synergy

Level-2
Generalist with No

Synergy

Levels Up on

Level-1
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), - - -

A

A
1 {GC
Sc = v S ﬂi

gz b

1 a¥ ifcr'-c"gcrg,m
SG:EZ{J J

ifJiC > gC

- sota
otherwise

[

0 otherwise

J=1

2024d), Qwen2-
VL (Wang et al.,
2024a), In-
ernVL2.5 (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




>,< Path to Multimodal Generalist: General-Bench

B Why General-Bench?

So, where to evaluate generalist

models across these five levels?

Using Existing Benchmark 2
«



Existing MLLM Benchmark

MMMU MM-Vet
MMT-Bench

Limited Limited

Limited Limited
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145 multimodal skills

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 ——"

General

Identifying objects, entities,

. . - and events within the given
Pla.nnlng Ablhty multimn-dal dato nrpr‘.'givp]v
B e n C h 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



w9 Audio 3D Language
= T

Audio QA 3D Detecti . o
» Animal Sound Analysis 5 tecuon = Semantic Parsing
* Music Understanding ) : = Affective Computing
= Audio Content Analysis § D bMotionanalyes L. o
= Environ Sound Analysis * 3D Pose Estimation * Opinion Mining
« Specch Accent Analysis * 3D Tracking = Relation Extraction
. i = 3D Human-related .
peanisC RUBGL, Ben Exmcion
Analysis * 3D Indoor Scene Seman- = Behavioral Analysis
. tic Segmentation N dE
= 3D Outdoor Scene Sem- gl nhty
antic Segmentation Recognition
- ees " CG e Ea Y

. ) 1maze L oy
e _ 1_

Music Style Transfer = Di - Video Action Prediction

General

= Music Synthesis B = Image Captioning = A¢ " VideoQA
B e n C h * Speech Style Transfer + R * lmage Depth Estimation - p * Object Matching
= Image2Audio Synthesis « p = Image OCR = Object Tracking
» Emotional Speech Gen = Image Recognition = M: = Video Grounding
D o= = T = Semantic Segmentation = Nu ° Long Video Tracking
= Image Visual Grounding = Video Depth Estimation
* * = Image Visual QA 20580 |. Video Adtion Recog
= Scene Recognition = Su = Video Event Recog

= Multimodal Reasoning eI Video Object Recog

= Multi-image Visual QA = Optical Flow
702 tasks - ossbem  rTe .-

- ]
S: Generation
_ = === = Conditional Video Gen
= Text-based Img Editing * Image2Video Generation
= Text-to-Img Generation = Text2Video Generation
= Image Inpainting = Video Action Generation
= Image Enhancement = Video Editing
= Image Style Transfer = Video Enhancement
= Layout2Img Generation D ox

= Sketch2lmg Generation
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Path to Multimodal Generalist: General-Bench

B Statistics of General-Bench

Language TOTAL

. Single 40 15 20 6 9 11 13 9
e e - S % T T 00T T T T T T T 22 145
Single 271 45 126 46 24 20 30 22
Flask - ~qm 77~ 36 7o T T T M7 T T T T T 18 702
#lnstance . Single 124880 - 26,610 - 44442 16430 11,247 9516 23705 10614 oo 00 355076

Sum 151,490 60,872 20,763 34,319




Path to Multimodal Generalist: General-Bench

B Statistics of General-Bench

Benchmark SEED-Bench MMBench MMMU LVLM-eHub MMIU MMT-Bench MEGA-Bench General-Bench
Txt,Img,Vid,Aud,
. ) Time.Depth,3D-RGB
. ) Txt,Img,Vid, Txt,Img,Vid, ) . ; ’
Modality Txt,Img,Vid TxtImg  TxtImg Txt,Img e el aniclond] Txt,Img,Vid Point-Cloud,Infrared,
Spectrogram,Radar,
Code,Doc,Graph,- - -
Task Scheme Comp. Comp. Comp. Comp. Comp. Comp. Comp. Comp.+Gen.
# Domain 1 1 6 1 1 4 5 29
# Skill 12 2 6 6 7 32 10 145
# Task 12 20 30 47 52 162 505 702
# Sample 19K 3K 11.5K 2.1K 11.7K 31K 8K 325.8K
Answer Form MC-QA MC-QA MC-QA  MC-QA MC-QA MC-QA Free-Form Free-Form
# Metric Acc. Acc. Acc. Acc. Acc. Acc. Origin (45) Origin (58)
Annotation Manual Repurposed Manual Repurposed Repurposed Repurposed Manual Manual
# Tested Models 12 21 24 8 22 30 22 172+102




# Meltric

Range

Calculation

Representative lasks

Path t "

2 Macro-Acct
3  EM-Acct
APt

5 mAP*t

6 FIt

Micro-F11
8 AUCt

-]

[0.1]
[0.1]
[0.1]
[0.1]
[0.1]
[0.1]

[0.1]
[0.1]

Accuracy is defined as the ratio of correctly classified instances to the total number
of instances.

Macro-Acc evaluates how well a model performs on average across all classes,
regardless of class imbalance.

Exact Match Accuracy evaluates the percentage of predictions that are exactly the
same as their corresponding references.

AP, Average Precision, is a metric used to evaluate the performance of object detection
tasks, reflecting the overall precision-recall trade-off across multiple thresholds.
mAP, Mean Average Precision, is the mean of Average Precision values across all
queries or instances:

F1 score is the harmonic mean of Precision and Recall.

Micro-F1 score is the harmonic mean of the Micro-averaged precision and recall.

AUC is used in binary classification tasks and measures the area under the ROC curve.

It represents the model’s ability to distinguish between classes.

Classification

Event Relation Prediction
QA, machine translation,
or summarization

Anomaly Detection

2D/3D Detection

QA
Classification
Image Generation

« Ranking-related
9 R@kt

10 AP@kt

11 mAP@kt

[0.1]

[0.1]

[0.1]

R@k measures the Recall rate at the top k results in tasks like image retrieval, where
the true positive must appear within the top k predicted results.

AP@k is the Average Precision calculated at an IoU threshold of k (k;j1). This metric
is typically used when higher overlap between retrieved items and ground truth items
is required.

mAP@k refers to the mean Average Precision where the Intersection over Union
(IoU) threshold is set to k (kj1).

Image Scene Graph Pars-
ing
Object Detection

Object Detection

12 EM@11 [0,1]  Exact Match at 1 evaluates the proportion of instances for which the model’s top 3D Question Answering
prediction exactly matches the correct answer.

13 ANLSt [0,1]  ANLS, Average Normalized Levenshtein Similarity, measures how well a model OCR
ranks items in a list based on their relevance to a query.

