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Embedding&Pre-Training Task in BERT
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VLP-VisuaI&Ianguage pretraining
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VL-BERT: PRE-TRAINING OF GENERIC VISUALLINGUISTIC REPRESENTATIONS:
Weijie Su, Xizhou Zhu, Yue Cao, Bin Li, Lewei Lu, Furu Wei, Jifeng Dai (ICLR 2020)
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VILT: Vision-and-Language Transformer Without Convolution or Region Supervision:
Wonjae Kim, Bokyung Son, Illdoo Kim (ICML 2021)
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= Image Representations

To improve the generalization of the image representation, we learn from pixels to represent an image instead of

using bounding boxes. The pixel features are learned by a CNN visual backbone such as ResNet.
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Cross-modal Encoder Pre-training
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= Image-Text Matching (ITM)
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Visual-enhanced Decoder
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= Transformer decoder
= object detection
understanding the fine-grained object information within image
= image-caption generation

guide the learning of visual features regarding the textual semantics




Masked Language Image-Text

Enhanced by Object Detection--DETR ==

. Model Matching
In encoder side X L
combine both the visual representation and language [ (s ansformerEncoce: ]_’ ispronuerDecoder
embedding as input and reuse the Transformer encoder for ! SRR, oM,
Caption Generation

Text Embedding

A

cross-modal fusion.

CNN Backbone |{
[
I
I

]

i

|
— There are two seagulls :
There are two seagulls | - ———— \ by the sea
by the sea

In decoder side

= Input: learned positional embeddings

= Detects the N objects in parallel at each decoder layer
= Box coordinate regression

= Class category prediction

= Object attribute prediction task for VG Dataset

Mz

Lo(y,9) =) [~logps)(a:) —logpsey(c:) +

1=1

o ﬁbocc(bub ( ))]




Enhanced by Image Captioning
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Joint Training

We pre-train E2E-VLP with all the encoder and decoder pre-training tasks :
- Masked Language Modeling

= Image-Text Matching

= Object Detection

= Image-to-Text Generation

jointly by minimizing the four loss functions as:

L= ﬁmim + »Cz'tm + £U + Edec




EXperimentS'Pre-training

= Dataset

- We pre-train our E2E-VLP on two in-domain image-text datasets: MS-COCO (Lin et al.,
2014) and Visual Genome (Krishna et al., 2017).

= Object detection and image caption annotations in MS-COCO

= Object detection, region description annotations in Visual Genome.

= Implementation Details

= Pre-train E2E-VLP model with a total batch size of 32 for 200 epochs on 8 V100 GPUs.




EXperi MeNtS-bownstream Tasks

Table 4. Comparison of ViLT-B/32 with other models on downstream retrieval tasks. We use SCAN for w/o VLP SOTA results.
additionally used GQA, VQAv2, VG-QA for pretraining. § used open images dataset to expand its visual vocabulary of region feature
embeddings. (@) indicates RandAugment is applied during finetuning.

= VQA
. Text Retrieval Image Retrieval
]‘Eﬁsgalci Time Flickr30k (1K) MSCOCO (5K) Flickr30k (1K) MSCOCO (5K)
mbe (ms)  p@] R@5 R@I0 R@! R@5 R@I0 R@l R@5 R@0 R@l R@5 R@I0
m N LV R 2 wfo VLP SOTA ~g(2)g 674 903 958 S04 822 900 ggg gz.; g:lsg 386 693 804
Region <1000 862 963 990 623 871 928 715 912 952 484 767 859
¢ ~900 859 97.1 988 644 874 931 725 924 9.1 503 785 872
. ~900 - . . 700 911 955 - » i 540 808 885
. I mMa g e Ca pt| on ~1000 - - - 746 926 963 - - - 581 832 901
Grid Pixel BERL.X152  ~120 870 989 995 636 875 936 715 921 958 501 77.6 862
Pixel-BERT-R50 ~60 757 947 971 598 855 9.6 534 804 885 4Ll 697 805
. ) ~15 8l4 956 976 618 862 926 619 868 928 413 720 825
" I mMa g e —TeXt Ret rieva I Linear ~15 837 972 981 629 8.1 927 622 8.6 932 426 728 834
Models Params VQA NLVR2 COCO Caption Model P IR-Flickr30K TR-Flickr30K
: | Test-dev Test-std | Dev  Test-P | BLEU4 CIDEr odels aams | p@l R@5 R@I0 | R@1 R@5 R@I0
Visual BERT 110M | 70.80 71.00 - - - - VisualBERT 110M | - - - - - -
VLP 110M | 70.5 70.7 - - 36.5 116.9 VLBERT 110M _ ~ _ _ ~ ~
Single-stream  VLBERT IIOM | 7116 - - - - - Single-stream  Unicoder-VL | 110M | 71.50 90.90 9490 | 8620 96.30 99.00
Unicoder-VL  110M | - - - - - - UNITER 110M | 7252 9236 96.08 | 85.90 97.10 98.80
UNITER 10M | 7270 7291 | 7714 7787 | - - OSCAR 1om | - . ’ ) . .
OSCAR 110M 73.16 73.61 78.07 78.36 36.5 123.7
VILBERT 2IM | 7055 7092 | 6740 67.00 | - - ‘SFBEIRT g%iﬁ g%g 84.90 9152 | - - -
Twousean 127071 2IM | 7315 - - - - - Two-stream LX;’[E - S3n ‘ - - - - -
; LXMERT 183M 72.42 72.54 74.90 74.50 - - ) 1 - - - - - -
ERNIE-ViL 210M | 72.62 72.85 ; ; - - ERNIE-ViIL 210M | 7444 9272 9594 | 86.70 97.80 99.00
End2End  PixelBERT | 142M | 7135 7142 | 717 724 | - - End2End  PixelBERT | 142M | 598 855 916 | 757 947 971
Our Model E2E-VLP | 94M | 73.25 73.67 | 7725 77.96 | 36.2 117.3 Our Model E2E-VLP | 94M | 73.58 9242 96.03 | 86.24 97.50 98.92
Table 1: Evaluation Results on VQA, NLVR2 and Image Caption. Table 2: Evaluation Results on Flickr30K.




