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- One network for 3 tasks
« CLIP-style embeddings (ITC)
- Image-language matching (ITM)

- Language modeling / Captioning
(LM)
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- Pre-Training
- Image captioning data (COCO etal)
- CapkFilt

- Use ITM, LM fine-tuned separately on
COCO

- Clean up web-scale image-text data
- Create new captions (LM)

. Filter new + original captions (ITM)
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Pre-train NoCaps validation COCO Caption
Method HTmaces in-domain  near-domain  out-domain overall Karpathy test
8 c s ¢ S Cc S C S |Be4 cC
Enc-Dec (Changpinyo et al., 2021) 15M 926 125 883 12.1 945 119 902 12.1 - 110.9
VinVLT (Zhang et al., 2021) 5.7M 103.1 142 96.1 13.8 883 12.1 955 13,5 38.2 1293
LEMON},.¢. T (Hu et al., 2021) 12M 1045 14.6 100.7 140 96.7 124 1004 13.8 - -
LEMON},.¢. T (Hu et al., 2021) 200M 107.7 147 106.2 14.3 107.9 13.1 106.8 14.1 | 40.3 1333
BLIP 14M 111.3 15.1 1045 144 1024 13.7 105.1 144 | 38,6 129.7
BLIP 129M 109.1 14.8 105.8 144 105.7 13.7 1063 143 | 394 1314
BLIPcpFiteL 129M 111.8 149 108.6 148 1115 142 1096 14.7 | 397 1333
LEMON)|s60T (Hu et al., 2021) 200M 116.9 158 1133 151 111.3 14.0 1134 150 | 40.6 1357
(Wang et al., 2021)
BLIPvir.L 129M 1149 152 112.1 149 1153 144 1132 148 | 404 136.7

Table 7. Comparison with state-of-the-art image captioning methods on NoCaps and COCO Caption. All methods optimize the cross-
entropy loss during finetuning. C: CIDEr, S: SPICE, B@4: BLEU @4. BLIPcyrii-L is pre-trained on a dataset bootstrapped by captioner
and filter with ViT-L. VinVL{ and LEMONT require an object detector pre-trained on 2.5M images with human-annotated bounding
boxes and high resolution (800x 1333) input images. SImVLMy,ge uses 13X more training data and a larger vision backbone than ViT-L.

BLIP: Bootstrapping Language-Image Pre-training for Unified Vision-Language Understanding and Generation, Li etal 2022
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InstructBLIP: Towards General-purpose Vision-Language Models with Instruction Tuning, Dai etal 2023
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« BLIP v2 architecture
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InstructBLIP: Towards General-purpose Vision-Language Models with Instruction Tuning, Dai etal 2023



LLAVA V]

. Instruction tuning (visual dialogue) data
IS scarce

« Let'suse GPT4 (not GPT4-V) to create
Mmore data

Subset of CC3M (<600k)

- Learn a single projection W on top of
CLIP-VIT into Vicuna (llama?)

Visual Instruction Tuning, Liu etal 2023

Context type 1: Captions

A gronp of people standing entside of a hlack vehicle with various luggage.
Luggage surrounds a vehicle in an underground parking area

People Loy w fit all of (el luggage o an SUV. =
The sport utility vehicle is parked in the public garage, being packed for a trips
Some penple wirh luggagze near a van that is transporting ir.
Context type 2: Boxes s
persom: [0.681, 0.242, 0.774, 0.694]. buckpack: [0.5384, 0.696, 0.485, 0.914], suitcase: . <unulu.d.>

Response type 1: conversation

Question: What type of vehicle is featured in the image!

Answer: The image features a black sport ufility vehicle (SUY) .. <omitted>

Response type 2: detailed description

The imuge is an underground parking ares with a black sport ulility vehicle (SUV) parked. There
are three people m the scene, with one person standimg closer to the lzft side of the vehicle, another
person in the middle, and the third perscn on the right side. They are all working tegether to pack
their luggage into the SUV for a trip. ...<omitted>

Response Lype 3: complex reasoning

Queslion: What challenges do these people lace?