» Regression-related

14 MAE | [0,00) MAE, Mean Absolute Error, measures the average of the absolute differences between Object Counting

15 RMS |
16 MSE |

17 RMSE |

[0.00)
[0,00)

[0.00)

the predicted values and the actual values. It’s typically used in regression tasks.
RMS, Root Mean Square, is a metric for regression tasks that measures the square
root of the average squared differences between the predicted values and true values.
MSE, Mean Squared Error, is commonly used for regression tasks and measures the
average squared differences between predicted values and actual values.

RMSE, Root Mean Squared Error.

Image Depth Estimation
Object Matting

Time Series Prediction

e Text Generation-related




P ~ # Metric Range Calculation

C s CLAPYT [0,1] CLAP (Contrastive Language-Audio Pretraining) evaluates the alignment between
generated audio and text. It is derived from a contrastive learning framework where
embeddings of audio and text are trained to be close in a shared latent space if they
are semantically related.

. ‘ 51 Style-CLAP T [0.1]  Style-CLAP calculates the CLAP cosine similarity between the generated Mel spec-
trograms and the comresponding textual description of the style to evaluate style
fit.

52 MCD) [0z} Mel-cepstral distortion (MCD) measures the spectral distance between the mel-
cepstral coefficients (MCCs) of generated speech and reference speech, providing an
indication of how closely the generated speech resembles the reference in terms of
acoustic characteristics.

53 WER | [0,1]  WER {Word Error Rate) measures the percentage of errors in the transcribed output
compared to the reference transcription.
53 FAD | [(,oc) Frechet audio distance (FAD) evaluates the quality and realism of generated audio,

and measures the similarity between the distribution of features obtained by VGGish
in generated audio and those in a set of real (reference) audio samples.

535 PCCt [0,1]  Pitch<Class Consistency (PCC) is a metric used in the evaluation of generated music
to assess how consistent the pitch classes (e.g., notes) are across pairs of bars in a
plece of music. It measures the overlapping area between the pitch-class histograms
of different bars, ensuring that the generated music maintains harmonic coherence.

Representative Tasks
Audio Editing

Music Style Transfer

Speech Synthesis

TTS

Video-to-Audio

Music Generation

+ Human-aware Evaluation

56 UPR T [0,1] UPR, User Preference Rates, UPR measures the proportion of times a particular
system or model is preferred over alternatives in a set of user evaluations. It reflects
the subjective preferences of users and is often derived from pairwise comparisons or
ranking experiments.

57 MOS T [1.5] Mean Opinion Score (MOS), in which human raters listen to synthesized speech and
assess its naturalness, quality, and intelligibility using a 5-point Likert scale.

58 GPT-Score 1 [0,1] GPT-Score evaluates the instruction following rate with GPT assistance, as an alter-
native to human evaluation.

Video Style Transfer

Speech Generation

Audio Question Answer-
ing




Path to Multimodal Generalist: General-Bench

B How are the evaluation metrics?

» Mapping Functions of Scoring Mettic

+ MNormalizing MAE:
all
y = 2 x sigmoid (a ) — 1., wherex € [0, +0a), ye(0.1).

+ Normalizing RMS:

a0
y = 2 x sigmoid (a? — 1., wherex € [0, +2), ye(0.1).
+ Normalizing MSE:
|4
y = 2 % sigmoid (E]) —1, wherex € [0,42x), we(0,1).
+ Normalizing RMSE:
|4
y = 2 % sigmoid (E]) —1, wherex g [0, +20), ye(0.1).

+ MNormalizing absRel:

0.1
¥ =2 x sigmoid (—) —1, wherez € [0,40c), we(0.1).
T



Path to Multimodal Generalist: General-Bench

B How are the evaluation metrics?

» Mapping Functions of Scoring Mettic

+ Normalizing RTE:
0.5
y = 2 x sigmoid (?j) —1, wherex € [0,+2¢), ye(0.1).

)
)

y=1—xz, whereze[0,1], ye[0,1].

+ Normalizing CD:
where r € [0, +2¢). y € (0. 1).

L

-1
+ Normalizing MCD:
-1

5 |

y = 2 = sigmoid (

y = 2 x sigmoid where r € [0, +2¢). y € (0. 1).

B

+ Normalizing WER:

+ Normalizing MS-S5IM:
whﬂremE[—l,l], HE[{]:-I]‘

+ Normalizing MOS:

where x € [1,5], y e [0,1].



Path to Multimodal Generalist: General-Bench

B How many multimodal generalist are included?

# Model Backbone Size Modality Support Paradigm
e Language-oriented (Closed/Open-sourced) Models
1  Meta-Llama-3.1-8B- Llama 8B Language /
Instruct (Touvron et al.,
2023)
2 Gemma-2-9b-it  (Team Gemma 9B Language /
et al., 2024b)
3 GPT-J (Wang and Komat- GPT-J 6B Language /
suzaki, 2021)
4  ChatGLM-6B (GLM et al., ChatGLM 6B Language /
2024)
5 Qwen2.5-7B-Instruct Qwen2.5 7B Language /

(Yang et al., 2024a)




Path to Multimodal Generalist: General-Bench

10

11

12

B How many multimodal generalist are included?

InternLM2-Chat-7B (Cai
et al., 2024)

Baichuan2-7B-Chat (Yang
et al., 2023)
Vicuna-7b-V1.5 (Chiang
etal., 2023)

Falcon3-7B-Instruct
(Almazrouei et al., 2023)

Ministral-8 B-Instruct-
2410 (Jiang et al., 2024a)
Yi-lightning (Young et al.,
2024)

GPT-3.5-turbo  (OpenAl,
2022a)

Intern.M?2

Baichuan2

Vicuna

Falcon3

Ministral

Llama

GPT3.5

7B

7B

7B

7B

8B

6B

Language
Language
Language
Language
Language
Language

Language



Path to Multimodal Generalist: General-Bench

B How many multimodal generalist are included?

o Multimodal Close-sourced Models

1
2

GPT4-V (OpenAl, 2022b)

GPT4-0-mini  (OpenAl,
2022b)

GPT4-0 (OpenAl, 2022b)
GPT4-0-4096  (OpenAl,
2022b)

ChatGPT-o-latest (OpenAl,
2022b)

Claude-3.5-Sonnet (Team,
2024)

Claude-3.5-Opus (Team,
2024)

Gemini-1.5-Pro  (Team
et al., 2024a)

Gemini-1.5-Flash (Team
et al., 2024a)

GPT4
GPT4

GPT4
GPT4

GPT4
Claude-3.5-Sonnet
Claude-3.5-Opus
Gemini

Gemini

Language, Image

Language, Image

Language, Image
Language, Image

Language, Image
Language, Image
Language, Image
Language, Image

Language, Image

Comprehension

Comprehension

Comprehension
Comprehension

Comprehension
Comprehension
Comprehension
Comprehension

Comprehension



Path to Multimodal Generalist: General-Bench

e Multimodal Open-sourced Models

1

2

10

Yi-vision-v2 (Young et al.,
2024)

Emu2-37B (Sun et al,
2024)

