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Overview of MLLM Architecture

® Preliminary Idea: Intelligence over Language

Eg Emergent phenomena have extensively already occurred in language-based LLMs.
Eg These LLMs now generally possess very powerful semantic understanding capabilities.

@ This also implies that language is a crucial modality for carrying intelligence.
1
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Overview of MLLM Architecture

Preliminary Idea: Language Intelligence as Pivot

Eg Given this premise, CURRENT as the core
decision-making module (i.e., the brain or central processor).

Eg By adding additional external non-textual modality modules, LLLMs are enabled with multimodal
abilities.
- Extend the capability boundary, next milestone towards more advanced intelligence
- More applications
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Overview of MLLM Architecture

® Architecture-l: LLM as Discrete Scheduler/Controller

E? The role of the LLM is to receive textual signals and instruct textual commands to call downstream modules.

Key feature:

All message passing within the system, such as “multimodal encoder to the LLM” or “LLM to
» . . .
downstream modules™ | is facilitated through pure textual commands as the medium.
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Overview of MLLM Architecture

Architecture-l;: LLM as Discrete Scheduler/Controller
Representative MLILMs:

Visual-ChatGPT
HuggingGPT
MM-REACT S
ViperGPT
AudioGPT
LLaVA-Plus

downstream @ downstream
module module

downstream @ downstream
module module

----------------------
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Overview of MLLM Architecture

Architecture-l;: LLM as Discrete Scheduler/Controller
Visual-ChatGPT

User Query

please generate a red
flower conditioned on
the predicted depth of|
this image and then
make it like a cartoon,
step by step

(Visual Foundation Models)

e
oc'«

Stable
BLIP " piffusion Etazeix

v

Prompt
Manager

©

ChatGPT

e -

ControlNet Detection

i

Iterative Reasoning

LA

Outputs

@ Here you are.
S What else
can | help
< 3 you?

HuggingGPT

[ (@) % ¥ HuggingGPT

Can you describe this picture and count how |

} E[ LLM as Controller

many objects in the picture?

addition, there are five detected objects as

with 99.9%, giraffe with score 97.1% and zebra with
score 99.8%. The bounding boxes are shown in the
above image. | performed image classification, object

i
i

i

- !

1

" i

7 \'h |
i

i

i

i

A text can describe the given image: a herd of !
giraffes and zebras grazing in a fields. In @ }
|

|
giraffe with score 99.9%, zebra with score 99.7%, zebra | |

I Task =
Planing ==
Prediction @ facebooky,
detr-resnet-101 I

Model
Isle|e;|:n III Task Execution

Prediction

% nlpconnet/
vit-gpt2-image-captioning
—

detection and image caption on this image. C
the predictions of '
] and ¥

models | get the results for you.

R SE——

Quick to build (without training), flexible extension to many tool features

Information loss in text medium, the bottle-neck
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Overview of MLLM Architecture

Architecture-Il: LLM as Joint Part of System

@ The role of the LLM is to perceive multimodal information, and react by itself, in an structure of
Encoder-LLM-Decoder.

Key feature:

LLM is the key joint part of the system, , and
delegating instruction to decoders/generators in a more smooth manner.

l/ Encoder \ Core /7 Decoder \\‘
l . { .
1 ! 1 |
: Text ﬁ Text :
: : !
1 1 I
i | I
{ Multimodal _ SRVIITIEGREL N Multimodal Multimodal i
1 Signals Encoder ) ! Decoder Outputs |
\
N e e e e e e e e e e 2 S e e, o ,1’
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Overview of MLLM Architecture

® Architecture-Il: LLM as Joint Part of System °°©0

> 90% MLLMs belong to this category.
Higher upper-bound, better integrated into a unified model

Generator

i | LLM
fmm

[1] A Survey on Multimodal
Large Language Models.
https://qithub.com/BradyFU/A
wesome-Multimodal-Large-
Language-Models, 2023.
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https://github.com/BradyFU/Awesome-Multimodal-Large-Language-Models

Multimodal Encoding

® Visual Encoder

CLIP-ViT is the most popular choice for vision-language models.

Providing image representations well aligned with text space.

Scale well with respect to parameters and data.