Answer: In the Lmage a group of pecple 1s standmg outside a black SUV in a parking area,
surrounded by various pieces of luggage, including suitcases and backpacks. They are facing the
challenge of fitting all their lnggage into the black SUYV. There are multiple suitcases and backpacks
Lo be packed, which suggests that the group has a significant amount of belongings ...<omilied>

Language Response Xa ‘ . .

Language Model f¢,
ﬁ alafalala
Projection W 7 H, *H

Vision Encoder

X, Image Xgq Language Instruction




LLAVA V]

- Stage 1 training: Adapter only

- CC3M subset

- GPT-4 ask question for caption
. Stage 2 training: Adapter + LLM

» GPT-4 data (ask GPT-4 to do QA using
caption and box inputs)

« ScienceQA

- Quite easy to train (<1 day on 8 GPUs)

Visual Instruction Tuning, Liu etal 2023

messages = | {"role":"system", "ccocntent": f'""Vou are an AT visual assistant, and you are
seeing a singla image. What yon see are provided with hive sentences, describing the same image you
arc looking at. Answcr all gqucstions as you arc secing the imagc.

Design a conversalion belveeen yow and a person asking wbaul thi: phote. The answers should be ma
tonz that a visnal Al assistant is seeing the image and answering the question. Ask diverse questions
and give comespanding answers.

Inclhude questions as<ing ahout the visual eontent of the image, inzlhuding the nhject types, counting
the vbjecls, object activis, vhject lucalions, relalive pusilions between objects, cte. Only include
guestions thal have delinile answers:

(1) one can see the content in the image that the question asks about and can answer confidantly;
(2} one can determine coanfidently from tha image that it is not in the image. Do aot ask any question
that cannot be answered confidently.

Also include complex guestions that are relevant to the content in the image. for example, asking
aboul backyruund knowlcdyge of the objeews in the imeage, asking Lo discuss aboul cvenls happening in
the image, ele. Again, do nol ask aboul uncerlain details. Provide delailed answers when answering
complex questions, For example, grve detailed examples or reasoning steps to make the content more
convincing and well-organized. You can include multiple pacagraphs if necessacy."""}
1
for sample in fewshot_samp_es:
vepegages, append ({"role" :"uger", "conlenl":sample[“conlexl’]})
ressages.append({"role" :"assistant®, "content':sample[‘response’]} )
messages.append({"ro_e": "user", "content":‘\n’.join{query)})

Table 13: For each query, we illustrate the prompt construction process for ChatGPT/GPT 4 wo
collect query [ response’] [rom query[‘context’]. using lew-shol m-context-learmng, where
examples are from fewshot_samples, each example including input sample[‘context?’] and
outpnt samplal ‘rasponsa’]. Nate that masszgas is the final prompt. Tn this example, we provide
the prompt used to generate the conversation response, plense see also see its in-context-leaming
cxamples in Table |5 and Table 16 for details. We recommend readers to check out the codebase for
the prompts to generated two other types of responses, including detailed decription and complex
reasoning.
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Method LLM Res. GQA MMLE MM-Vet MM-Vet 200 QA
InstructBLIP 11B 224 495 12128 250 4 _~—
m Cinly using a suhset of InstructBLAF troning deata ‘ :

0 LLaVA TR 224 N6 255 - .
1 +VQA-vZ 7B 224 470 11970 277 LLaVi-Bencn ' \ VizWiz
2 +Format prempt 7B 224 4568 13238 2532 ' ’ 36

I 3 MILPVLconnector 7B 224 473 13532 27% b’ _ L

° 4 +OKVOQADCR TE 224 SO0 13TRA 0 296 6 3,

Additianal scaling ' '
5 +Region-level VOQA 7B 224 S03 19265 0% _ P 6
6 +Scaleup resolution TR 336 514 14500 303 SEEDEershd 5 SQA-IMG
7 +GQA B 330 20" 14092 300
8 +ShareGPT 7B 336 620" 1510.7 311
9 +ScaleupLLM 133 336 633" 15313 3641

_3.

63, _
MKBenc-CN Textvoa
01,7 153..3 B — BLIP-2
- ' = InslructBLIP
MMEBench pPQPE == QwanyL-Chal
— LL3aVA-1 5

Better (higher resolution) image e

e ﬂ C O d e [ language model (Vicuna v1.5 13B)
o o o o o o o o [ o 00000

vision-language connector (MLP) tokenizer &

Larger LLM embedding

vision encoder (CLIP ViT-L/336px) [User' what is

unusual about
this image?