InternVL2.5-2B (Chen
et al., 2024¢)

InternVL2.5-4B (Chen
et al., 2024¢)

InternVL2.5-8B (Chen
et al., 2024¢)

Mini-InternVL-Chat-
2B-V1-5 (Gao et al., 2024)

Mini-InternVL-Chat-
4B-V1-5 (Gao et al., 2024)

InternL M-XComposer2-
VL-1.8B (Dong et al.,
2024)

MoE-LLAVA-Phi2-2.7B-
4e-384 (Lin et al., 2024a)

Monkey-10B-chat (Li etal.,
2024e)

LLaVa

LLaMA-33B
internlm2_5-1_8b-chat
Qwen2.5-3B-Instruct
internlm?2_5-7b-chat
InternLM2-Chat-1.8B
Phi-3-mini-128k-instruct

Intern.M2-Chat-1.8B

Phi2

Qwev-7B

6B

37B

2B

4B

8B

2B

4B

1.8B

2.7B

10B

Language, Image
Language, Image
Language, Image
Language, Image
Language, Image
Language, Image
Language, Image

Language, Image

Language, Image

Language, Image

Comprehension

Comprehension+Generation

Comprehension
Comprehension
Comprehension
Comprehension
Comprehension

Comprehension

Comprehension

Comprehension



Path to Multimodal Generalist: General-Bench

62

63

64

65

66

67

68

69

70

71

B How many multimodal generalist are included?

PointLLM-13B (Xu et al., LLaMA
2025)

3D-VisTA (Zhu et al., BERT
2023b)

AvatarGPT (Zhou et al., T5-large
2024a)

MotionGPT-T5 (Jiang TS5
et al., 2024b)

MotionGPT-LLaMA LLaMA
(Zhang et al., 2023e)

LLaMA-mesh (Zhang LLaMA
et al., 2023e)

GAMA (Ghosh et al., Llama-2-7b-chat
2024)

Pengi (Deshmukh et al., GPT2-base
2023)

WavLLM (Hu et al., LLaMA-2-7B-chat
2024b)

SALMONN-7B (Tang Vicuna-7B
et al., 2023)

13B

1.3B

770M

220M

13B

B

7B

124M

7B

B

Language, 3D
Language, 3D
Language, 3D
Language, 3D
Language, 3D
Language, 3D
Language, Audio
Language, Audio
Language, Audio

Language, Audio (Speech)

Comprehension
Comprehension
Comprehension
Generation
Generation
Generation
Comprehension
Comprehension
Comprehension

Comprehension



Path to Multimodal Generalist: General-Bench

B What General-Bench Unveils? —— General-Level Leaderboards
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Hero at Level-4 Ranking in
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Hero at Level-5 Ranking in

Submit your multimodal generalist to the leaderboard!
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Path to Multimodal Generalist: General-Bench

B What General-Bench Unveils? —— Quantitative Performances



Image Comprehension Skill (Avg within each #1-C Group) Task Completion Level Score on Image
#2 #3 it #5 i #7 #8 #Y

#1 #10
Model #11 #12 #13 #14 #15 #l6 #17 #18 #1Y #20  #5y ed  #Win-over-
#21 #21 423 #24 425 26 #27 #28  #29  #30 Tag Speciatisy  cve- Level-3 Level-d

#31  #32  #33  #34  #35  #36 #37 #38  #39  #40

5127 5332 4204 2230 39.02 2242 4602 1567 51.20 Z5.01
3640 6515 4378 5890 6373 BT84 5866 7225 3451 9570
7000 5040 6597 1660 700 35048 1990 5355 64.10 3590
I980 5720 3400 6327 2960 E7.10 9500 3960 3642 B202

SoTA Specialist

6942 5H64 3954 000 6618 3608 6174 000 1690 2088
000 000 5104 6352 000 7090 51600 000 000 000
7190 3712 5030 1606 7220 000 000 7251 000 9798
4005 000 9040 000 3164 B9.10 2222 2254 18508 B4B4

TIET 6342 4323 000 7156 3965 63E3 000 6780 2324
000 000 7123 6154 000 7938 53525 000 000 000
8130 3961 4863 1512 93.00 000 000 7753 000 9879
4430 0.00 9040 000 3347 9120 3556 2480 21.12 BY.ER

7233 2341 3939 000 6238 3430 6625 000 3920 2379

Gemini-1.5-Pro 000 000 6086 400010 000 000 5809 000 000 000
: 8457 3155 6087 1520 8640 000 000 7672 000 96576

3641 000 9800 000 3845 92.00 3037 22018 21.20 B323

67.00 2579 3735 000 5945 2991 6361 000 5650 2219
000 000 5532 3292 000 000D 5457 000 000 0.00
B063 2B97 5691 1657 E2e60 000 000 7357 000 9342
2853 000 9640 000 2997 9020 2759 2064 1822 E040

6338 5769 3995 000 6335 3450 6343 0.00 4562 2044
000 000 6021 5815 000 6657 5123 000 000 000
7039 4119 3475 1387 7780 000 000 7304 000 9465
328 000 9138 000 000 8731 2387 2871 25735 B465

GFT-4V 177 (65.1%) 105 (38.6%) 18.16 12.85 (.00

GPT-40

177 (65.1%) 112(41.2%) 1967 14.51 (.00

177 (65.1%) 101 (37.1%) 1967 12.66 (.00

Gemini-1.5-Flash

177 (65.1%) 94 (34.6%) 1854 1085 0.00

Clande-3_5-Opus 178 (65.4%) 93 (34.2%) 18,00 11.08 0,00

DT 5633 2943 4546 2145 6420 000 000 5459 000 7034 !73(654%) 32(19.1%) 3030 318 1.3
1773 000 7280 000 000 73.40 3172 1409 1873 5697
5532 344 3416 000 4261 4204 5134 000 000 2435

Phi-3.5.Vision. 000 000 4100 2177 000 000 5213 1189 000 0.00

Instroet 67.56 3232 5151 2370 90.10 000 000 5768 000 5202 79(638%) B5(A13%) 1646 339 0.00
1931 0.00 8340 000 1502 80.00 398 2306 2541 7131
6698 574 3564 000 5658 4050 4879 000 4318 2532

owenz.vL7og 000 D00 3566 2944 0060 000 SO87 1089 000 000 ool g0 et a b 000



Image Generation Skill (Avg within each #I-G Group) Task Completion Level Score on Image

Model #1 B2  #B M #5 #6  #7  #8  #Supported #Winning-
#9 #0  #11  #12  #13  #14  #15 Task Specialist  [vel-2 Level-3  Level-4
SoTA Specialist 1870 4540 3377 1630 486 2400 9929 1506 } , ; ; ;

53.16 1647 2533 4393 2035 6744 36.11

127.10  0.00 37.10 7.51 12742 9833 0.00 0.00
SEED-LLaMA-14B 30.18 8790 1458 17533  0.00 518 62.60 35(77.8%)  0(0.0%) 26.81 349 0.00