SiglLIP is gaining increasing popularity (smaller and stronger)

82.0

zero-shot accuracy (%)
~ ~l ~l ~l (0]
N B [=)] =] [=]
o o o o =

~
o
o

EVA-CLIP
DFN5B-CLIP
OpenCLIP
InternVL-C

1.0 1.3

2.5 5.0 8.0 14.018.0
model parameters (log-scale)
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Multimodal Encoding

Visual Encoder

Limitations of existing pretrained ViTs:

Fixed low-resolution (224x224 or 336x3306) in square shape

High-resolution perception is essential, especially for OCR capability!

Low resolution encoding misses
tine-grained visual details!

14



Multimodal Encoding

Visual Encoder
High-resolution Multimodal LI.Ms
Image slice-based: Split high-resolution images into slices

Representatives:

GPT-4V, LLaVA-NeXT, MiniCPM-V 2.0/2.5, LLaVA-UHD, mPLUG-
DocOwl 1.5, SPHINX, InternLM-XComposer2-4KHD, Monkey

LLM

resize

" Hl

Illustration of dynamic high resolution scheme: a grid configuration of 2 X 2

15



Multimodal Encoding

Visual Encoder
High-resolution Multimodal LI.Ms
Image slice-based: Split high-resolution images into slices

OCR capabilities improves significantly without new data

Model #Data  MaxRes. AR. TFLOPs VQA'> GQA| VQAT | POPE SQA VizWiz MME MMB MMBSN

BLIP-2 [21] 120M  224x224  Fix 1.0 410 410| 425 | 853 610 196 12938 - -
InstructBLIP [11]  130M  224x224  Fix 1.0 - 495| 507 | 789 631 334 12128 - -
Shikra [8] 6M  224x224  Fix 8.0 77.4 - - - - - - 58.8 -

Qwen-VL [5] 14B  448x448  Fix 9.2 788  593| 63.8 - 671 352 - 38.2 74

SPHINX [24] 1.0B  448x448  Fix 39.7 78.1  626| 516 | 807 693 399 14761 669 = 562

SPHINX-2k [24]  1.0B  762x762  Fix 69.4 80.7 63.1| 612 | 872 706 449 14707 659 579
MiniGPT-v2 [7]  326M  448x448  Fix 43 - 60.1 - - - 53.6 - - -
Fuyu-8B [6] - 1024x1024 Any 213 742 - - 741 - R 7286 107 -
OtterHD-8B [20] - 1024x1024 Any 213 - - - 860 - - 12234 583 -
mPLUG-OwI2 [43] 401M  448x448  Fix 1.7 794  56.1| 582 | 82 687 545 14502 645 .
UReader [42] 86M  896x1120 Enum  26.0 - - 57.6 - - - - - -

Monkey [23] 1.0B  896x1344 Enum 653 803 607 676 694  6L2

LLaVA-1.5 [27] 1.2M 336x336 Fix 15.5 80.0 63.3 61.3 859 716 53.6 15313 67.7 63.6

LLaVA-UHD (ours) 1.2M  672x1008 Any 14.6 81.7 65.2 67.7 89.1 720 56.1 1535.0 68.0 64.8
A - X 6 times - -09 +1.7 +1.9 +6.4 +32 404 +2.5 +3.7 +0.3 +1.2




Multimodal Encoding

Visual Encoder
High-resolution Multimodal LLLMs

Dual branch encoders

Representatives
CogAgent
Mini-Gemini
DeepSeek-VL
LLaVA-HR

High-Resolution Cross-Moa'ule

L-th layer

i-th layer

1st layer

e~
Cross-Attention
(hidden size = 1024)

j cross-attn i
—

[ High-resolution image feature |

High-resolution
Image Encoder
(light-weight)

Input Image (1120x1120)

|
==

I
I
I
I
I
I
I
I
[
[
|
I
\

" Original VM 3 (Targer Tex) I
I

I

I

Visual Language Decoder I

Jr (hidden size = 4096) ‘
' |
' |
H |
T concat I

[Low-resolution image feature] [ Text feature)] ‘

t

I MLP Adapter ’

| Word Embedding H

t

.___+__J

Low-resolution

|
I
Image Encoder :
|
J

Input Image (224x224)

Task: How can I find an
apartment that offers free
Wi-Fi?

Plan: 1.Locate and select
the price filter option.
2 Select the 'Free Wi-Fi'
option. 3. Apply the filters
to update the search
results, and choose one
satisfying apartment.
Action: Move the cursor
to the 'Price filter' on the
left sidebar where it says
"Your previous filters’, and
click on the 'Free Wi-Fi'
checkbox.

