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Mining the Potential of Multi-modality Vision Language Models




Introduction ixby

How to further improve current VL.Ms?

3 key parts in Mini-Gemini: High-resolution, better data, and extended application

S

4 £L00R

W,?\/ = S T What should | do after kneading the
'gf U % dough, before dividing it into pieces?

Feature 13-inch MacBook Pro 15-inch MacBook Pro

|| MacBc¢ .10 MacBook Pro : Processor Intel Core i5 Intel Core i7
|| 13-inch' with Retina display 15-inch' with Retina display
i « Intel Core i5 processor « Intel Core i7 processor

e et o Gons Graphics Intel Iris Graphics 6100 Intel Iris Pro Graphics
'mm

“ battery life” :Upbﬂho-ndl.'
- 802 “‘ i +802.11ac Wi-Fi

i - Battery Life  Upto 10 hours Up to 8 hours
: m gﬂz' 2.2GHz  2.5GHz ‘
ElElece ece  can EEece  1ecs | Trackpad Force Touch trackpad Multi-Touch trackpad
N 2sc8® 25668’ 51268° [M2secs’  51268°

B - Speed 2.7GHz, 2.9GHz 2.2GHz, 2.5GHz
T R R e e e e e

COwIAZ 10 P VORTL bt T G (ihase Skt o 7o Wi

MaKING ' Put in warm place.
BREZ

pessncu How long should | putin warm place?

PIECE

S R AR T I8 Memory 8GB 16GB
DIvIDE DOVGH

1.0 Y ——

puT IN WaRMm
P’aCE 5 INTO

Storage 128GB, 256GB, 512GB 256GB, 512GB
List the difference of two computers in this

image in two columns and compare one by
one

Price $1,688.00, $1,988.00, $2,388.00 $2,688.00, $3,288.00

PIECES

High-Resolution Understanding

LLaVA-1.5 baseline Give me an advice where to
travel to China.

China is a vast and diverse
country with many different
regions to explore. Some pop-
ular destinations for travelers
include Beijing, Shanghai, Xi’-
an, Chengdu, and Guilin. Bei- v , Please show me a similar
jing is the capital and offers a E

MM-Vet 59-3 MME glimpse into China's rich his- p B & $rq 1 £ artwork butinthe
64.3 o7/.4 2141 tory and culture... b o~ d ' grassland background.

1928, 1933 (1659/482)
MONDAY.

75.2 . ,4@ ’ 2
69.5 . >

79.6
74.1 JUST..MONDAY.

TextVQA 74.6 I\él(l;'Ig Explain why this meme is

funny, and generate a

. A Show me one idea of what |
.. .. .. picture when the ) )
LLaVA-NeXT Mini-Gemini Gemini Pro el G could make with this.

Wl \ i  ‘
Benchmark Performance Generation with Reasoning




Introduction R

How to further improve current VLMs?

Current Vision Language Model (VLM):

Representation

* [anguage —> Tokenizer —> Iext loken
e Vision —> Transformer —> |mage loken

%

Languagew

Processing
® Process tokens from different modalities in LLM
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VLM for High-Resolution wﬁ
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What if we want to process high-resolution image/video? Language

Token Cost Vision LM

 (uery-based: efficient but loss detail, Flamingo[ | ] (64), BLIP2[2] (32).

 Projector-based: token number increase with resolution, 224->256

Token, 336->576 Token, and 672->2304 Token. Aeteselnlplis bt elette) Wiy

Simple but harm efficiency
[oo'many:token:harmithe efficiency, especially:fortrainingsand:multicimage:

_________________________________________________________________________

Vision-and-Language | i Vision-to-Language
Representation Learning i | Generative Learning

\ :: i Language Response X (N (0 (N

J Language ~
Write a romantic message | Language Model f 0,
that goes along this photo. |

Love is like a sunset, it’s Q QSQQ Q ——

| hard to see it coming but Proiect
. : | . y . . : r | n
Queries X when it does it’s so beautiful : ojectio W Hv ?Hq

g Z
Bootstrapping Pre-trained ', Bootstrapping Pre-trained ! Wy |2 l
Image Models | i Large Language Models (LLMs) | Sl S gt s Xv Image Xq Language Instruction

__________________________________________________________________________

B

J Encoder

Query-basea vision token generation in bLIFZ|Z | Frojector-pased vision token generation in' LLavVA|[S |




VLM for High-Resolution

; =
H 5 m *
What if we want to process high-resolution image/video? ‘ O —
n Output
7 Vision

Token Cost

 (uery-based: efficient but loss detail, Flamingo[ | ] (64), BLIP2[2] (32).

