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Example faillures — confusing image pairs

Is there a hand using the Are the butterfly’s feet  Is the door of the truck
mouse in this image?
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Example faillures — confusing image pairs

Is there a hand using the Are the butterfly’s feet  Is the door of the truck

InstructBLIP: Yes
(EVA Encoder)

LLaVA-1.5 : No
(CLIP Encoder)
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Example faillures — confusing image pairs

Is there a hand using the Are the butterfly’s feet  Is the door of the truck

InstructBLIP : Yes
(Ovr. Acc. 16.7%)

LLaVA-1.5 No
(Ovr. Acc. 24.7%)

19

TTong et al. 2024



Example faillures — confusing image pairs

Is there a hand using the Are the butterfly’s feet  Is the door of the truck

InstructBLIP : Yes
(Ovr. Acc. 16.7%)

LLaVA-1.5 . No
(Ovr. Acc. 24.7%)
BRAVEL) :  Yes

(Ovr. Acc. 42.0%)
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BRAVE: Broadening the visual encoding of VLMs

* Core idea from machine learning?
* Different representations -> Different generalization properties
 Ensemble to create a more complete representation
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BRAVE: Broadening the visual encoding of VLMs

* Core idea from machine learning?

* Different representations -> Different generalization properties
 Ensemble to create a more complete representation
* Find the strongest set via benchmarking
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Benchmarking vision encoders

8 different encoders
e Different objectives
 Masked modeling, contrastive learning, etc.
* Different training datasets
« LAION-2B, JFT-3B, etc.
e Different model sizes
e 300M to 4B
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Benchmarking vision encoders
Observations

* No encoder perform consistently well

Please see the paper for detalils
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Benchmarking vision encoders
Observations

* No encoder perform consistently well
* Using a single encoder is inherently limited

 Encoders with different biases can perform similarly
* Different cues to exploit

Please see the paper for detalils
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Can we broaden the visual capabilities of VLMs

through combining vision encoders with different biases?
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BRAVE framework
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BRAVE framework

'@ Standard training recipe |
~1% trainable parameters
| d-size visual |




Key results

o State-of-the-art performance for captioning & VQA tasks

40



Key results

o State-of-the-art performance for captioning & VQA tasks
COCO1

General Captioning

Caption: A large bus sitting
next to a very tall building.

1Chen et al. 2015

41



Key results

o State-of-the-art performance for captioning & VQA tasks
COCO1 NoCaps?

General Captioning  Novel object captioning

N ' e J -

Caption: A large bus sitting Caption: A crab cake sandwich
next to a very tall building. on a hamburger bun.

'Chen et al. 2015
2Agrawal et al. 2019

42



Key results

o State-of-the-art performance for captioning & VQA tasks
COCO1 NoCaps? VQAvV23

General Captioning ~ Novel object captioning ~ General VQA

e k£ P
o i
R R A .
3 T ok A Vg MU -
e = St i P R
N, EF: R e >
T TRyt L .‘
5 o By B .
™, _" \»
P ¥ 3
' 2 . i
NG I ’
»
¥ . i \
e
i o X

Caption: A large bus sitting Caption: A crab cake sandwich Q: What color is the hydrant?
next to a very tall building. on a hamburger bun. A: Black and Yellow

'Chen et al. 2015
2Agrawal et al. 2019
SGoyal et al. 2017

43



Key results

o State-of-the-art performance for captioning & VQA tasks
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Key results

o State-of-the-art performance for captioning & VQA tasks
* Improved robustness against hallucinations & confusing images
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Key results
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Key results

o State-of-the-art performance for captioning & VQA tasks
* Improved robustness against hallucinations & confusing images

COCO
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Quantitative results — Captioning

# params  COCO (fine-tuned) NoCaps (zero-shot, val) NoCaps (zero-shot, test)

Method Trainable Total  Karpathy test out-domain overall out-domain  overall
Flamingo |[3] 10.6B  80B 138.1 - - - -
SimVLM [85] 632M  632M 143.3 113.7 112.2 - 110.3
Qwen-VL [5] 9.6B  9.6B - - 121.4 - -
BLIP-2 [53] 1.1B  4.1B 144.5 124.8 121.6 - -

InstructBLIP (23] 188M 14.2B - - 121.9 - -
CoCa [90] 2.1B  2.1B 143.6 - 122.4 - 120.6

GiT2 [81] 5.1B  5.1B 145.0 130.6 126.9 122.3 124.8

PaLI-17B | 16.9B 16.9B 149.1 - 1270 126.7 1244
BRAVE@ 116M 10.3B 148.0 {133.3 127 6 - 127 1 o 125 6
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Quantitative results — VQA

# params Fine-tuned Zero-shot
: VQAv2 OKVQA GQA |VizWiz-QA GQA MMVP POPE
ey s cnta test-dev  val  test-dev| test-dev test-dev test test
SimVLM [91] 632M 632M 80.0 - - - - - -
Flamingo [3] 10.2B  80B 82.0 57.8 - 31.6 - - -
MiniGPT-v2 |14] 7B 8B - 57.8 60.1 53.6 - - -
GiT2 |87] p.lB 5185 817 - - - - - .
Qwen-VL [6] 96B 9.6B 79.5 58.6 59.3 395.2 - - -
SPHINX-2k [61] 13B  16.5B 80.7 62.6 63.1 44.9 - - 87.2
PaLI-17B [19] 16.9B 16.9B 84.3 64.5 - - - - -
BLIP-2 |56 1.2B 12.1B 81.6 54.7 - 29.4 44.7 - 85.3
Instruct BLIP [25] 188M 14.2B - 55.5 - 33.4 49.5 160 (89
ShareGPT4V [16] 13.4B 13.4B 81.0 - 64.8 - - - -
LLaVA'-® [64 13B 13.4B 80.0 - 63.3 53.6 - 24.7  85.9
LLaVA'® [65] 3B 1318 - 46.3  65.4 : : : 86.3
BRAVE {5} 3B 10.3B|825 66.0 66.3 542 527 42.0 87.6]
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More results & analysis

 Qualitative results on captioning and VQA
* Ablations of design choices (training data, fine-tuning, LLM, etc.)

 Contribution of different vision encoders

Robustness to missing encoders Attention scores of different encoders
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