More datasets

LLM

Still guite fast to train

| resize

.« <1 day on 8-GPUs

Improved Baselines with Visual Instruction Tuning, Liu etal 2023



LLAVALE

AKA LLAVA-NEXT

- Higher resolution, More data (OCR), Better model, full model fine-tuning, still fast (1 day with
32 A100s)

Open-Source Proprietary

Data (PT) Data (IT) Model MMMU (val) Math-Vista MMB-ENG MMB-CN MM-Vet LLaVA-Wild SEED-IMG
NfA N/A GPT-4V 56.8 49.9 75.8 73.9 67.6 - 71.6

N/A N/A Gemini Ultra £59.4 53 - E - - B

NfA NjA Gemini Pro 47.9 45.2 73.6 74.3 64.3 - 70.7

1.4B SOM Qwen-V0L-Plus 45.2 43.3 - - 95.7 - 65.7

1.5B 5.12M CogVLM-30B 32.1 - - - 56.8 - -

1256M ~1M Yi-VL-34B 45.9 - - = - - -

558K 665K LLaVA-1.5-13B 36.4 27.6 67.8 63.3 36.3 72.5 68.2

558K 760K LLaVA-NeXT-348 51.1 46.5 79.3 79 57.4 89.6 75.9



[ Describe this image for me. ] @

In the heart of a bustling restaurant, a young girl finds solace at a
table...

In the heart of a bustling restaurant, a young girl with vibrant hair is
seated at a wooden table, her attention captivated by the camera...

In the heart of a bustling restaurant, a young girl with long, dark hair is
the center of attention. She's dressed in a blue and white striped
sweater,. ... The table is adorned with a white paper bag, perhaps
holding her meal. A blue Pepsi cup rests on the table ...

- LLaVA at multiple granularities

Text Prompt
: Describe the
scene for me.

- Granularity Controller = 2x2 average

pooling

CLIP Image
Encoder

Granularity

Large Language Model

ﬁ Controller
¢ G O O d re S U ‘ tS o Q : There are a group of people standing in the ski facility,

some of them are holding a green flag while other are ...

Approach | # Tokens | MMBench  GQA POPE  VizWiz SEEDBench
Qwen-VL [7] 256 38.2 59.3 - 35.2 56.3
Qwen-VL-Chat [7] 256 60.6 57.5 - 38.9 58.2
InstructBLIP-7B [58] 32 36.0 49.2 - 34.5 53.4
InstructBLIP-13B [58] 32 - 49.5 78.9 334 -
LLaVA-1.5-7B [5] | 576 | 64.8 62.0 85.9 54.4 60.5
576 65.9 61.9 87.4 54.9 60.6
144 66.4 61.3 87.0 53.1 59.7
LLaVA-1.5-M3 36 64.8 60.3 85.5 52.8 58.0
9 63.1 58.0 83.4 51.9 554
1 59.5 52.6 78.4 494 50.1
Approach | # Tokens | MSVD MSRVTT  ActivityNet | NextQA IntentQA  EgoSchema
Video-LLaMA [60] - 51.6 29.6 12.4 - - -
LLaMA-Adapter [61] - 54.9 43.8 34.2 - - -
Video-ChatGPT [62] ; 64.9 49.3 352 - ; ]
Video-LLaVA [63] 2048 70.7 59.2 45.3 - - -
InternVideo [64] - - - - 59.1 - 32.1
LLaVA-NeXT-7B [4] | 2880 | 78.8 63.7 54.3 | 63.1 60.3 35.8
2880 78.2 64.5 53.9 63.1 58.8 36.8
720 79.0 64.5 55.0 62.6 59.6 37.2
LLaVA-NeXT-7B-M? 180 77.9 63.7 55.0 61.4 59.3 37.6
45 75.8 63.0 53.2 59.5 58.7 38.8
5 73.5 62.7 50.8 56.5 56.7 36.2

Matryoshka Multimodal Models, Cai etal 2024



Qwen-V.