 Projector-based: token number increase with resolution, 224->256
Token, 336->5 /6 Token, and 6 72->2304 Token.

foormany:token:harmithe efficiency, especiallysfortrainingiand:multifimage:
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VLM for High-Resolution
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HR Solution

e Vil-based LR Encoder: CLIP-pretrained ViT model with low
resolution image for query.

e CNN-based HR Encoder: CLIP-pretrained CNN model
with adaptive high resolution input for key and value.

Jisibhihbdt S} User Text Input

_ : Mined Text Input
HR Region {  Tokens Tokens

HR Vision Window i

Encoder = 0 i DDD "
| O} o a0 Tr (K)
i | = @4 T Region-wise ;
.j Vision Encoders Feature Map Flatten I< M >] I LLM

XL LR Vision X'

Encoder LR i D BE B Cross et Takere
Q(N) K&V (NXMZ) Attention ]

Visual Embedding Patch Info Mining ! Auto-regressive Generation
HR Flow LR Flow Language Flow i

SDXL

(optional)

;uoljelauan

Output
Image

lihe framework o /Vlini-Gemini:with: any-to-any. WorKflow.



VLM for High-Resolution

HR Solution

Vil-based LR Encoder: CLIP-pretrained ViT model with low
resolution image for query.

CNN-based HR Encoder: CLIP-pretrained CNN model
with adaptive high resolution input for key and value.

Visual Token Extension: Extend LR image to support higher
resolution and more visual tokens.

X'y, (N)

Matmul

LR

Visual Embedding In-patch similarity

Details In Fatch Info /Mining.

Image Split

!

Raw Image

$ Xy o X'y HR Region
] HR Vision Window

¥ o R Encoder V4

;', = O\ Region-wise

z Vision Encoders Feature Map Flatten lTl

Patch Info Mining

LR(0,0) LR(0,1)

LR(1,0) LR(1,1)

1apoougz UoISIA Y1

Buiuipy oju] yoled

4 Xy, LR Vision X'y ]
Encoder LR @ em-8 Cross 3
. ] Q(N) K&V (NxM?) Attention d

5 Visual Embedding
B HR Flow LR Flow Language Flow

3/

§ £ :ré

%
N

User Text Input

; Mined Text Input
s Tokens Tokens

: 000

Ty (N) Ty (K)

LLM

Generated Tokens

§ Auto-regressive Generation




VLM for High-Resolution %ﬁ

HR SOIUtion § User Text Input
e Patch Info Mining: Significant improvement in detail- | KRR R B
" " . B | ' Region-wise : Ty () Tr (K)
related evaluation, like TextVQA. o B S
* Vision Encoder: Improve the HR feature quality s c | L Vil "L .
. . . . § N NN Attention [
important, but it will converge with large encoder. T Rl B

 |mage Resolution: Both LR and HR resolution contributes a
lot to the final results, while LR query improves more.

Method VE-HR LR HR Token Num. | VQA' MME |

Baseline — 224 - 256 54.1% 1467.1
+ Info mining ConvX-L 224 512 256 58.1* +4.0mm | 1485.2 +18.1®
+ Higher res. ConvX-L 224 768 256 598 +1.7m 1478.3 -6.9 |

Baseline — 336 - 576 58.2% 1510.7

+ Info mining ConvX-B 336 768 576 584* +0.2 1451.7  -59.0 mm
+ Larger VE-HR ConvX-L 336 768 576 61.5* +3.1mm | 1517.0 +65.3 mm
+ Larger VE-HR ConvX-XXL 336 768 576 62.0* +0.5 1505.7 -11.3»

CO — ; |” o] ”; Qiﬁ er t -, 10 - -, ., 2K -,;., ‘




VLM for High-Resolution

HR Solution

. Significant improvement in detail-
related evaluation, like TextVQA.

o Improve the HR feature quality is
important, but it will converge with large encoder.

o Both LR and HR resolution contributes a
lot to the final results, while LR query improves more.

o Token count, especially global image

contributes a lot, but converge over SK.