9352 000 3485 853 101.80 8195 000 0.00
Emu2-32B 4051 11855 1543 15426 000 5709 S8.17 34(75.6%) 2(44%) 3050 518 125
15821 000 4047 1030 11721 11591 000 0.00

28.88 108.06 1491 19339 0.00 53.02 6421

79.79 0.00 3135 11.87 149.78 5923 0.00 0.00
4640 89.78 1579 16154 0.00 50.18 51.68

49.71 0.00 6.00 3.91 7571  41.20 0.00 47.30
NExT-GPT-V1.5 2819 8645 653 5342 1245 3808 7272 41 (91.1%)  0(0.0%) 18.69 3.24 0.00

. 1978 000 2117 745 3215 3533 86.53 2347
Vitron-V1 37.88 2489 1795 31.04 000 4830 58.87 42(93.3%) 3(6.7%) 3013 765 459

AnyGPT 36 (80.0%)  0(0.0%) 23.10 1.29 0.00

LaVIT-V2 (7B) 36 (80.0%)  0(0.0%) 29.50 3.71 0.00




Video Comprehension Skill (Avg within each #V-C Group) Task Comple_tiun Level Score on Video
VUL B Mz M3 414 KIS #l6 A7 I8 H19 #20 el Speciali Levl2 Leveld Leveld
e T e I
InternVL-25-88 o> Tt 1Iol 1885000 000 000 000 000 000 S5437%) S@40% 576 124 0.00
InternVL-2.5-26B 3 o 301 S TL ST 000 000 000 000 000 000 5537%) 26(206%) 670 376 0.00
e L2 R B BT 0 000 00 00 OB ey mars ww 52 oo
DeepSeck-VL-2 =0 500 0 L O oh ooe 390 SS(37%) 5@40%) 398 064 000
e 0 B 3 85 0 2 32 B 0 e e w0 o
ovass L BASE SO M0 00 00 1 098 00 o masen e 4% o
o N TS0 0 A 0000 00 OB sy o s 4 oo
Givis I B T 0 000 0 000 00 00 Gi0n) sese am 1 o
InernVL-2-8B o) 00 1S AT 000 000 000 000 000 090 55437%) 0(00%) 564 046 0.00
Long-LLaVA-9B 30t 209 1589 1553 0.00 000 000 000 000 000 s4429%) 22(17.5%) 584 381 0.00




Video Generation Skill (Avg within each #V-G Group) Task Completion Level Score on Video

Model #1 # #3 #4 45 #6  #Task-Supprt  #Win-Spclst  Level2 Level-3  Level-4
SoTA Specialist ~ 69.09 5579 8894 6290 3779 5146 / / / / /
VidAgent 5242 4773 8884 6361 000  0.00 30 (65.2%) 0 (0.0%) 2500 0.0 0.00
LM4LV 000 000 000 000 2590 593 8 (17.4%) 0 (0.0%) 6.74 0.00 0.00
NEXT-GPT-VI.S 2678 672 13022 1603 008  0.06 40 (87.0%) 0 (0.0%) 8.34 0.71 0.00

Vitron-V1 36.74 19.32 116.31 25.09 0.08 0.06 40 (87.0%) 0 (0.0%) 18.72 3.04 0.00




Audio Comprehension SKill (Avg within each #A-C Group) Task Completion Level Score on Audio

Ll #1 #2 #3 #4 #5 #6 #7 #8  #9 #Task-Supprt #Win-Spelst  Level-2 Level-3 Level-4

SoTA Specialist 87.27 79.08 70.62 79.00 71.87 6290 5870 77.90 78.07 / g / / /

Qwen-Audio-Chat  56.93 68.77 76.80 37.70 47.71 19.79 56.44 85.15 78.50 30 (100.0%) 6 (25.0%) 28.39  10.57 0.00
Qwen2-Audio-Instrun 72.65 74.80 61.40 36.80 4582 1345 61.68 78.95 67.99 24 (100.0%) 6 (25.0%) 28.61 8.53 0.00

GAMA 57.00 64.20 68.00 53.20 18.43 26.95 4885 8555 61.80 23(95.8%) 4 (16.7%) 26.35 7.15 0.00
Pengi 52.88 60.07 56.70 36.78 19.77 19.55 4295 77.40 61.17 23(95.8%) 1(4.2%) 23.29 1.74 0.00
SALMONN-13B 67.89 56.33 67.80 2945 24.67 19.36 4395 7655 56.67 23 (95.8%) 2(8.3%) 2395 3.61 0.00
WavLLM 64.45 41.07 71.20 30.08 31.30 26.55 45.75 6140 64.57 24 (100.0%) 2 (8.3%) 23.49 3.28 0.00

NExT-GPT-V1.5 4323 29.13 65.80 26.70 14.47 25.65 4795 70.20 69.43 24 (100.0%) 0(0.0%) 25.05 1.34 0.00
PandaGPT (13B) 41.80 20.23 4520 2098 847 20.50 4225 5480 65.83 24 (100.0%) 0(0.0%) 16.98 0.65 0.00
ModaVerse-7b-v0  34.10 16.37 32.80 1520 6.60 890 35.05 4920 60.13 23 (95.8%) 0(0.0%) 26.10 1.14 0.00
Any-GPT 4450 32.13 63.40 48.08 16.27 36.40 52.65 6795 44.63 23(95.8%) 1(4.2%) 29.06 3.29 0.00
Unified-io-2-XXL  30.15 27.60 56.10 28.58 15.47 38.35 38.70 63.50 60.63 24 (100.0%) 0(0.0%) 25.63 1.01 0.00




Model Audio Generation Skill (Avg within each #A-G Group) Task Completion Level Score on Audio
#1  #2 #3 #4 #5 #e #7 #8 #9  #10 #11 #Task-Supprt #Win-Spclst  Level-2 Level-3 Level-4

SoTA Specialist 31.50 3.82 3.64 4.68 41.54 51.40 11.52 6.80 8.33 22.88 20.33 / / / / /

Unified-io-2-XXL 18.36 2.03 5.11 40.52 1641 24.31 16.97 86.23 9452 025 224 17 (85.0%) 0(0.0%) 2563 101 0.00

Any-GPT 2350 3.24 457 3358 13.38 14.05 27.49 4536 8389 025 247 17(85.0%) 1 (5.0%) 29.06 329 0.00
NExT-GPT-V1.5 13.60 1.15 4.07 50.51 3451 1.35 1236 96.70 9923 025 7.77 17 (85.0%) 1 (5.0%) 2505 134 0.00
AudioGPT 0.50 1.32 461 23.10 2948 0.00 000 4630 7998 025 0.00 13(65.0%) 1 (5.0%) 8.80 3.02 0.00
SpeechGPT 0.10 2.79 4.44 3235 0.00 0.00 0.00 3024 8554 025 000 11(55.0%) 0(0.0%) 7.22 0.00 0.00