Input Text
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Multimodal Encoding

Visual Encoder
High-resolution Multimodal LLLMs
ViT-free: linear project pixel-patches into tokens
Representatives: Fuyu, OtterHD
A potential unified way for MLLMs, getting rid of ViTs

Morte costly to train, produce lengthy visual tokens

Input image

Linear projection

Image patch

18



Multimodal Encoding

Non-Visual Encoder

Audio:
Whisper

Sequence-to-sequence learning

ENm

CRIBE

0.0

The

quick

rown --°*

AudioCLIP - =h .
HuBERT L )
BEATS Tonsomer | (FE=

N

3D Point: L == )

Sinusoidal i
Point-BERT s (——%

2 x ConviD + GELU

Log-Mel Spectrogram

cross attention

A4

next-token
prediction

\ Transformer
Decoder Blocks

=1/ _J

Learned
E)(—% Positional
A Encoding

SOT | EN

CRIBE

0.0

The

quick| =**

Tokens in Multitask Training Format
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Multimodal Encoding

Unified Multimodal Encoder
ImageBind:
Embedding all modalities into a joint representation space of Image.

Well aligned modality representations can benefit LLM understanding

u ‘))) @ ))) —NaturallyAli_gned

Images Videos Text Audio Depth Thermal IMU Emergent Alignment

Web Image Text -u Depth Sensor Data |4 - @ Web Videos - ‘))

Thermal Data

Sheep baskmg in the sun

[1] ImageBind: One Embedding Space To Bind Them All. 2023

20



Multimodal Encoding

® Unified Multimodal Encoder
LanguageBind:
Embedding all modalities into a joint representation space of Language.

Well aligned modality representations can benefit LLLM understanding

Contrastive Multi-modal Joint Learning
Learmng
\ Language
.- Binding
1
1
Text Video |W Infrared |\W Depth |W Audlo \ _MEP— '
[&]EncoderJ [&Encoder J “n’ Encoder] ¢ [&Encoder ‘\‘9 ﬁ‘lEncoder ‘“ Encoder | M\ ¢ N
0.
[ ? ? i i ? Fine-tuning
1 1 i t 1 bt
s 4 4 1 Masking
l Tokenizer ] l Patch Embeddmg
D , =4 2
ap’:c“llz:; tool to polish o Modality
handcrafted crocodile = B BRSNS 000 7 Extending
leather shoes . | 25 T
Language @ Video [_X Infrared db Depth @ Audio {2y N-th modality
Language Encoder Multi-modal Encoders D Initilized X LoRA & Trainable (3} Frozen

[1] LanguageBind: Extending Video-Language Pretraining to N-modality by Language-based Semantic Alignment. 2023
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>, Multimodal Signal Tokenization

® Tokenization
-~ AnyGPT

..|....||.||||.| ’|1]m I”‘ll“lﬂ'lnl]u-ll» B
| ﬂ “It was the night--- E?

silent night, whence ...”

gl b
speec image music
de-tokenize T de-tokenize de-tokenize

speech T image music
tokenizer it tokenizer tokenizer
Az

speech image music

[1] AnyGPT: Unified Multimodal LLM with Discrete Sequence Modeling. 2023
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Multimodal Signal Tokenization

Tokenization in Codebook

Represent multimodal signals as discrete tokens in a codebook

Advantages: support unified multimodal signal understanding and generation
in an auto-regressive next-token prediction framework

More commonly used in image synthesize
Parti
Muse (parallel)
MaskGIT (parallel)

Representative Multimodal LLILMs
Gemini
CM3
VideoPoet

23



Input-side Projection

® Methods to Connect Multimodal Representation with LLM
Projecting multimodal (e.g., image) representations into LLLM semantic space '
Q-Former: BLIP-2, InstructBLIP, VisCPM, VisualGLM
Linear projection: LLaVA, MiniGPT-4, NExT-GPT

Two-layer MLP: LLaVA-1.5/NeXT, CogVLM, DeepSeek-VL, Yi-VL

Perceiver Resampler: Flamingo, Qwen-VL, MiniCPM-V, LLaVA-UHD

C-Abstractor: HoneyBee, MM1

—————————————

____________



Input-side Projection

® Some Insights

Different papers have different conclusions about projection methods
Two-layer MLP is better than linear projection. (LLaVA 1.5)

Resampler is comparable to C-Abstractor (MM1) and MLP (LLaVA-UHD)