Method LR HR Token Num. |

Baseline 336 — 576 58.2*
+ Info mining 336 768 576 61.5"
+ ShareGPT4V 336 768 576 63.2%
— TextCaps 336 768 576 59.0
+ LAION-GPT-4V 336 768 576 58.7
+ OCR-related 336 768 576 61.6
+ Gen-related 336 768 576 62.2
+ ALLaVA 336 768 576 65.2
+ Token extension 672 1536 2880 68.4

VQA?

+3.3
+1.7 mm

+2.9

1510.7

1517.0

1527.6
1465.2
1521.8
1523.5
1521.2
1523.3
1546.2

eature ia|
X,L
LR m

Visual Embedding
LR Flow Language Flow

MME

+6.3 1
+10.6 =
-62.4 s
+56.6
+1.7 |
-2.3 |
+2.1 |
+22.9 mm

Com (ur{ Sson wWith ‘lmﬁ arent Ir !ﬁ; mining se ttings.

HR Region
Window
Region-wise
Flatten

M

Patch Info Mining

§ User Text Input

& Mined Text Input
| Tokens Tokens

Ty (N) Ty (K)

LLM

)
b - - - . - - e
¥

D [ | R | Cross j
Q(N) K&V (NxM?) Attention i

=
. - -~
Auto-regressive Genera tion

Generated Tokens




VLM with Better Data /

)
aSunsTe

Better Data

¥ User Text Input 1

" Mined Text Input

o High quality data is quite & vison | . | B
important, especially in . s i e
 Jext-related Data: High quality OCR data plays a vital role | v | x o ai-n | Er—

in text-related QA. ror e inron . emerimirs g | At o

o Balanced text-only data is essential, too less
or too much greatly harms the performance. We try drop
all and add extra 100K text-only data but get bad results.

Method LR HR Token Num. | VQAT

Baseline 336 — 576 58.2* 1510.7
+ Info mining 336 768 576 61.5% +3.3 mawm 1517.0
+ ShareGPT4V 336 768 576 63.2* +1.7 mm 1527.6
— TextCaps 336 768 576 590 4.2 1465.2
+ LAION-GPT-4V 336 768 576 58.7 -0.3 1521.8
+ OCR-related 336 768 576 61.6 +29 1523.5
+ Gen-related 336 768 576 62.2 . 1521.2
+ ALLaVA 336 768 576 65.2 . 1523.3
+ Token extension 672 1536 2880 68.4 . 1546.2

Com (ur{ Sson wWith ‘lmﬁ arent Ir !ﬁ; mining se ttings.




VLM with Better Data /
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aSunsTe

Better Data

¥ User Text Input 1

" Mined Text Input

o High quality data is quite & vison | . | B
important, especially in . s i e
 Jext-related Data: High quality OCR data plays a vital role | v | x o ai-n | Er—

in text-related QA. ror e inron . emerimirs g | At o

o Balanced text-only data is essential, too less
or too much greatly harms the performance. We try drop
all and add extra 100K text-only data but get bad results.

Method LR HR Token Num. | VQAT

Baseline 336 — 576 58.2* 1510.7
+ Info mining 336 768 576 61.5% +3.3 mawm 1517.0
+ ShareGPT4V 336 768 576 63.2* +1.7 mm 1527.6
— TextCaps 336 768 576 590 4.2 1465.2
+ LAION-GPT-4V 336 768 576 58.7 -0.3 1521.8
+ OCR-related 336 768 576 61.6 +29 1523.5
+ Gen-related 336 768 576 62.2 . 1521.2
+ ALLaVA 336 768 576 65.2 . 1523.3
+ Token extension 672 1536 2880 68.4 . 1546.2

Com (ur{ Sson wWith ‘lmﬁ arent Ir !ﬁ; mining se ttings.




VLM with Better Data /
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Better Data

¥ User Text Input 1

" Mined Text Input

o High quality data is quite & vison | . | B
important, especially in . s i e
 Jext-related Data: High quality OCR data plays a vital role | v | x o ai-n | Er—

in text-related QA. ror e inron . emerimirs g | At o

o Balanced text-only data is essential, too less
or too much greatly harms the performance. We try drop
all and add extra 100K text-only data but get bad results.