ModaVerse 12.30 1.15 4.29 50.50 28.99 1.05 16.45 100.00 100.00 0.25 4.17 17 (85.0%) 2 (10.0%) 26.10 1.14 0.00




3D Comprehension Skill (Avg within each #D-C Group) Task Completion Level Score on 3D

L #1 #2 #3 #4 #5 #6 #7 #8 #9 #10 #11 #12 #13 #Task-Supprt #Win-Spclst  Level-2 Level-3 Level-4
SoTA Specialist 96.24 98.35 97.78 78.50 70.02 81.20 55.00 88.28 75.20 9.96 68.52 47.14 22.30 / / / / /
3D-VisTA 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 46.37 0.00 7(23.3%) 2(6.7%) 541 1.07  0.00

PointLL.M-7B 46.16 7.50 72.86 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 8(26.7%) 0(0.0%) 6.53 0.00 0.00
PointLLM-13B  48.79 10.00 78.14 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 9(30.0%) 0 (0.0%) 7.00  0.00 0.00
3D-LLM 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 46.34 0.00 7(23.3%) 1(3.3%) 541 1.38  0.00
AvatarGPT 0.00 0.00 0.00 000 0.00 000 000 0.00 0.00 0.00 0.00 0.00 1270 1(3.3%) 0(0.0%) 021 021 0.00




Model #1

3D Generation Skill (Avg within each #D-G Group)

#2

#3

#4 #5 #6

#7

#8

#9 #Task-Supprt  #Win-Spclst

Task Completion

Level Score on 3D
Level-2 Level-3 Level-4

SoTA Specialist 0.22

7.12E-5 2442 25.69

78.06 83.64 6540.02 6540.02 0.23

!

/

/ i /

MotionGPT-T5 0.00
MotionGPT-LLaMA 0.00
LLaMA-Mesh 0.00

0.00
0.00
0.00

0.00
0.00
0.00

0.00 0.00 0.00
0.00 0.00 0.00
17.55 0.00 0.00

0.00
0.00
0.00

0.00
0.00
0.00

0.51
0.60
0.00

1 (4.5%)
1 (4.5%)
1 (4.5%)

0 (0.0%)
0(0.0%)
0 (0.0%)

0.00 0.00 0.00
0.00 0.00 0.00
1.60 0.00 0.00




Language Skill (Avg within each #L. Group) Task Completion Level Score

Model #1 #2  #3  #4 #5  #6  #7  #8  #9  #10  #11  sSupported #Winover- |
#12  #13  #14  #15  #16 #17 #18  #19  #20 #21  #22  Task Specialist -
SoTA Soecialist 62.62 8623 7678 7100 5802 6280 7511 77.84 7970 7191 2827 ) , !
P 8695 031 9440 9141 8605 86.03 8472 8367 5861 7773 9238
Meta-Llama3.1- 3975 5676 5421 6052 2001 37.17 3623 2912 5323 4449 14.80
8B-Instruct 4534 795 7640 5180 6590 41.10 2449 3070 808 3240 5435 113(983%) 0(0.0%) 0.00
ChatGLM-Gh 2897 3324 3724 4610 1939 2784 1885 3588 2785 3851 1393 oo o000 0.00

42.84 1091 41.80 4581 2450 1645 0.12 841 270 2380 4537

. 2478 11.18 3344 41.19 451 1325 1994 3527 5481 4058 5.06
Vicuna-7b-v1.5 4398 1141 000 000 000 096 007 047 000 2313 1540 2(626%)  0(0.0%) 0.00

36.79 58.36 4991 56.80 21.38 37.12 32.03 4211 55.79 42.07 15.56

Falcon3-7B-Instruct  jo'15 "575 8380 8580 45.65 42.86 27.64 3422 11.19 39080 5875 112(974%)  0(0.0%) 0.00
Ministral-8B- 4174 5421 4953 5192 3932 4049 1300 2286 56.87 4346 1373

Instruct-2410 2339 11.08 8480 72.60 5670 37.14 628 3138 937 2553 4044 120974%)  0(0.0%) 0.00
S———— 4173 6054 5539 60SI 2053 3983 2245 4357 6252 4203 1529 | ocao oo0on 0.00

5268 537 72.60 5624 64.75 43.59 28.27 4284 2534 29.27 6049

27.55 6240 3457 3255 1443 2784 2779 36.07 6536 42.11 1396
GPT-4V 4456 3.16 86.20 83.23 65.10 53.82 5414 4545 33.86 2646 2424 113 (98.3%)  0(0.0%) 0-00

26.25 62.57 3398 3150 16.20 26.26 27.14 36.64 66.86 42.69 14.49

SR 4641 258 8540 8630 6750 56.10 5742 4697 3952 3207 2850 113(983%) 0(0.0%) 0.00
o B0 VS 801 D% T WM AT a0 B0 e 0w o
s B 42 55 L A 9 08 ED T 0N Lew oar oo
R T
avege I 0RO BE HN NN OAT 52 48 O e sem oo
e VL2588 4293 4776 5954 3117 4286 3272 5098 4302 3085 5123 907 iiwoie 0(0.0%) 0.00

71.96 7520 5540 06840 56.75 55.60 22,12 3648 9.80 32.13 53.67



Path to Multimodal Generalist: General-Bench

B What General-Bench Unveils? —— Quantitative Performances

Observation-1: Lack of task support.

» Observation-2: Few generalists surpass the SOTA specialist.

« Observation-3: Focus more on content comprehension than supporting generation.

» Observation-4: Insufficient support for all modalities.

» Observation-5: Multimodality does NOT really enhance language.



>,< Path to Multimodal Generalist: General-Bench

B \What General-Bench Unveils? —— In-depth Analysis

»k ,: e 1
e = =
Task Modality Supporting Capabilities on
Supporting Comprehension vs. Generation
ralaigiag Z
[ B B L [ S s A-ELES )
e ek b ;
# s r‘ _I1 Mint-Gemint Vitron-V1 Emu2-378
synepgy Across Synergy Across Synergy Across
Skills Modalities Comprehension and

Generation



Task
Supporting

Current MLLMs generally exhibit
imited Task Support, with a

Strong Dias toward Simpler

Comprehension Tasks and
significant challenges in covering
diverse and complex generation
skills across modalities.

0 Grrav
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Modality
Supporting

Most MLLMs support Only a

Single non-language Modality,

while only a few-like NExT-
GPT-1.5 or Unified-IO-

7 demonstrate truly broad, all-
modality capabilities.