Method LLM Res. | GQA MME MM-Vet

InstructBLIP 14B 224 | 495 12128 256 Model #TFLOPs  VQAY2 GQA VQAT
Only using a subset of InstructBLIP training data LLaVA-1.5 1550  74.6(-54) 579(-54) 584(-3.9)
0 LLaVA 7B 224 _ 502.8 23.8 w/ adaptive €nc. 15.50 74.9 (-52) 62.5 (—16) 60.7 (-1 1)
1 +VQA-v2 7B 224 | 47.0 1197.0 27.7 LLaVA-UHD 14.63 81.4(-0.3) 61.8(-34) 64.5(-3.2)
2 +Format prompt B 224 | 46.8 1323.8  26.3 w/ MLP 7 113.65 81.3(-0.3) 62.0(-34) 63.9(-3.0)
3 +MLP VLconnector 7B 224 | 473 13552 27.8 w/MLP & FP.[24]  80.10  79.6(-1.6) 61.9(-24) 58.5(-7.6)
4 +OKVQA/OCR 7B 224 | 50.0 1377.6 29.6

25



Input-side Projection

® Some Insights

Agreement: Number of visual token matters! Especially for efficiency
Resampler/Q-Former/C-Abstractor yield less visual tokens than MLP/Linear

Favorable in high-resolution image understanding

Model #Data MaxRes.  AR. | TFLOPs | VQA™? GQA VQAT POPE SQA VizWiz MME MMB MMB®Y

BLIP-2 [21] 129M  224x224  Fix 1.0 410 410 425 853 610 196 12938 - -
InstructBLIP [11]  130M  224x224  Fix 1.0 - 495 507 789 631 334 12128 - -
Shikra [8] 6M  224x224  Fix 8.0 774 - - - - - - 58.8 -

Qwen-VL [5] 14B  448x448  Fix 9.2 788 593 638 - 671 352 - 382 74

SPHINX [24] 1.0B  448x448  Fix 39.7 781 626 516 807 693 399 14761 669 562

SPHINX-2k [24]  1.0B  762x762  Fix 69.4 807 631 612 872 706 449 14707 659 579
MiniGPT-v2 [7]  326M  448x448  Fix 43 - 60.1 - - - 53.6 - - -
Fuyu-8B [6] - 1024x1024  Any | 213 742 - - 741 - - 7286 107 -
OtterHD-8B [20] - 1024x1024  Any | 213 - - - 860 - - 12234 583 -
mPLUG-OwI2 [43] 40IM  448x448  Fix 17 794 561 582 862 687 545 14502 645 -
UReader [42] 86M  896x1120 Enum| 26.0 - - 57.6 - - - - - -

Monkey [23] 1.0B  896x1344 Enum| 653 803 607 676 694 612

LLaVA-1.5 [27] 12M  336x336 Fix 15.5 80.0 633 613 859 716 53.6 15313 67.7 63.6

LLaVA-UHD (ours) 12M  672x1008 Any 14.6 81.7 65.2 67.7 89.1 720 56.1 15350 68.0 64.8
A - x 6 times - -0.9 +1.7 +1.9 +6.4 +3.2  +04 +2.5 +3.7 +0.3 +1.2




Decoding-side Connection

® Message passing via 1) text tokens
Representative MLLMs:

Visual-ChatGPT
HuggingGPT
GPT4Video
MM-REACT Text Multimodal
ViperGPT Response Decoder
ModaVerse
Vitron

Text

= Multimodal
Content

Pros: Cones:

High performance lower-bound Loss of end-to-end tuning capabilities.
More efficient, i.e., without tuning Performance upper-bound is limited, i.e., some multimodal
signals cannot be optimally conveyed through text.
[1] Visual-ChatGPT: Talking, Drawing and Editing with Visual Foundation Models. 2023
[2] HuggingGPT: Solving Al Tasks with ChatGPT and its Friends in Hugging Face. 2023

[3] ModaVerse: Efficiently Transforming Modalities with LLMs. 2024 27
[4] VITRON: A Unified Pixel-level Vision LLM for Understanding, Generating, Segmenting, Editing. 2024



Decoding-side Connection

Message passing via 2) continuous embedding

Passing the message from LLM to downstream decoders via soft embeddings,
i.e, signal tokens.

Text

Merits

Capable of end-to-end tuning, resulting in more Multimodal
efficient instruction transmission Decoder

Multimodal
Content

More able to convey various multimodal signals _

that text alone cannot express, e.g. embeddings of

signal tokens

the numeration of vision

the visual-spatial relational semantics

[1] Generating Images with Multimodal Language Models. 2023
[2] NEXT-GPT: Any-to-Any Multimodal LLM. 2023

28



Decoding-side Connection

® Message passing via 3) codebooks

LLM generates special tokens id, i.e,, codebooks, to downstream (visual) decoders .