Method LR HR Token Num. | VQAT

Baseline 336 — 576 58.2* 1510.7
+ Info mining 336 768 576 61.5% +3.3 mawm 1517.0
+ ShareGPT4V 336 768 576 63.2* +1.7 mm 1527.6
— TextCaps 336 768 576 590 4.2 1465.2
+ LAION-GPT-4V 336 768 576 58.7 -0.3 1521.8
+ OCR-related 336 768 576 61.6 +29 1523.5
+ Gen-related 336 768 576 62.2 . 1521.2
+ ALLaVA 336 768 576 65.2 . 1523.3
+ Token extension 672 1536 2880 68.4 . 1546.2

Com (ur{ Sson wWith ‘lmﬁ arent Ir !ﬁ; mining se ttings.




VLM for Generation

Generation Data ——
o Use text to link reasoning results in VLM and - T l Window LN B

. . Ty(N) Tr (K) ' Output ",
Region-wise | Text &

generation model. We tried use predicted embedding but I - e
X, LR Vision X'y JIUIUIUIUU L
get worse or comparable results. ! o

Q(N) K&V (NxM?)

® Given h igh quality CaPtio n, gen erate —» HR Flow LR Flow L\;is;lj;gE;n;ZC\i:liing Patch Info Mining Auto-regressive Generation :
potential user prompt and short caption for SD.

o Enable the model to well generate the
generation captions in multi-round conversations.

fuoneiauan

Real Image Caption (GPT4-V) References: High Quality Chat (LIMA, Oasst) High-Quality T2I Prompt In-Context Examples

References: - ) : : . : : . -
Instruction In-Context Examples Instruction: | am making mayonnaise, it was starting to thicken but now it has become runny and liquid

High-Quality T2I Prompt In-Context Examples again, is there any way to salvage it? <GEN>

— “ Assistant: Yes, it's possible to fix runny mayonnaise! The most common —_— “
' - reason for mayonnaise becoming runny is because the oil was added too ,.5'

. |

Instruction: Capture a playful child pre- Y
tending to talk on the phone. <GEN> nr ' quickly or the egg yolk wasn't emulsified properly. Here are some steps

. . , , you can take to fix it:
EEEEME O HEUGE e il 8 erTEi! | - 1. Separate another egg yolk and place it in a clean, dry bowl.

smile, mimicking a phone call, dressed in a [ ~ 2. Slowly add the runny mayonnaise...

grey sweater and colorful tie, white . | :
background, no text, advertisement style, 4 2 & <h> Serene kitchen scene with a broken egg yolk in a bowl, whisk at the
g ready, and a jar of golden liquid nearby, symbolizing the process of

emulsification, soft natural lighting </h>

clean and simple. </h>

M vidb vy F -~ 7 , e , Ntavt AromhF aenerAat ,
SImple Instruction: re-caption ana:in-context prompt generation.



VLM for Generation

Some interesting points

High-quality Text-only Data: The high-quality text-only data

for generation further improve the understanding.

lext-only input-= Image input: The text-only pipeline can be
generalized to image and text input without modification.

Generation with Reasoning: With good image-text alignment,
it can combine understanding, reasoning, generation.

Give me a similar example of the
contradiction depict in this image.

The image presents a visual
contradiction between the typical
habitat of a cactus and the presence
of ice, which is not a natural occurrence
in desert environments. A similar
example of this kind of contradiction
could be a polar bear in a tropical

rainforest, as polar bears are adapted
to cold, icy environments and would not

survive in a hot, humid climate. ...

tropical~Fainforest, surke
trees and dEﬁSEE?oliage, unde
blue Sky = =SS

- !
A polar bear standing a dst aslush

ndedy by palm

2

Give me an advice where to

travel to China.

China is a vast and diverse
country with many different

regions to explore. Some pop-
ular destinations for travelers

include Beijing, Shanghai,
Xi'an, Chengdu, and Guilin.
Beijing is the capital and offers
a glimpse into China's rich
history and culture...

[Round1] Show me one idea of what | could
make with this.