Image

@ GPT-4V
{  GPT-4o

Gemini-1.5-Pro
4 Emu2-32B
" linternVL2.5-8B
@ Mini-Gemini
) Qwen2-VL-72B
@ SEED-LLaMA-14B

£ Vitron-V1

@ NEXT-GPT-VI1.5

{ AnyGPT

ModaVerse-7B-v0




Comprehension
VS.
Generation

Most MLLMs are Stronger

at Comprehension than

(eneration, due to the
greater complexity and
training cost of generation;
only a few models, like
Vitron-V1, demonstrate
balanced capabilities across
both paradigms.

GPT-4V

GPT-40
Gemini-1.5-Pro
Emu2-32B
InternVL2.5-8B
Mini-Gemini
Qwen2-VL-72B
SEED-LLaMA-14B
Vitron-V 1
NExT-GPT-V1.5
AnyGPT

ModaVerse-7B-v0

o
- -

@B Comprehension

65.3

65.3

65.3

58

24

58.4

64.1

80.8

56.6

W
e
\e]

@ Generation

30

60



Synergy
Across Skills

Synergy effects in MLLMs
are Uneven across

Ski”S, with stronger
synergy observed
ingeneration tasks and among
closely related skills,
particularly in models with
higher Level3 scores.

Image Comprehension

Image Generation

GPT-4V

Gemini-1.5-Pro Emu2-32B Qwen2-VL-72B DeepSeek-VL-7B

- |
36 : | ! :
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11 ] | ] ]
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v hd
Video Comprehension Video Generation
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Only a few MLLMs exhibit synergy
Syner'gy ACross between comprehension and generation,

with Mini-Gemini showing the strongest effect-mainly

Comprehension & Generation itk the image modaiiy.

6.23

4.59

1.25

A

Mini-Gemini Vitron-V1 Emu2-37B

O = o W = D DN




Synergy Across
Modalities

Language
Audio

3D

Video

Image -

Synergy is Strongest between image and video

modalities, while language shows only one-way synergy toward
other modalities; no modalities really-significantly enhance
language tasks-highlighting a key limitation of current MLLMs.

§o
=

(]
ﬂ@a
SN

AnyGPT PandaGPT-13B

ImageBind-LLM ModaVerse-7b-v0 Unified-io-2-XXL NExT-GPT-V1.5



Path to Multimodal Generalist: General-Bench

B How to use General-Bench?

General-Level General-Level
Open Set Close Set

With inputs and labels of samples all With only sample inputs available, which
publicly open, for open-world use (e.g. participants can use for ranking in our
academic experiment). leaderboard.



Path to Multimodal Generalist: General-Bench

B How to participate the Leaderboard?



General Bench Four-scoped
Ieaderboard

Scope-A: Full-spectrum Hero

lud Difficulty: 57 5§ 55 5§ 55 5
/2 Number of leaderboards: 57

+
* k k Kk Kk k

Q Details:

« Covers all General-Level tasks and modalities.

v Most challenging track; requires high model capacity and
resource commitment.
/8 Highlights:

« Evaluates holistic generalization and cross-modal synergy.

« Suitable for near-AGI or foundation-level multimodal
generalists.



General Bench Four-scoped
Ieadep@oard

I Difficulty: sz s> s> sl
2 Number of leaderboards: s s s/~

+
* k k Kk Kk k

Q Details:

v 7 separate leaderboards (4 single modality + 3 combined
modality).
+ Focuses on mastering diverse tasks within a single modality.

/% Highlights:

v Measures within-modality generalization.

« Suited for intermediate-level models with cross-task
transferability.




General Bench Four-scoped
—leaderboard

Scope-C: Comprehension/Generation Hero

+
* k k Kk Kk k

[ Difficulty: s % s
£ Number of leaderboards: s s s 5%
Q Details:

+ 8 leaderboards: 2 x 4 for multimodal comprehension/generation
under different modalities.

v Supports entry-level model evaluation or teams with limited
resources.

/8 Highlights:

+/ Assesses task-type specialization: understanding or generation.
+ Reflects generalization across task types.



General Bench Four-scoped
—teadeoa rd

Scope-Dr Skill-specific
Hero
[/ Difficulty: sz 57 557
/2 Number of leaderboards: sy 57 s v 7 57 s
Q Details:

+
* kK Kk ok

v Large number of sub-leaderboards, each scoped to a skill set
« Easiest fo participate; lowest cost.

/8 Highlights:

+ Evaluates fine-grained skill performance.
v Helps identify model strengths and specialization areas.



General Bench Four-scoped

leaderboard
Scope-A: Full-spectrum Hero

Scope-B: Modality-specific ‘Unified Hero — +




Ptk to Mult' maodal! Generalict: General-Bench

'

B Model Diagnostics

Model Diagnostics c&

In this page, we present a comprehensive diagnostic analysis of multimodal generalist models that are included in our General-Bench @ leaderboard. Built upon an exceptionally
large-scale, multi-dimensional [3]] evaluation benchmark, General-Bench enables broad and in-depth assessment across diverse modalities, tasks, and paradigms .

While leaderboard rankings §f offer a high-level view of overall performance, they often mask the nuanced strengths and weaknesses exhibited by each model across different
dimensions. To bridge this gap, our Model Diagnostics aims to unpack these subtleties—identifying where each model excels & and where it struggles A\ across modalities,

capabilities, and task types.

We believe such fine-grained diagnostics are essential for guiding the future development of stronger and more robust multimodal models g7 . We believe this effort plays a critical
role in advancing the field toward truly universal multimodal generalists—and ultimately, Artificial General Intelligence (AGI) &



Submission and Contribution

Welcome to submit your Multimodal Generalist to General-Level leaderboard, or contribute your dateset to General-Bench to maximize the visibility.

£ Guidelines for Submitting Model to Leaderboard

Please first download the corresponding close-set data for your selected leaderboard (based on its unique identifier).
You are also encouraged to download the open-set dats for model debugging and development purposes.
Based on the close-set data, conduct inference using your model, and save the output results into a single [model]-[1eaderboard-id]. zip file.
In the following submission process, in addition to uploading the evaluation result file, please fill in the following required information fields to help us properly process your submission on the
backend.
Please refer to the for more detailed instructions.
To ensure fairness of the evaluations, General-Level have implemented the following restrictions:
1. A maximum of submitting 2 results past 24 hours (excluding exceptions);
2. A maximum of submitting 4 results past 7 days (excluding exceptions);
3. Before the evaluation of the latest submission finished (evaluation results / error logs generated), users are not allowed to start a new submission.

Contribute to General-Bench

&

Click or drag file here to upload an evaluation result file (.zip)

Current file section status: no file selected



Submission and Contribution

Welcome to submit your Multimodal Generalist to General-Level leaderboard, or contribute your dateset to General-Bench to maximize the visibility.