- LLM (7./B)

Adapter (0.8B)

Vision encoder (1.9B)

Inputs: Image, Bounding Box, Text

Outputs: Bounding Box, Text
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Stagel: Pretraining

Learnable ; Learnable
Query — CrossAttn 4, é
Embs Embs

ViT &

KON Low Resolitivn

Image-'lext Pairs

Stagc2:Multi-task
Pretraining

Qwenl.M d

t

Query =——s CrossAttn ‘,

QO High Kesolution

Multi-task and
Interlzaved VI Data

Stage3: Supervised
['inetuning

QwenlLM 4

Learnable 1
Query — CrossAttr 0‘

Embs f
ViT
High Kesclumon

Chat Interleavad
VL Data

- Bounding box: Text format with special
<box> and <ref> tokens

Qwen-VL: A Versatile Vision-Language Model for Understanding, Localization, Text Reading, and Beyond, Bai etal 2023



Qwen-V.

- Paper has lots of details on dataset

setu

MOGC

« Great results for the time (Fall 2023)

els etc)

0 and training recipes (base

Stage 2.

Stage 3:

Language Dataset Original Cleaned Remaining%
LAION-en 2B 280M 14%
LAION-COCO 600M 300M 50%
DataComp 1.4B 300M 21%
. Coyo 700M 200M 28%
English oM 12M sM 66%
to ge 1- CCan M a 100%
: SBU 1M 0.8M 80%
COCO Caption 0.6eM 0.6M 100%
. LAION-zh 108M 105M 97%
Chinese
Total 5B 1.4B 28%
Task # Samples  Dataset
Captioning 19.7M IééIé)ON-en & zh, DataComp, Coyo, CC12M & 3M, SBU,
VOA 3.6M GQA, VGQA, VQAvV2, DVQA, OCR-VQA, DocVQA,
’ TextVQA, ChartQA, AI2D
Grounding? 3.5M GRIT
Ref Grounding 8.7M GRIT, Visual Genome, RefCOCO, RefCOCO+, RefCOCOg
Grounded Cap. 8.7M GRIT, Visual Genome, RefCOCO, RefCOCO+, RefCOCOg
OCR 24.8M SynthDoG-en & zh, Common Crawl pdf & HTML
Pure-text Autoregression 7.8M

The Dataset Format Example of ChatML

<im_start>user

Picture 1: <img>vg/VG_100K_2/649.jpg</img>What is the sign in the picture?<im_end>
<im_start>assistant

The sign is a road closure with an orange rhombus.<im_end>

<im_start>user

How is the weather in the picture?<im_end>

<im_start>assistant

The shape of the road closure sign is an orange rhombus.<im_end>
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RefCOCOg(test) Flichr20%
1
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2120 ’
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Piz2Struct Large (1.38)
NSITUCIRLP (VIcuna-1 38)
— Qwen'VL

Qwen-VL: A Versatile Vision-Language Model for Understanding, Localization, Text Reading, and Beyond, Bai etal 2023



CogVL

- VLM with Flamingo-style fusion (but
oarallel not gated sequence)

Oon

- Stage 1 - Pre-training: Captioning 1.0B

images (LAION-2B, COYO-700M
tered)

o

.« Stage 2 - Pre-training: Add in Referr

Ng

- xpression Comprehension (same ¢
nDoxes form open-vocab detector)

atq,

CogVLM: Visual Expert for Pretrained Language Models, Wang etal 2023
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Train NoCaps val NoCaps test Flickr COoCO TextCaps

