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Stage 1: Motivation



Architectures in vision-language pre-training
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Figure 2. Three widely-used categories of vision-and-language
models. The main difference i1s where to perform cross-modality
information fusion. One-stream fuse at early stage and dual-
stream fuse at late stage, while the last type fuse at middle stage.



Architectures in vision-language pre-training

Related Works in Vision-Language Pre-training: (2 years ago)

Transform Image Into Region Features with Faster-RCNN

Input Region Features and Bounding Box (position) together as visual signals
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Architectures in vision-language pre-training

Related Works in Vision-Language Pre-training: (in 2 years)

Input Raw-Pixel Image without Position Information Directly

Word Patch Alignment

Image Text Matching Masked Language Modeling

EJ@ Extra lcarnable [class] embedding

Modal -type embedding
n position embedding

[
dﬂﬁﬂ@ﬁd@i e

Word Embedding

IIIIII

a stone statue near an [MASK]

Transformer Encoder

Llnear Projection of Flattened Patchcs

S e il

@mﬁiﬁiﬁ—lﬂil

image captioning &
multimodal representation
Multimodal

“e“c\on
B Text Decoder Multimodal
& classification alignment ——a
T T /’ '\ / Text Decoder
Image Unimodal D Image Image Unimodal Image Unimodal
Encoder Text Decoder Encoder Encoder Text Decoder Encoder Text Decoder
! 1 1 1 f t 1
image text image image text image text
I Captioning &
Visual Recognition Crossmodal Alignment Multr?r:gZal S’:\(;Z?;?gn ding
(single-encoder models) (dual-encoder models) (encoder-decoder models)
Pretraining Zero-shot, frozen-feature or finetuning

Anderson et al. Bottom-up and top-down attention for image captioning and visual question answering[C, CVPR, 20%8.



Motivation

Bring Position-information into these end-to-end models, and keep fast inference time for
downstream tasks at the same time.
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(a). Pre-trained Model

Position-unrelated Prediction:

ViLT: An image with
[man], [dog] and [birds]. v
PTP-ViLT: An image with
[man], [dog] and [birds]."
Position-related Prediction:

ViLT: There is [dog] on the

right of this image. X
PTP-ViLT: Thereis [ ]

on the right of this image.

(b). Fill-in-the-blank Evaluation

6



Stage 2: Methodology



Position-guided Text Prompt

“The block [P] has a [O].”
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Figure 3. Overall framework. Any pre-training framework
(one-stream, dual-stream, dual-stream-+fusion encoder in Fig. 2)
and most objectives can be integrated with our PTP. Dashed line
indicates that the model may not exist. We remove the text prompt
for the downstream task and evaluate the model as usual.



Stage 3: Experiments



Ablation & More Analysis

Architecture Variations Pretext task or prompt?

Table 6. The ablation on different architectures under 4M set-
ting. We report the 12t and t2i results on MSCOCO (5K test set).
As we do not used object detector in downstream tasks, PTP is 20

imes faster th ject-featur model.
times faster than object-feature based mode Table 7. Text prompt vs. additional pretext head. The last

column is COCO captioning task.

Method Time MSCOCO (5K test set)
Image — Text Text — Image
Method COCO F30K NLVR Captioning
R@1 R@5 R@10 R@l1 R@5 R@I0 Avg TR@1 TR@1 Acc(%) CIDER
One-stream Models Baseline | 70.6 534 76.1 121.2

ViLT [16] ~15 61.8  86.2 92.6 413 720 825 727

. Pretext | 72.3(171) 547 (231) 769 (0.81) 123.5(231)
_PTP-VILT ~15 | 671 905 943 453 791 884 77545 Prompt | 73.2(2.61) 554201 77.9(181) 1272 (6.01)

Dual-stream Models
CLIPY [32] ~27 64.9 83.2 90.1 504 763 84.7 74.9
PTP-CLIP ~27 683 86.4 92.7 54.1 80.1 86.8 781,32

Dual-stream + Fusion encoder Models
BLIP 1 [19] ~33 752 933 96.3 57.4 82.1 89.5 82.3
PTP-BLIP ~33 776 94.2 97.0 594 834 904 83.7+15

Object-feature Based Models
VinVL [46] ~650 74.9 92.6 96.3 58.1 83.2 90.1 82.5
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Experiment

For Retrieval Task

Zero-shot results (trained on 4M data) even comparable with CoCA (1.8B data)

Table 1. Results of zero-shot image-text retrieval on Flickr30K and MSCOCO datasets. We gray out the methods that train on much
larger corpus or use much larger models. T means the model implemented by ourself and trained on same dataset since the original datasets
is not accessible or not trained on these splits. The Avg is the mean of all image-to-text recalls and text-to-image recalls.