? Guidelines for Contributing Data to General-Bench

« General-Bench is open and non-commercial. A key feature of this project for evaluating multimodal generalist models is the need for broad coverage—including diverse modalities, tasks, paradigms,
domains, and capabilities. We greatly appreciate your contributions of new data and tasks (3, which will also benefit the whole community. Once your data is included in General-Bench, your
contribution will be acknowledged on the website homepage 1o increase its visibility, and it will also be cited in our technical paper.
We especially welcome datasets that feature 1) highly challenging tasks, or (2) task definitions involving multiple modalities simultaneously.
Please fill in the required information fields. Refer to the for detailed instructions. This includes:

1. The name of the dataset (or task), the number of instances (including Open/Close set split);

2. The task’s modality, paradigm, domain, and targeted evaluation capabilities;

3. A description of the evaluation methodology used for the task.
Please submit your data as a single [data-name].zip file, together with an evaluation manual (might be txt, doc, md etc., all zipped in [data-name]-[eval-instruction].zip).

Submit to Leaderboard

i a

Click or drag file to this area to upload the dataset file (.zip) Click or drag file to this area to upload the data instruction file (zip)

Current file section status: no file selected Current file section status: no file selected



Path to Multimodal Generalist: General-Bench

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

Jan -r On Path To Multimodal Generalist: General-Bench &
]
E E Js youn MLLAM a well-rounded generalist?
None found y(’I ‘”IL\
' FI- ]

m 0C N i
u lal ChatG} Level 5: Generalists with total synergy across Comprehension,

Generation and Language

(Cross-Model Total )

Level 4: Generalists with synergy across Comprehension
25 and Generation
. (Paradigm-level )
tad

) Level 3: Generalists with synergy in Comprehension
= and/or Generation

* (Task-level )

O
nin

Project: https://generalist.top/

i T T 2 o za Level 2: Generalists of Unificd
lg @ @ @ @ @ ,z @ ! i l’ ﬁ ” &'" Comprehension and Generation
B =

. 1P o8 L M 5 v =
Paper: https://arxiv.org/abs/2505.04620 P iy o o -~ " (e )
[ o polt NEF
Benchmark: https://generalist.top/leaderboard
B B R A R TR et o ot Level 1: i ?
C)‘ﬂ, I ﬂ“,‘f”’! Pl it s” g 3!76 P fﬁrﬂ”’dj{n"‘ 0" P Specialists Benchmark

*  Hao Fei, Yuan Zhou, -, Jiecbo Luo, Tat-Seng Chua, Shuicheng Yan, Hanwang Zhang, “On Path to Multimodal Generalist: General-Level and General-Bench”
ICML.. 2025



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

' Table of Content

-~ What To Do Next

% From Generalist Model perspective

% From Evaluation Framework perspective



Path to Multimodal Generalist;: What’s Next

B Improving from Generalist Model perspective

105



>< Path to Multimodal Generalist: What’s Next

None found yet (Let's wait for

multimodal ChatGPT moment!) Level 5: Generalists with total synergy across Comprehension,

Generation and Language
(Cross-Model Total Synergy)

Level 4: Generalists with synergy across Comprehension
and Generation

(Paradigm-level Synergy)

and/or Generation

%: Level 3: Generalists with synergy in Comprehension

(Task-level Synergy)

1}“’ 30 13."" Level 2: Generalists of Unified
‘ 5 ! & Comprehension and Generation

S
‘ﬂd,l»‘ﬂ 6?1,,41 yaf'r sz.?"‘p (No Synergy)

Level 1:
Specialists



Path to Multimodal Generalist: What’'s Next

B Goals to Next-generation Multimodal Generalist

*  Multimodality

supporting diverse modalities and tasks, enabling models to seamlessly process and reason across language, vision, audio, and more—
much like human cognition

¢ Unification

integrating both perception and generation capabilities into a single architecture

* Advancement

enabling higher-order functionalities with advanced capability, such as fine-grained advanced reasoning in complex contexts

*  Generalizability

achieving cross-modality and cross-task generalization, where knowledge learned in one modality or task can transfer to others

107



Path to Multimodal Generalist;: What’s Next

B Angle-I: Multimodal Generalists with in-depth Modality&Task Unification

» Enhance breadth capability.

v" Supporting More Tasks

Breadth: More Unified

v" Supporting More Modalities

MLLM/
Multimodal Generalist

10



>2 Path to Multimodal Generalist: What’s Next

Input-side
Perceiving

Perceiving
+

Generating

Modality (w/ Language)

Image Video Audio 3D
Flamingo, Kosmos-1, Blip2, mPLUG-Owl,  VideoChat, Video- AudioGPT, SpeechGPT,  3D-LLM, 3D-GPT,
Mini-GPT4, LLaVA, InstructBLIP, ChatGPT, Video- VIOLA, AudioPalL M, LL3DA,
VPGTrans, CogVLM, Monkey, Chameleon, LLaMA, PandaGPT, SALMONN, MU- Spatial VLM,
Otter, Qwen-VL, GPT-4v, SPHINX, Yi-  MovieChat, Video- LLaMA, .. PointLLM, Point-
VL, Fuyu, ... LLaVA, LLaMA-VID, Bind, ...

Momentor, ...

[Pixel-wise] GPT4RoI, LION, MiniGPT-  [Pixel-wise] PG-Video-
v2, NExT-Chat, Kosmos-2, GLaMM, LLaVA, Merlin,
LISA, DetGPT, Osprey, PixelLM, ... MotionEpic, ...

Video-LLaVA, Chat-UniVi, LLaMA-VID

Panda-GPT, Video-LLaMA, AnyMAL, Macaw-LLM, Gemini, VideoPoet, ImageBind-LLM,
LLMBind, LLaMA-Adapter, ...

GILL, EMU, MiniGPT-5, DreamLLM, GPT4Video, Video- AudioGPT, SpeechGPT,
LLaVA-Plus, InternLM-XComposer2, LaVIT, VideoPoet, ... VIOLA, AudioPalL M, ...
SEED-LLaMA, LaVIT, Mini-Gemini, ...

[Pixel-wise] Vitron

NExT-GPT, Unified-IO 2, AnyGPT, CoDi-2, Modaverse, ViT-Lens, ...



>2 Path to Multimodal Generalist: What’s Next

B Angle-I: Multimodal Generalists with in-depth Modality&Task Unification

3D Comprehension Classification Segmentation QA & Caption 3D Estimation

3D Generation Point Cloud Generation Mesh Generation Motion Generation

Audio Comprehension ( Audio & Sound Understanding ) ( Speech Understanding ) ( Music Understanding )

Audio Generation ( Speech Generation ) ( Conditioned Audio Generation ) ( Audio Editing ) ( Music Generation )

( Reasoning Ability > ( Math Ability ) ( Code Ability > ( Social QA > ( Science QA )
Language ( Cross-lingual Ability ) ( Text Generation ) ( Text Classification ) ( Affective Computing )
Information Extraction ( Linguistic & Semantic Parsing ) 11




Path to Multimodal Generalist;: What’s Next

B Angle-ll: Unified Comprehension & Generation

» Further enhance breadth capability.