Method
Data OOD overall OOD overall Karp. Karp. test
Human - 95.7 87.1 91.6 85.3 - - 125.1
VinVL (Zhang et al., 2021) 8.9M 83.8 94.3 78.0 92.5 - 130.8 -
SimVLM (Wang et al., 2021) 1.8B 115.2 112.2 109.5 110.3 - 143.3 -
CoCa (Yu et al., 2022) 4.8B - 122.4 - 120.6 - 143.6 -
LEMON (Hu et al., 2022) 2B 120.2 117.3 110.1 114.3 - 139.1 -
I Flamingo (Alayrac et al., 2022) 2.3B - - - - 67.2 138.1 -
Prismer (Liu et al., 2023d) 12.7M 113.5 112.9 - 110.8 - 136.5 -
BLIP-2 (Li et al., 2023b) 129M 124.8 121.6 - - - 144.5 -
InstructBLIP (Dai et al., 2023) 129M - 123.1 - - 82.4 - -
UniversalCap (Cornia et al., 2021) 35M 1234 122.1 114.3 119.3 - 143.4 -
GIT (Wang et al., 2022a) 0.8B 127.1 125.5 122.0 1234 49.6 144.8 138.2
GIT2 (Wang et al., 2022a) 12.9B 130.6 126.9 122.3 124.8 50.7 145.0 145.0
Qwen-VL (Bai et al., 2023) 1.4B - 121.4 - - 85.8 - -
PaLLI-17B (Chen et al., 2022b) 1.6B - 127.0 - 124.4 - 149.1 135.4
PaLLI-X-55B (Chen et al., 2023b) - - 126.3 - 124.3 - 149. 147.0
CogVLM (ours) 1.5B 132.6 128.3 128.0 126.4 94.9 148.7 144.9
. Method LLM VQA LVLM-Benchmark
PY A ‘ | g n m e n t VQAvV2 OKVQA TextVQA OCRVQA ScienceQA|MM-Vet SEED MMBench LLaVA POPE MMMU MathVista
MiniGPT-4 Vicuna-7B - - 0.6 - 39.6 22.1 474 23.0 45.1 - - 23.1
IDEFICS-Instruct| LLaMA-65B | 37.4  36.9 329 - 61.8 39.7 532 54.5 56.9 - - 26.2
OpenFlamingo MPT-7B 53.0 383 28.3 - 44.8 248 427 5.7 34.2 - 26.3 18.6
DreamLLLM Vicuna-7B | 56.6 44.3 349 - - 35.9 - 49.9 - - - -
InstructBLIP Vicuna-7B - - 50.1 - 60.5 26.2 588 339 59.8 538 - 253
° Fuyu Fuyu-8B 74.2%  60.6* - - - - - - - - 27.4 -
L C h O t - Sty | e d O tO (fo ‘ ‘ OW | n g |_ LO \/O ) Qwen-VL-Chat Qwen-7B | 78.2*%  56.6*  61.5% 70.5* 68.8 - 65.4 61.8 67.7 - 329 33.8
LLaVA-1.5 Vicuna-7B | 78.5% - 58.2% - 66.8 30.5 58.6 64.3 60.7 859 - 23.6
mPLUG-Owl2 |LLaMA2-7B| 79.4* 57.7*  58.2% - 68.7 362  64.1 64.5 250 862 321 253
Unified-102 UIO-2XXL | 79.4*  55.5% - - 86.2* - 65.6 71.5 - 87.7 - -
LLaVA-1.5 Vicuna-13B | 80.0* - 61.3* - 71.6 354 61.6 67.7 646 859 33.6 26.1
SPHINX-2k LLaMA?2 13B| 80.7* 62.6%  61.2* 67.8% 70.6 40.2  71.6 65.9 - 872 329 27.8
Emu?2-Chat LLaMA-33B | 84.9% 64.8*  66.6* - - 48.5 628 63.6 56.4 - 34.1 -

¢ G rO L./I n d ed CO pt i O n i q g / Refe r ri n g CogVLM-Chat | Vicuna-7B | 82.3* 64.8%  70.4* 73.8* 91.2% | 511 725 77.6 778 879 41.1 34.5

Expression (generation ana |

Type | RefCOCO RefCOCO+ RefCOCOg  Visual7W

Model

| val test-A  test-B val test-A  test-B val test test

. |
CO m p re q e q S | O n)/ g rO L n d ed \/Q A SllzinL; L(l\\zfaﬁg( \?\;aeﬁé 62::)2?5’13302%) 79.96 22:% 76.39 6829 76.00 61.75 67.57 67.58 -

Shikra-7B (Chen et al., 2023a) 87.01 90.61 80.24 81.60 8736 72.12 82.27 82.19

Generalist | Shikra-13B (Chen et al., 2023a) 87.83 91.11 81.81 82.89 87.79 7441 82.64 83.16 85.33
Qwen-VL (Bai et al., 2023) 89.36 9226 8534 83.12 8825 77.21 8558 85.48 -
Ferret-13B (You et al., 2023) 89.48 9241 8436 8281 88.14 75.17 85.83 86.34 -
CogVLM-Grounding 9276 9475 88.99 88.68 9291 83.39 89.75 90.79 91.05
G-DINO-L (Liu et al., 2023¢) 90.56 93.19 88.24 82775 8895 7592 86.13 87.02 -