. Text
Merits .

°

Capable of end-to-end tuning for higher @ de-tokenize Multimodal _
© Emm——)

efficiency in command transmission ° Decoder Multimodal
. Content

Better at expressing various multimodal signals codebooks multimodal

that cannot be captured by text alone embeddings

Supports autoregressive multimodal token
generation

[1] Unified-10 2: Scaling Autoregressive Multimodal Models with Vision, Language, Audio, and Action. 2023

[2] LVM: Sequential Modeling Enables Scalable Learning for Large Vision Models. 2023

[3] AnyGPT: Unified Multimodal LLM with Discrete Sequence Modeling. 2024 29
[4] VideoPoet: A Large Language Model for Zero-Shot Video Generation. 2024



Multimodal Generation

® Text Generation

LLMs naturally support direct text generation

via e.g., BPE decoding, Beam seardh, ...

Paris is the LLM > logits =L probabilities
Q‘t‘/ oy soptmax
input text odel = Bloom O'P | ] O.SS?
T o == 0.153
tokenizer ) 0.0¢3

- . with ]
(1652 [5[4a]1#) ~ 0 0 0=¢

token ids




Multimodal Generation

Generation via Diffusion Models

Visual (Image/Video) Generator

Image Diffusion
Video Diffusion

Audio Generator

Speech Diffusion
Audio Diffusion

[1] NEXT-GPT: Any-to-Any Multimodal LLM. 2023

Image Output
Projection 4.

Audio Output
Projection ﬁ

Video

Video Output
Diffusion

Projection

e
-
-
Fd
s
4
’
/
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Multimodal Generation

Generation via Codebooks

...................................

Visual (Image/Video) Generator

VQ-VAE + Codebooks %
VQ-GAN + Codebooks :

___________________________________

———————————————————————————————————

Ll
X 1
- & !
. !
L]} [1024 [ VO-GAN _): -
[ Decoder ' B
! 1 =
= H
o B

Bupedun oiweukq

___________________________________

———————————————————————————————————

Audio Generator

=
1 [
i i
'1512 y

: VQ-GAN :
; Decoder i
1 1
1 1

___________________________________

SpeechTokenizer + Residual Vector Quantizer
SoundStream + Residual VVector Quantizer

[1] Unified-10 2: Scaling Autoregressive Multimodal Models with Vision, Language, Audio, and Action. 2023 32



Multilingual Multimodal LLMs

MLLMs are mostly strong in English, weak in other languages

Limited scale and quality of multimodal data in non-English languages
Huge computation cost for each language even if sufficient data available
Why not machine translation pipeline ?

Another LLM for translation: double computation cost and delay
Missing visual context can lead to incorrect translation

Not an elegant way to AGI

Histogram of CLIP Score

g Low Quality High Quality

015 0.20
CLIP Score

Chinese Image-Text Data Quality Distribution
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Multilingual Multimodal LLMs

® MLLMs are mostly strong in English, weak in other languages

Generalizing multimodal capabilities to non-English languages via multilingual LILM as
pivots
Basic idea

Multilingual alignment: Reuse multilingual LL.Ms

Multimodal alignment: Multimodal pretraining on English image-text pairs

High-resource

. , -4
English as Pivot
; 4
Sy Cat  w ~d
o a Ly,
O DTG
B P &/
e e T e
Non-English Generalization
Language

[1] Large Multilingual Models Pivot Zero-Shot Multimodal Learning across Languages. 2024.

34



Multilingual Multimodal LLMs

MLLMs are mostly strong in English, weak in other languages

Generalizing multimodal capabilities to non-English languages via multilingual LILM as
pivots
Foundation capability can be well generalized already!

Was ist an diesem Bild ungewohnlich?

An unusual aspect of the image is the man sitting on a folding chair in the back of a parked yellow taxi cab.
This is not a typical scene, as one would expect passengers to be seated inside the cab or at the very least, be
standing near the taxi. The man's presence in the back of the taxi, using a folding chair, adds an
unconventional and unexpected element to the scene, making it stand out from regular taxi activities.
Another notable aspect of the image is the presence of multiple people and vehicles, including other cars and
pedestrians in the background. This urban setting contributes to the overall busy atmosphere, making the
man on the chair in the taxi stand out even more.