One idea for what you could make with
these two skeins of yarn is a simple two-
tone knitted or crocheted scarf...

[Round2] Can you
give me more

examples? | want to
make something

cute and special.

A whimsical¥amigurumi toy withsbluesand
pink stripes, sitting on_a wooden. s| ACEy
playful, handmade, cozy. ~

Round 1

Inputwitn' text and:1mage

e e

—— — e




VLM for Generation &
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Describe the image and change the character to a dog.

S LIRS

4 Reasonir ‘
Generation

e~

-Ge m) ni

DALLE 3% Mini

Make it much richer, it has a big
treasure

Eventually, it perked up and

Now it is rubbed and has nothing. opened a cheese shop

= &@

= -
3 R4

"Mini-Gemini

A majestic mouse with a golden crown A majestic mouse with a golden crown A humble mouse with a tattered crown A cheerful mouse with a crown and key,
and key, standing on a white pedestal, and key, standing on a white pedestal, in and key, standing on a dirt ground, in standing behind a cheese shop
holding a golden key, on a white digital art, fantasy, whimsical, by Greg front of a treasure chest filled with gold front of a broken treasure chest, digital counter, digital art, fantasy, whimsical,
background, digital art, fantasy, Rutkowski, highly detailed, vibrant coins and jewels, digital art, fantasy, art, fantasy, whimsical, by Greg Rutkowski, by Greg Rutkowski, highly detailed,
whimsical, by Greg Rutkowski. colors whimsical, by Greg Rutkowski, highly highly detailed, muted colors vibrant colors.

detailed, vibrant colors

A luxurious mouse with a golden crown,



VLM for Generation

Generation with different VLMs

sSource [lﬂ%ﬁ Try | Try 2
VINIEGEMINIESZ Dl [0

GLOTITD (4 &1VERTTCRURSI LI A TEEXALITD | RO [AULTERCO LI LLU T [GUIOTIRU E DG LIRLLIISRILIITOE

Response: l he image presents a visual contradiction by juxtaposing a cactus, wnich Is typically associated witnh hot, arid environments, with a

£ ‘ 4 | L , ’ ’
) . - - v . J J Y ' . . - . q . . -a - J
INAOV AN l’:,ﬂl"‘k‘}’ Cﬂplf =~ \L"F"l’:f” P, ¢ r:,ﬂﬂ,“\‘lr o)) f"lk‘ Ab'/r" ()] COTI1L rc‘,d‘l/ (1O ( sﬂ‘;“" [)E : ’Plﬂll’:ﬂ’ ﬁl?"":f"’ I8 : q‘r'\‘,kr" | \‘,kr"\”\\’l"‘: 45! /p‘n‘l(4’/ 1)EUT S 11 c A,ﬂ‘ﬂnp‘f\ﬁﬂ f\ﬂ [ ﬂ‘lﬂ
—— - » . - - - | & — — - - - ~ - — I — — - ot "y - >2j i b - - s i l - < < - = - - - -
I g g | 4 A y 1 IN; g ’ g g
) a [ - a ) ) a T4 ) | - ~Y - y & - Y a y a - I - | 3 2 - - - v ay oy -
AR j'“ N j!"l " T 10810801 l'!k'/ ()| y [ ] T | e Ars 1 ( 'A'/"!V C 1C.C j?”'l : "1TU WV ‘ cC 1)1 = Vi "!lr"" 1S NCET ] ' Nl Y'vuul ) €0 A '!’«'/ y | fle "".’lr'i‘ [(e jl"l AN A ‘!l«'/
| 4 7 | 4
\ I 1; y 3 \ T o 4 \ B N rl e ; V T y Va t. T ¥ X v [ T .4) I T | 4 ; 1 8 Fl & ; F ()] 'lr 'A'/ 15l e Fl e ; ; "4 o 4 ; ; Va ; T al T I ,. L 1 'A'/' 1T ; V 1‘(; \ ; T
-
ART Ple 1ESC - A = C v A oy - A SO OA\VAY
- -