UNINEXT-H (Lin et al., 2023a) 92.64 9433 9146 8524 89.63 79.79 88.73 89.37 -

Specialist | GNE PEACE (Wang et al., 2023a) | 92.58 94.18 89.26 8877 9221 8323 8922 8927 ;

CogVLM: Visual Expert for Pretrained Language Models, Wang etal 2023
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Inpu! Nrrage

Fuyu

Transfc-mer Dexoder

OtterHD

|
I - SN - EREEE v e () ] )

|
Image patch ‘ i . . . . ‘ - '

MagBench MME!

Linear prajection

Models I/R Pairs | Train Res. | Eval Res. POPE | MM-V | MMB | M-Vista
Multi. FF. | Cog. Percep.
Idefics-9Bingiruct [24] M 224 224 20.8 1341879 11650 | 746 | 237 | 455 | 198
. . Otter-9B [25] 150K 224 224 257 15.8(306.4 12923 | 725 | 247 | 483 | 197
 Bullt on Perssimon-8B and Fuyu-38B mesLPs (| 12 | 20 | 2| se 12 - | - | 22|60 -
InstructBLIP-13B [13]| 1.2M 224 224 3.8 163(291.8 12128 | 789 | 256 | 339 | 253
d d ‘ t .[: LLaVA-7B; 5 [30] 3.6M? 336 336 268 247| - 1510.7 | 859 | 30.5 | 59.5
eCO el' Oﬂ y I’CI ﬂS OI’I | I@I’S Qwen-VL-7Bchat [4] 1.4B 448 448 145 15.9|360.7 1487.5 - - 61.8
Fuyu-8B [5] ; ; Original | 293 1522375 7286 | 74.1 | 214 | 107 | 206
512 512 335 31.4[289.8 13593 | 86.1 | 251 | 585 | 223
. . OtterHD-8B 370K 1024 1024 37.8 37202885 1313.7 | 815 | 198 | 536 | 173
Dynamic | Original | 427 39.9|331.4 12234 | 86.0 | 26.3 | 58.3 23.5
- Images fed in tokenized 14
Dataset | LLaVA-DD/CR  VQAv2 GQA OKVQA OCRVQA A-OKVQA COCO-GOI
Avg. W 577 581 495 617 352 587 586

Avg. H 481 482 409 448 490 482 476

° | m Q 9 e n eW_ ‘ | n e tO |<e n Pairs 53240 20000 30000 18018 16354 34112 20000

Dataset | COCO-Caption TextQA RefCOCO COCO-ITM ImageNet LLaVA-RLHF  Combined

Avg. W 578 950 591 577 469 340 542
Avg. H 484 811 486 484 387 572 467

¢ Dy n O m I C | m O g e re S O ‘ U t | O n Pairs 20000 19293 20000 20000 50000 50000 371017

 |nstruction-tuned

OtterHD: A High-Resolution Multi-modality Model, Li etal 2023



Otter

- More data
. Faster base-model

- New High-res VLM benchmark
(MagnifierBench)

OtterHD: A High-Resolution Multi-modality Model, Li etal 2023

Tokens /s / GPU

Data Mixture We compiled a total of 370K instruction/response pairs sourced from the follow-
ing public datasets: LLaVA-Instruct [30], VQAvV2 [2], GQA [23], OKVQA [36], OCRVQA [38],
A-OKVQA [45], COCO-GOI [33], COCO-Caption [10], TextQA [48], RefCOCO [58], COCO-
ITM [28], ImageNet [17], and LLaVA-RLHF [51]. The data mixture and specific prompt strategies
are motivated by LLaVA-1.5 [30] and Idefics-Instruct [24] to achieve better text formatting
control. All the datasets were organized into instruction/response pairs, aggregated into a single
dataloader and uniformly sampled during the training phase to ensure representational integrity.

ldeiics-9B  LLaVA-7B  LLaVA-13B Fuyu-8B-HF OB-8B OB-8B-Light OB-88 OB-8B-Light
(224) (336) (336) (512) (512) (512) (102¢) (1024)

Question: Where Is the laptop?
Cption hint:
A. Cn =@ graan sofa

D. Cn =3= sqaere dinig table

C. Cn e prey round stond

U. Un 72 brown round table
Multi, Answer: C

FrAefarm ARSWEr: (N ThE grey raund
stoal

Question: How many training cones
ara on the grass?