[1] Large Multilingual Models Pivot Zero-Shot Multimodal Learning across Languages. 2024.
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Multilingual Multimodal LLMs

® MLLMs are mostly strong in English, weak in other languages

Generalizing multimodal capabilities to non-English languages via multilingual LILM as
pivots

Lightweight SFT is sufficient to switch to the target language

Generalize to cultures, etc.

-

{REEFE AN DA IEERID?

(Can you describe this image with Su Shi‘s poems?)

EXkiEAF, AnEaittEAEXREE, BR7THENFEZRNNEEE

MR, XeEH—FEmmTE#NSSR, LABEHEZZFE:

"BBJLEE? BEEEX. FOXLEER, SY2EFE? "

In this photo, the moon hangs high in the sky, illuminating the ancient

Chinese building and its surroundings. This creates a beautiful and serene

atmosphere, reminiscent of Su Shi's famous poem: "When is the bright moon?
(- Ask the blue sky for wine. | don't know the palace in the sky. What year is it?")
.

[1] Large Multilingual Models Pivot Zero-Shot Multimodal Learning across Languages. 2024.



Multilingual Multimodal LLMs

® MLLMs are mostly strong in English, weak in other languages

Generalizing multimodal capabilities to non-English languages via multilingual LILM as

pivots
Common practice nowadays

VisCPM, LLaVA-NeXT, Yi-VL 34B, CogVLMZ2: English & Chinese
MiniCPM-Llama3-V 2.5: 30+ Languages:

Histogram of CLIP Score

High-resource 9
English as Pivot
R : BE
. Cat -
g i - « a y,
£ High Quality \)\\\\6‘ < Ay 1‘//;,Od
W SONE
/- ol K Y
D e -»>
Non-English Generalization . g
025 0.30 0.35 Language . f‘

0.15 020
CLIP Score

Chinese Image-Text Data Quality Distribution
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End-side MLLM

End-side MLLMs show promising potentials

Promising performance: Matching larger LI.LMs

modelsize Gen niPm C hude3 0 pus %ggf& 09) GPT-4o
.\ [ ] [ ] [ J
GPTAV 3
©023.11.16) \
\
\\ OpenCom pass Score
\
\\ = mmmm GPT4V levelperformm ance 75
\\ == === end-side com putation
\
\
\\QwenVLM ax 70
\
h Y
unkown |- = _6 ————— \\
ZDEFLS-80B hstuct ° N 65
@ 0. LLaVA-NextVi34B
34B Emu-Chat2 ~
ViVL-34B e
~
S -60
\\
Seo htemVL 1.5
-~
-~
26B ogVLM Chat S
LLaVA 1.5 136 OmniM M -12B Sseao _s5
_____ ® e ® o Tmmse
10B ® Sr==z
8.58 | Qwen-VL Chat PY ShareGPTAY ]DEF]CSHB—__*
[ ] -
mplg-ow 2 PY DeepSeekVL 7B == M DLPM -Lhna3~ 25 50
- .
LLaVA 1.5 7B VIVL6E == W EPM -V 2.0
-
28 R T 2T I J N
o e o o % DeepSeek-VL 1,3B
1 1 1 1 1 S
L
. . - S : tin e
& ST S Q& M ISR S
Q N2 L =~ Q N & S
& S S S S B

o
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End-side MLLM

End-side MLLMs show promising potentials

Promising performance: Matching larger MLLLLMs
Representatives

MiniCPM-V 1.0/2.0/2.5 | ocRBench
DeepSeek-VL 1.3B R e
Mini-Gemini 2B Reatorld A
Bunny

MobileVLM V1/V2 LLaVA Bench
Imp V1/V2

GLM-4V Math it
Phi-3-vision

MMMU val MMB test (en)

Pal IGemma MMB test (zh)

DocVQA test

1 Open-Compass

MME

GPT-4V-1106
Gemini Pro
CogVLM-Chat 17B
—— Yi-VL-34B
Qwen-VL-Chat 9B
—— MiniCPM-Llama3-V 2.5 8B
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End-side MLLM

End-side MLLMs show promising potentials
End-side deployment, e.g., mobile phones
High efficiency
Better accessibility
Better privacy protection

Run without network connection

03 @ -

& MiniCPM-Llama3-V_2.5

Current memory: 9.7¢ GB / 15.95 GB

o o A

Based on this picture, make a detailed
dinner meal plan for me.

Based on the image, a detailed dinner

Input n > 40
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