3
.
(N



VLM for Generation

Generation with different VLMs

Source Image Try |
MinicGemini2 .3 BHD
IO ptaGIVERMERassimila@examplERO[aLHERCONTradiCliONEa EPICHINRHISHTUgE
Response: [ he image presents a visual contradiction of a cactus in a frozen environment, wnich is not a natural occurrence. Cacti are plants that are typically
found In arid, not environments and are adapted to conserve water Ihe presence of ICE and Snow IS Incongruous with the cactus s natural habitat, which IS

usually characterized by extreme neat and ary conaitions. | his juxtaposition creates a surreal and tnought-provoking image that challenges the viewers
expectations of the natural world

A Similar example of a contradiction could De found In a scenario wnere a tropical bird Species IS depicted In a Snowy lanhdscape, or a desert piant IS Showr

4 1B

£
TV > , , ACT CATT NACA AV/ aY o 11 C gl~ TN O T1TI 1Y, a 5 -1 ¢ aYaho~ 9 < 4 ala > v TNAT 7 ’d ~Y Y, < 9 T ATIQDCCT TN O
NITIVINES 011 U TUINTJOTCSU SCLUTTYE (1CSC CXUITIPICS 1SO dCJY UIE€ Nndaduurdi order dric 'CULC viSUdi! Ddrddox uid. drl Provoke CUrioOdSity drid rc ’kv—w L1011 Of11 UNIC
s. - - - - b. - R o R o - e e - s e s s ' s R b s ' - - - s - -
. L L L, L ‘

1D LUADIILY I 11C€ drid uUic gleigidinks NJITIONS 1 OUr [UT1C

[ 4 - C ) »
g 1> /A 1) 1G] JITCIR1)ECIGITE( : W/ [€eg - 1) NelAsifle \ ' VETE [ [ Ol \ O / I \NBR1)E(]IGE - [ \ G

’. "



VLM for Generation

Generation with different VLMs

Source Imag Try | Try 2

BrOM P 4G VERTTERTRSIIIAIEXUMDICRO [RLIEFCONLIATICLONIAEDICHINRLIISHITITSE

Response: A similar example of the contradiction depicted In this Image could be a scene of a tropical beach auring winter. In this scenario,
the beach would be covered In Ssnow, and the palm trees, which are typically associated with warm ciimates, would be surrounded Dy Snow-
COVEred sand. I his would be ¢

- L p p p
contradiction because palm trees are not native to cold ciimates and are typically found In tropical regions where they tnrive in warm, sunny
LJ

- 1 b = | &
CIIVIIOINITTICTILS

fre
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Generation with different VLMs

ol
»

L

-
2 | , Y.
“I" \)’ ‘
: 5 ‘ o .
| : . b “’.

s

™

rad A

g it
MY ¥

Ty | iy 2

C'. -

BIOTTDGHG1VERNTIERTRSI 1 TIEEXULD | ERO [RLITERCON LA GLIOTIRA EDIGHITRLHISYIITTSE

Response: | he iImage presents a striking contrast between the harsh, icy conditions of a desert and the life-sustaining water that Is essential
for life. A similar example of this contradiction could be the contrast between the arid, dry conaitions of a desert and the lush, green vegetation
that thrives In a rainforest. I his juxtaposition highlights the resilience of life In extreme environments and the importance of water in sustaining

CCOSYSLCITIS




More Results

More interesting demos. Comparisons with leading models.