Opsion hint.

A. 3

B. 4

c. 5

D. €

Multi. Answer: C
Freelorm Answer: S

Quastion: What color 16 tha lid of
the small bottle closast to the
greesn 1lid of the seasoningz jar?
Cplion hint:

L. Green,

E. Yellow,
€. Whits,
C. Purple

Multi. Answer: D
Freaform Answer: Purple

® |-T tokens ratio ® Train w/512 ® Train w/1024  Train w/dynamic

- 15.00

55 +
50 +
42)3 -+ 12.00
45 39.7
Q 40 + n
< +900 .2
Ssl 301 824 —o 5
8 30 ‘—132':4 36.8 14
o 1 / 335 27:5 + G
25 + 251 5O @ 6.00 %
g 20 + =
15 L —+ 3.00
10 + ‘7
5 I I i | 0.00
448 512 1024 1440

Eval Resolutions




Projector LLM

Generation: * a cat. Step 0: Projector init. g

'
[ LLM ] Step 1: Interleaved pre-training
G - Updating LLM is essential A A

| ] [ ] [ r—] [ ( - Interleaved Iata helps

I Step 2: Vision-text joint SFT
{P ’OJCC“"] o - Joint SFT bridges text HH
T This is a degradation
. image o
Vit | ge of '
Visual language tasks
Method LLM Res. PT  IT |VQAY GQA VisWiz SQA' VQAT |POPE MME MMB MMB®N SEED LLaVAY MM-Vet
BLIP-2 [35] Vicuna-13B 224 129M - 410 41 196 61 425 1[853 12938 - - 464 38.1 22.4
/ . . InstructBLIP [18]  Vicuna-7B 224 129M 1.2M |- 492 345 605 50.1 |- - 36 237 53.4 609 26.2
° L Ot S O'[: trl C kS O n d O b | O t | O n S InstructBLIP [18]  Vicuna-13B 224 129M 1.2M |- 495 334  63.1 507 |789 1212.8 — - - 58.2 25.6
Shikra [12] Vicuna-13B 224 600K 5.5M|77.4* - - - - - - 588 — - - -
IDEFICS-9B [30] LLaMA-7B 224 353M IM |509 384 355 - 259 |- - 482 252 - - -
IDEFICS-80B [30] LLaMA-65B 224 353M IM |60.0 452 360 - 309 |- - 545 38.1 - - -
Qwen-VL [9] Qwen-7B 448 14B 50M |78.8* 59.3* 352  67.1 63.8 |- - 382 7.4 563 - -
Qwen-VL-Chat [9] Qwen-7B 448 1.4B 50M |78.2* 57.5% 389 682 615 |- 1487.5 60.6 56.7 582 - -
LLaVA-1.5[38]  Vicuna-1.5-7B 336 0.6M 0.7M|78.5* 62.0* 50.0 66.8 582 |859 1510.7 643 583 58.6 63.4 30.5
. . . LLaVA-1.5[38]  Vicuna-1.5-13B 336 0.6M 0.7M [80.0* 63.3* 53.6 71.6 613 |859 1531.3 67.7 63.6 61.6 70.7 35.4
o _l OW tO | nter eO\/e | I I u tl p e I | I |O g e'teXt VILA-7B (ours)  Llama-2-7B 336 50M 1M |79.9* 62.3* 57.8 682 644 [855 1533.0 68.9 61.7 61.1 69.7 34.9
VILA-13B (ours) Llama-2-13B 336 50M 1M |80.8* 63.3* 60.6 73.7 66.6 |842 1570.1 70.3 64.3 62.8 173.0 38.8

+ShareGPT4V ~ Llama-2-13B 336 50M 1M |80.6* 63.2* 62.4 73.1 653 |84.8 1556.5 70.8 654 614 784 45.7

NAIrS

- Blending text-only and image-text
data

VILA: On Pre-training for Visual Language Models, Lin etal 2023
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- Better captioning pipeline for VLMs anad
dataset (VeCap)

. Ethics check (does the LLM reply: “I
am sorry that | cannot ...")