(¢ Supporting More Tasks

Breadth: More Unified

AL

* Supporting More Modalities

. * Supporting More Paradigm

MLLM/
Multimodal Generalist

11



Path to Multimodal Generalist;: What’s Next

B Angle-ll: Unified Comprehension & Generation

[@ What is the optimal model architecture under unified MLLM?

* Pipeline Agent

* Joint Encoder+LLM+Diffusion Linear . or ' U-Net Up
1
| Transformer |

*  Joint LLM"R Tokenization (VQ-VAE)

Linear . or A U-Net Down
/_%
*  Joint LLMAR+Diffusion VAE Encoder

Tianhong Li, Yonglong Tian, He Li, Mingyang Deng, Kaiming He. Autoregressive Image Generation without Vector Quantization. 2024.

Boyuan Chen, Diego Marti Monso, Yilun Du, Max Simchowitz, Russ Tedrake, Vincent Sitzmann. Diffusion Forcing: Next-token Prediction Meets Full-Sequence
Diffusion. 2024.

Zhou, Chunting, et al. Transfusion: Predict the Next Token and Diffuse Images with One Multi-Modal Model. 2024.

112



Path to Multimodal Generalist;: What’s Next

B Angle-ll: Unified Comprehension & Generation

[@ Still much room to explore

* Generation hurt comprehension? Can both two enhance others?

How to obtain better tokenizetr? How to handle Video tokenizet?

How far to beat SoTA specialist?

What’ s the best architecture for other modalities?



Path to Multimodal Generalist;: What’s Next

B Angle-lll: Native Multimodal Intelligence

» Further enhance capabilities both in breadth and depth.

r

MLLM/ <
Multimodal Generalist

Supporting More Tasks
Supporting More Modalities

Supporting More Paradigm

Human-level Reasoning
Synergy between Comp&Gen

Cross-modal/Cross-task Generalizability
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>< Path to Multimodal Generalist: What’s Next

B Angle-lll: Native Multimodal Intelligence

C@ The language intelligence of LLMs empowers multimodal intelligence.

~ @

AN
-
Multimodality A
>

MLLM/
Multimodal Generalist




Path to Multimodal Generalist;: What’s Next

B Angle-lll: Native Multimodal Intelligence

» Could the scaling law and emergence success of LLMs be replicated in
multimodality to achieve the intelligence of native MLLLMs?

? =2 ‘-‘:33 |||I %/ R

LLM MLILM/
Generalist
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Path to Multimodal Generalist;: What’s Next

B Angle-lll: Native Multimodal Intelligence

» Ideal intelligent pattern in multimodal generalist

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

Video

g N
. "\ _:*
g \ "

V'e
Language

e
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Path to Multimodal Generalist;: What’s Next

B Angle-lll: Native Multimodal Intelligence

[@ Still much room to explore

*  Architecture
*  Data Scale

Training/Learning

11



Path to Multimodal Generalist;: What’s Next

B Angle-lll: Native Multimodal Intelligence

A Y
- i : Decoded Visual
- ‘ 1 ¥ Sentence
¢ t

\ VQGAN Decoder / \ VQGAN Decoder /

» Large Vision Model (LVM)

t
mimicking LLM pretraining [ tokens] e00® [ tokens ][ tokens ] (XX [ tokens ][ EOS ]
. . &
next visual token prediction
Autoregressive Vision Model
4

[ BOS ][tokens]...[tokens][tokens]OOC[tokens]

/ VQGAN Encoder \ / VQGAN Encoder \

) L)
|l Rl
Visual Sentence i 0

Yutong Bai, Xinyang Geng, Karttikeya Mangalam etc. Sequential Modeling Enables Scalable Learning for Large Vision Models. CVPR. 2024
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>< Path to Multimodal Generalist: What’s Next

B Angle-lll: Native Multimodal Intelligence

@ What scale of dataset is required for pre-training from scratch?

Language Chat-GPT4 13 Trillion text tokens

Vision LVM 420 Billion visual tokens

1 Trillion text tokens,

1 Billion image-text paits,

180 Million video clips,

130 Million intetleaved image & text,
3 Million 3D assets,

1 Million agent trajectories

Multimodalities Unified-10 2
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>2 Path to Multimodal Generalist: What’s Next

B Angle-lll: Native Multimodal Intelligence

» Training/Learning

* Synergistic Training

Hao Fei, Shenggiong Wu, Hanwang Zhang, Tat-Seng Chua, Shuicheng Yan.
Segmenting, Editing” . NeurIPS. 2024

Task Output Task ID Label

?

Discriminator

Task,! »*== [Task, TTasN 1

. Task-invariant Fine-
Task-specific Feature erained Feature

@ ooooeooese
%‘ Large Language Model

Figure 3: Illustration of the synergy module.

“VITRON: A Unified Pixel-level Vision LLM for Understanding, Generating,

12



Path to Multimodal Generalist;: What’s Next

B Angle-lll: Native Multimodal Intelligence

» Training/Learning | Rewardpesign |

Reinforcement Learning

* R1/01 for intetleaved multimodality? Data

/ O\» S
o S DR e

* RL Scaling

Policy Initialization

Zeng, etc. “Scaling of Search and Learning: A Roadmap to Reproduce o1 from Reinforcement Learning Perspective” . Arixv. 2024




Path to Multimodal Generalist;: What’s Next

B Improving from Evaluation Framework perspective
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Path to Multimodal Generalist;: What’s Next

B Angle-I: Further refinement of the General-Level framework

*  The synergy measurement is simplitied by assuming performance beyond SoTA
specialists implies synergy, avoiding direct modeling:

* There is room for improving algorithmic design to better reflect true multimodal
coordination and synergy.

12



Path to Multimodal Generalist;: What’s Next

B Angle-ll: Expanding the General-Bench

Expanding to cover more comprehensive tasks and modalities for fair and complete evaluation.

* Imbalance exists — image tasks dominate, while audio and 3D modalities are underrepresented.

*  True multimodal generalists should handle modality-switching and interleaved
reasoning.

* Incotporate tasks that involve multi-turn, cross-modal interactions for both comprehension

and generation.



Path to Multimodal Generalist;: What’s Next

B Angle-lll: Rethinking Evaluation Paradigm for Model Capabilities

* Many current evaluation still follow traditional paradigms

*  work well for simple tasks (e.g., multiple-choice, classification)
*  but fail on format-free multimodal generation tasks, mettics like FID/FVD are increasingly viewed as inadequate for
evaluating video or 3D generation quality.

* There is a growing reliance on human evaluation, but it lacks scalability.

* use LLMs as judges, but face challenges in evaluation stability and reproducibility.
* adopts a single metric per task, which may introduce bias; should incotporate multiple complementary mettics for more
holistic assessment.

* Should also assess interpretability and reasoning traceability.

12



Thanks!

Any questions?

Reaching out to me:
Haofei37@nus.edu.sg




