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Scene Perception: Detecting and Judging Objects
Undergoing Relational Violations .. . . .
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Real-world scene understanding

* Recognizing object presences
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* Understanding their relationships
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Real-world scene understanding From Rich CV Models
* Recognizing object presences >  Segmentation/Detection
* Determining their positions > Segmentation/Detection

* ldentifying their states

A 4

Scene Graph Generation

* Understanding their relationships >  Scene Graph Generation

* Extracting spatial scene layouts > Segmentation/Detection/Scene Graph Generation

* Grasping non-object notions OCR
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External CV Models

* Panoptic Segmentation (Mask2Former, CYPR 2022, Meta) Swin-B/4 106M

* Open-World Object Detection (OWLv2, NeurlPS 2023, Google) CLIP-B/16 154M (We use ADE20K-847+ImageNet)
* Scene Graph Generation (Panoptic SGG, ECCV 2022, Nanyang Tech) ResNet-50 44M

* OCR (PaddleOCRv2, performant open-source OCR) [4M (Chinese & Englinsh, Rotated Text O)

What do we propose?

Compressor: Compressing Auxiliary Visual Information from external CV models

Mixer: Blending Aux with Visual and Language Features in Multimoal LM (MLM)
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MoAIl: Mixture of All Intelligence
for Large Language and Vision Model

Multimodal Language Model (MLM) with MoAl-Mixer} ]
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Language Instruction
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* Open-World Object Detection (OWOD)
OWOD Verbalization

OWOD Result

The image includes bounding
flag [0.64, 0.12, 0.78, 0.17] box coordinates and their
2.5 | flagpole [0.61, 0.11, 0.63, 0.30] objects: [0.64, 0.12, 0.78, 0.17]

—» flag, and [0.61, 0.11, 0.63, 0.30] == Aowop
tatue [0.42, 0.16, 0.46, 0.23
statue [ ] flagpole, and [0.42, 0.16, 0.46, 3 -
clock [0.31, 0.26, 0.55, 0.39] 0.23] statue, and [0.31, 0.26, z -
0.55, 0.39] clock. nd =l Ingk
'E_o: O
The image includes bounding

sculpture [0.14, 0.05, 0.82, 1.00] | =—» box coordinates and their objects: u

[0.14, 0.05, 0.82, 1.00] sculpture.

KAIST CLE

KAIST ELECTRICAL ENGINEERING



@ Proposed Method —nn\,

MLM Layer in MoAl Jae 1 D 1 e
A | [ I
EEEEEEEEEER m I n I
— AUX::NF CA 0 j LANG =E CA 0 I SA
ransformer
I I
| Decoder Block I tq . - tq | ? 5
' A I mEEE [ ImEEE | | EEEE
I
EEEEEEEEEEE me : M Me
AN — MoAl-Mixer Laux I Limc I LegLr
0 EEEEEEE ' EEEEEEE ' EEEEEEE
MoAIl-Compressor 4 A : - :
m
EEEEEEEEEE IIIO EEEEEEEEEEE AUX B — CA I IMG :—-— CA I SA
Image Language W kiv I kiv |
Compressed |
Word Embed I Learﬁabmh Part Part ) tq 0 I tq O : t 0
-+ (Tokens % N L apmummm ! |l auEEEEE | [ pEEEEER
EEEEEEEEER LANG I LANG I LANG
Auxiliary 1 |

Visual Information

KAIST CLE

KAIST ELECTRICAL ENGINEERING



@ Proposed Method =\

| LN

go
q 0‘
Split ‘_)
w1

4
q("\) &
a Wg ¢ &
& &
k A Scaled Dot-Product & d 0 ) (A’ +
split 1Y N Attention IS Concat Lo 1 o
Wk wk & S

. )
4 Wpg <

& &

Split = =
Wy wi

(a) CA/SA with Low Rank Adaptation (LoRA) for Expert Modules

WgELF WgELF
Gat|ng WianGg Gatlng WiMG
Network = waux e 8 9 Network& Waux
4 ¢
] aEEE Iux IiaNG Ispir Ll Layx Limc Lsgvr