1. Here's a solution to a Math problem by a student. Try to reason about the question step MethOd LLM RCS. | VQAT MMB MME MM-Vet MMMU,; MMMUg MathVista
by step. Did the student get the correct answer?
=g I9; A - : Normal resolution setting
L};},’%{;yﬂmmbmw . | ‘ ;r:setlsr;a;(;laecn;::j satan;ﬁ':jeac;t;)nsdo_:_\;ee:jzyath problem by adding the number of minutes MObllCVLM[()’;] MLLaMA 27B 336 475 596 ] 289 _ _ _ _
oD o 8 iow s more rnwios SRS | | | o InstructBLIP [42] Vicuna-7B 224 | 50.1  36.0 - 26.2 - —~ 25.3
T e e g B InsrwcBLIP[42]  Viewna-13B 224 507 - 1213 256 - - -
more on Monday than on Tuesday. Qwen-VLt [23] QWCH-7B 448 | 63.8" 38.2 - - - - -
The correct answer should be the difference between the total minutes Justin Qwen-VL-ChatT [2/;] QWCH-7B 448 61.5 60.6 1488 . 35.9 32.9 -
practiced on Monday and Tuesday, which is 254 minutes (Monday) - 133 minutes Shikra [64] Vicuna-] 3B 224 - 58.8 - - - - -
on Tussday. The students answer s incorrect as they have not subtracted the Tuesday IDEFICS-80B [65]  LLaMA-65B 224 1909 J43 5 - - - -
practice tirr.le from the total Monday practice time. LLaMA‘VID [ 1 ()] Vicuna'7B 336 - 65 ] ] 521 - - — —
LLaMA-VID [10] Vicuna-13B 336 | - 66.6 1542 - - - -
LLaVA-1.5 [43] Vicuna-7B 336 | 58.2 65.2 1511 31.1 - - -
2 Why does this Image fookfunny? LLaVA-1.5 [43] Vicuna-13B 336 | 61.3  69.2 1531/295  36.1 36.4 33.6 27.6
The ‘”?agf r]:l"’i‘(yﬁ"’r‘lp?:fr: f,i””tyhﬂiil‘;th?h‘?"?x‘n’iffdof:ﬂé’:ﬁiﬂa:feif:! Zfsad?i nd Mini-Gemini Gemma-2B 336 | 56.2 59.8 1341/312 31.1 31.7 29.1 29.4
” :s::)I2§eydistincfspeciefwith diffe:a.nt bZthiors :nd appearanl::es. Th:a dog'sg Mini'Gemini Vicuna-7B 336 652 693 1523/3 1 6 408 36 1 328 3 1 4
v presence among the sheep, espepially if itis a herding dolg, can .be seen as humorous Mini-Gemini Vicuna-13B 336 65.9 68.5 1565/322 4@ 38.1 33.5 37.0
e e Mini-Gemini Mixual$x7B 336 | 692 756 1639579 458 48 311 418
harmonious and comical coexistence, which can be amusing to observers. The image Mini-Gemini Hermes-2-Yi1-34B 336 70.1 79.6 1666/439 53.0 48.7 43.6 w
Egzttlggsrjsr;\s:;::'rc(;c:qa\t/iiesﬁ:rt: endearing and whimsical, which can elicit a light- Hl'gh resolution Setting
. - — OtterHD [12] Fuyu-8B 1024 | - 53.6 1314 = = = =
2'322:):_86 one of the two pictures below to fill in the blank space above to maintain the CogVLM-Chat [()()] Vicuna-7B 490 704* 637 _ 5 1 . 1 41 . 1 _ 345
LLaVA-NeXT [11] Vicuna-7B 672 | 64.9 68.1 1519/332 43.9 35.8 - 34.6
To maintain the pattern, the blank space above should be filled with the image of the LLaVA-NeXT [ 11 ] Vicuna-13B 672 67.1 70.7 1575/326 48.4 36.2 - 35.3
G e e e | LLAVA-NCXT[11] Hermes-2-Yi34B 672 [69.5 796 163397 574  SL1 447 465
: e e 0 e AT R L MOl IR Mini-Gemini-HD  Vicuna-7B 672 | 684 658 1546/319 413 36.8 32.9 32.2
Q. Mini-Gemini-HD Vicuna-13B 672 | 70.2 68.6 1597/320 50.5 37.3 35.1 37.0
Mini-Gemini-HD Mixtral-8x7B 672 | 71.9 747 1633/356 53.5 40.0 37.0 43.1
Mini-Gemini-HD Hermes-2-Yi-34B 672 | 74.1 80.6 1659/482 59.3 48.0 44.9 43.3
Private models
Gemini Pro [5] Private - | 74.6 75.2 - 64.3 47.9 - 45.2
Qwen-VL-Plus [23]  Private - | 78.9 66.2 - - 45.2 40.8 43.3
GPT-4V [4] Private - | 78.0 75.1 — 67.6 56.8 55.7 49.9




Thanks!
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https://mini-gemini.github.io/
https://github.com/dvlab-research/MiniGemini
http://103.170.5.190:7860/
https://arxiv.org/abs/2403.18814
https://huggingface.co/collections/YanweiLi/mini-gemini-6603c50b9b43d044171d0854