- LLM Knowledge Fusion: Rephrase the
following two sentences into one...

. Better CLIP model

VeCLIP: Improving CLIP Training via Visual-enriched Captions, Lai etal 2023

AltText:
112 Ladayctte Dr.

LLM-VeC Caption:

A rexd brick house with 1 while rool and a
front porch. surmounded by a parden at 112
Lalayetie Dr

AliText:

SURE IN, SURF OUT ~ LARGE condo, Steps
15 Beach + Parking.

LLM-VeC Caption:

A small, moedem hame with a patio, outdoor
Furnitare, cad a stone wall.

AltText:

More tben one miilion Anstralian honscholds
aic al cady 11 molgage sliess,

LLM-VeC Caption:
A real estate sign advertses a house in
Avsiralion Tar sa e in a residential

reighberheood, with a trée in the batkground.

Detailed Captions

AltText:
2 Miscomcep wons About Alcnhol.

LLM-VeC Caption:
A, glase of beer sits on 2 table with 2 li: candle.
creating 2 cory atmosphere.

AltTaxt:
Ring Car Cam,

LLM-VeC Captlon:
A hand i3 holdinz a smartphorc with Ring Car
Cam, watchmg 2 car dnvine on a roud.

AltText:
3 bedroom @partraent to rent Crovdon,

LLM-VeC Caption:

A bedrcom with a bed wita white matress, a
window, wd a wooden dresser, proviaang o
combortaole and well-crgan:zed space.

Visual 1. A group of motorcyclists riding on a wet road, with

Exploitation
Prompt

inviting space.
4» LLaVA

royal crown logo on its side.

LLM Ethical h
Check v

AltTexts
1. Shell Advance Super Series Visayas Grand

Prix 2019 - The Racing Line TV.
LLM
Knowledge
Fusion

>

2. Rustic bathroom style.

N. JY-AYA | Airbus A320-212 | Royal
Jordanian | Bastiaan Smeets | JetPhotos

a race line and a race sign in the background.
2. The bathroom is well-decorated with a window,
> sink, toilet, and shelves, creating a comfortable and

N. A large jet airplane is landing on a runway, with a

( VeCap \

1. The Racing Line TV captures the Shell
Advance Super Series Visayas Grand Prix
2019, showing motorcyclists racing on a wet
road with race signs.

2. The rustic bathroom style features a well-
decorated space with a window, sink, toilet,
and shelves, creating comfort and charm.

N. JY-AYA, a Royal Jordanian Airbus A320-212
with a royal crown logo, captured by Bastiaan

\ Smeets on JetPhotos, lands on a runway. )
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Choose the correct option (o the
following question: which picture

shows the pizze mside the over?
Options: (a) left one (b) right cnc.

Answer:

Instrucdon Response[ left one |
e Architectures stabilized Projector LM
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[ LM Step I: Interleaved pre-training
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AltText:

112 Lofayctte Dr. AltText:

2 Miscomcep ions About Alenhol.

LLM-VeC Caption:

A rex brick house with 14 while rool and a
front porch. sumounded by a parden at 112
Lalsyetie Dr

LLM-VeC Caption:
A, glase of beer sits on 2 table with 2 lit candle.
sreating 2 cory atmosphere.

Vision language models

AltText:

SURE IN, SURF OUT ~ LARGE condo, Staps
1 Beach + Parking.

AltTaxt:
Ring Car Cam,

LLM-VeC Captlon:
A hand i3 holding a smartphorc with Ring Car
Cam, watckmg 2 car dnvine on a road.

LLM-VeC Caption:

4 small, mederm hame with a patia, outdonr
Furnitarc, ead & stone wall.

Trend 2

AltText: : AltText:
More then one: million Anstralian honscholds = 3 bedroom apartment to rent Crovdon,

atc al cady U1 molgage stioss,

LLM-VeC Caption:
LLM-VeC Caption: A bedroom with a bed wita white matress, a
A real estate sign advertses a house in window, md o woodes dresser, provieng o
Aavsiralion Taor sa'e in o residential combortadle and well-crgan:zed space,
reighderhood, with a tree in the bactkground.
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