EXperi MeNtS-bownstream Tasks

We use SCAN for w/o VLP SOTA results.
o expand its visual vocabulary of region feature
= VQA
Image Retrieval
Flickr30k (1K) MSCOCO (5K)
R@1 R@5 R@l0 R@1 R@5 R@10
m N LV RZ 486 777 852 386 693 804
58.2 84.9 91.5 - - -
71.5 91.2 95.2 48.4 76.7 85.9
72.5 92.4 96.1 50.3 78.5 87.2
. - - - 54.0 80.8 88.5
= Image Caption ST wowa
71.5 92.1 95.8 50.1 71.6 86.2
53.4 80.4 88.5 41.1 69.7 80.5
M / ’ ’ 61.9 86.8 92.8 41.3 72.0 82.5
. |mage_TeXt Retrieval The left image contains twice the number of dogs as the 6l9 o5 o284l 7200 w23
right image, and at least two dogs in total are standing.
Models Params VQA lickr30K TR-Flickr30K
; ® | Test-dev  Test-std S T ‘@5 R@10 | R@l R@5 R@10
VisualBERT | 110M | 70.80  71.00 ] ] - -
VLP 110M | 70.5 70.7 ] . i i
Single-stream VLBERT 110M 71.16 - 0.90 9490 86.20 9630 99 00
Unicoder-VL | 110M | - - 236 9608 | 8590 97.10 93.80
UNITER 1I0M | 7270 7291 ’ ) ’ ’
OSCAR 110M | 73.16  73.61
VILBERT 2IM | 7055 70.92 490 9152 | - - -
Twosts 12-in-1 2IM | 7315 - - - - -
wostream -y Y MERT 183M | 72.42 72.54 - - - -
ERNIE-ViL | 210M | 72.62 72.85 7 Zord, 272 9594 | 8670 97.80 99.00
End2End  PixelBERT | 142M | 7135  71.42 One imase shows exacib iwo Brown acorms.in 55 916 | 757 947 971
OurModel ~ E2E-VLP | 94M | 7325  73.67 ag, Y _ ¢ 242 9603 | 8624 9750 98.92
back-to-back caps on green foliage.

Table 1: Evaluation Results on VQA, NLVE s on Flickr30K.




Inference Efficiency

Ablation study S P—

Avg Time
(ms) VQA ‘ NLVR2
] ) LXMERT 183M 496 72.42 72.54
Importance of Visual Learning UNITER | 110M ‘ 501 | 7270 | 77.14
Pixel-BERT 142M 201 71.35 T1.7
Model I VOA ‘ NLVR?2 E2E-VLP | 94M | 192 | 73.25 | 77.25
E2E-VLP 70.76 | 72.12 _
-Image-to-Text Generation | 70.20 | 71.59 Impact of Input Image Size
-Attribute Prediction 6992 | 70.92
-Object Detection 68.85 70.38
Input Size
T ] ) i o shorter side  longer side Speedup | VQA | NLVR2
able 3: Ablation tests for different visual pre-training a8 8 - 114 | 75.43
tasks of E2E-VLP (6 layer encoder, and ResNet50 448 146 3x 7204 | 7579
backbone) on development set. 600 1000 1.5x | 73.08 | 76.87
800 1333 - 73.25 77.25

Architecture Selection

Object Detection with Paired Text

Layers | Backbone | Params | VQA | NLVR2

6 r50 49M 70.56 72.12
6 rl01 68M 71.42 74.34 Model | AP | APsp | APs | APy | APy
6 rl52 84M 72.23 76.21
12 r50 59M 71.34 73.04 DETR 40.6 61.6 19.9 44.3 60.2
12 r101 78M 72.43 75.23 E2E-VLP | 41.9 62.0 20.3 45.6 61.1
12 rl52 94M 73.25 77.25

Table 7: Results of object detection on MSCOCO de-

Table 5: Results of different pre-trained model architec- velopment dataset

tures on development set.
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