IMG LANG r EE

(b) Gating Networks for MoAl-Mixer ;
AT T L I ININAL ENG'NEERING



Experiments
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B o
VLMs Q-Bench SQA-IMG TextVQA POPE MME-P MME-C MM-Bench MMB-CN MM-Vet
BLIP2-13B [42] - 61.0 42.5 85.3 1294 290 - - 22.4
InstructBLTP-7B [16] 56.7 60.5 50.1 - - - 36.0 23.7 26.2
InstructBLTP-13B [16] - 63.1 50.7 78.9 1213 - - - 25.6
Shikra-13B [9] 54.7 ] - - - ; 53.8 ; ;
IDEFICS-9B [3¢] - ; 25.9 - - ; 48.2 25.2 -
IDEFICS-80B [38] ; i 30.9 - - ; 54.5 38.1 i
Qwen-VL-7B [4] 59.4 67.1 63.8 - - - 38.2 7.4 -
Qwen-VL-Chat-7B [4] - 68.2 61.5 - 1488 361 60.6 26.7 -
MiniGPT-4-7B [83] - - - - 582 - 23.0 - 22.1
Otter-7B [40] 47.2 - - - 1292 - 48.3 - 24.6
LLaVA-7B [50] - 38.5 - - 807 248 34.1 14.1 26.7
MiniGPT-v2-7B [8] - ] - - - ] ] ] ;
MiniGPT-v2-Chat-7B [] - - - - - - - - -
LLaVA1.5-7TB [4§] 58.7 66.8 58.2 85.9 1511 294 64.3 58.3 30.5
LLaVA1.5-13B [4§] 62.1 71.6 61.3 85.9 1531 295 67.7 63.6 35.4
mPLUG-Owl-7B [75] 58.9 i - - 067 ] 46.6 i -
mPLUG-Owl2-7B [76] 62.9 68.7 58.2 1450 - 64.5 - 36.2
ShareGPT4V-7B [10] 63.4 68.4 - 1567 376 68.8 62.2 37.6
CogVLM-17B [71] - 68.7 58.2 - - 65.8 55.9 54.5
LLaVA-XTuner-20B [15] - - - - - - 75.1 73.7 37.2
Intern-XC-7B [78] 64.4 - - 1528 391 74.4 72.4 35.2 '-E
MoAI-7B 70.2 83.5 67.8 87.1 1714 561 79.3 76.5 437 =

EERING
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Table 2: [llustrating the effectiveness of external computer vision (CV) models com-
pared by the perception scores in MME [25] and MM-Bench [51]. ‘TT’ denotes text
translation task that requires OCR as a priority.

MME MM-Bench
PS+OWOD SGG OCR Existence Position Scene OCR TT Recognition Localization Spatial OCR
K oo 187 154 161 15 138 706 40 326 846
N A X Y s 145 164 M7 150 - 897 653 35.8  90.9°
U AU X 199 163 166 120 95~ 8ls 092 2.8 801
v v v 200 165 170 148 153 92.9 71.1 43.2 93.5
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Table 3: Ablation study for training step choice, selecting top-k expert modules in
MoAI-Mixer, and the type of weights for gating network.

(a) Training step choice (b) Selecting Top-k Experts (c¢) Gating network weights

Step MME-P MME-C k MME-P MME-C Gating MME-P MME-C
First 1542 369 1 1588 387 Random 1520 348
Second 1654 511 2 1638 451 Uniform 1617 485
Combined 1714 561 3 1714 561 Trained 1714 561
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Discussion and Limaitation. From the results, we can gain insight that pri-
oritizing perception capabilities is more crucial than relying on extra curation of
visual instruction datasets or scaling up model size. As illustrated in Fig. 7(a),
MoAI-7B surpasses the zero-shot performances despite being relatively small
compared to the considerably larger open-source and closed-source models. No-
tably, Fig. 7(b) also indicates that MoAI performs well even in hallucination
zero-shot datasets: POPE [44| and HallusionBench [47|. This suggests that rec-
ognizing objects and their relationships accurately can help prevent LLVMs from
doing mistakes. Looking ahead, as MoAlI is tailored for real-world scene under-
standing, we will incorporate more external CV models to provide LLVMs with
diverse capabilities for low-level vision understanding, common-sense knowledge,
non-object notions beyond text descriptions such as charts, diagrams, signs, and
symbols, and solving advanced math problems.
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