Method #lmages Parameters MSCOCO (5K test set) Flickr30K (1K test set)
Image — Text Text — Image Image — Text Text — Image

R@1 R@5 R@10 R@1 R@5 R@I0 Avg R@1 R@5 R@10 R@1 R@5 R@10 Avg
Unicoder-VL [18] 4M 170M - - - - - - 643 858 92.3 484 76.0 852 753
ImageBERT [31] 4M 170M 440 712 80.4 323 590 70.2 595 70.7  90.2 94.0 543 79.6 87.5 79.4
ViLT [16] 4M 8T™M 413 799 87.9 373 674 790 655 69.7 910 96.0 534  80.7 88.8 79.9
PTP-ViLT (ours) 4M 8™ 55.1 82.3 89.1 435 70.2 812 702447 | 745 937 96.5 603 85.5 90.4 83.5136
BLIP 1 [19] 4M 220M 574  8l1.1 88.7 414  66.0 75.3 68.3 76.0 92.8 96.1 584  80.0 86.7 81.7
PTP-BLIP (ours) 4M 220M 723 918 95.7 495 759 842 773,90 | 864 97.6 98.9 670 87.6 92.6 88.4.57
PTP-BLIP (ours) 14M 220M 732 924 96.1 536 792 87.1 78.6 87.1 984 99.3 73.1  91.0 94.8 90.3
CLIP [32] 300M 173M 58.4 81.5 88.1 37.8 62.4 22 66.7 88.0 98.7 994 68.7 90.6 952, 90.1
ALIGN [14] 1.8B 820M 58.6 83.0 89.7 45.6 69.8 78.6 70.9 88.6 98.7 99.7 1 93.8 96.8 02
FILIP [41] 340M 787M 61.3 84.3 904 459 70.6 79.3 72.0 39.8 99.2 99.8 75.0 934 96.3 92.3
Flamingo [2] 2.1B 80B 65.9 87.3 92.9 48.0 72y, 82.1 74.9 89.3 98.8 99.7 79.5 95.3 97.9 934
CoCa [24] 3B 2.1B 66.3 86.2 91.8 S 172 74.2 82.0 793 92.5 99.5 99.9 80.4 BT/ 97.7 94.3
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Experiment

Table 3. Comparison with state-of-the-art image captioning methods on NoCaps and COCO Caption. C: CIDEr, S: SPICE, B@4:
BLEU@4. Notice that VinVL{ and LEMON require high resolution (800 1333) input images.

Method #lmages Parameters NoCaps validation COCO Caption
in-domain near-domain out-domain Overall Karpathy test
CIDEr SPICE CIDEr SPICE CIDEr SPICE CIDEr SPICE | B@4 METEOR SPICE CIDEr

OSCAR [23] 4M 155M 79.6 123 66.1 115 453 9.7 80.9 113 374 30.7 23.5 127.8
VinVLi [46] 5. M 34T 103.1 142 96.1 13.8 88.3 12.1 95.5 135 38.5 304 23.4 130.8
BLIP § [19] 4M 220M 106.5 144 99.3 13.6 95.6 13.0 98.8 142 370 - - 122.6
PTP-BLIP (ours) 4M 220M 108.3 149 105.0 142 105.6 14.2 106.0 14.7 425 323 254 145.2
Enc-Dec [6] 15M — 92.6 125 88.3 12.1 94.5 119 90.2 12.1 - — — 110.9
BLIP [19] 14M 220M 1113 151 1045 144 1024 137 105.1 144 386 — — 129.7
PTP-BLIP (ours) 14M 220M 1128 152 107.3 149 108.1 143 106.3 14.7 427 324 254 145.3
SimVLMy, . [40] 1.8B 1.2B 113.7 110.9 115.2 112.2 40.6  33.7 254 143.3
LEMONyeet [12] 200M 675M 118.0 15.4 116.3 15.1 120.2 14.5 117.3 15.0 42.6 — — 145.5
Beit-3 [39] 35M+ 1.9B - - - - - - - - 44.1 324 25.4 147.6

Table 4. Comparison with state-of-the-art methods on VQA " "

and NLVR2. Para. is short for parameters. Notice that Table 5. Comparisons with state-of-the-art methods for text-

B to-video retrieval on the 1Kk test split of the MSRVTT dataset.

aster-rcnn. ALBEF [20] performs an extra pre-training step for

NLVR?.

Method #lmages  Para. VQA NLVR? Method R@ lT R@ ST R@ 10T MdRi

test-dev test-std dev test-P
A T T ActBERT [49] 86 234 331 360
(¢] 5.6] 30 5.06 .2 - -

SE%L{ } 5.6% 34;% ;6.52 ;56617) 82.67 83.98 MIL-NCE [ ] 9'9 24'0 32'4 29'5

PIPNIT M EM | T3, 36 T2 TR Frozen-in-time [5] | 187  39.5 51.6 10.0

PIPRLIP M 20M | 7602s 16030 80750 81340 OA-Trans [37] 234 4715 55.6 8.0

BLPLS 1M 2oM | TS T B B PTP-ViLT 279 525 563 7.0

PTP-BLIP 14M 220M | 78.44.,9 7833.,7 8455..9 83.17.09

SimVLM [40] 8B 1.2B 77.87 78.14 81.7 81.7
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Visualization
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Input There is a [MASK] in block 8. There is a plant in block [MASK].
Prediction Top3: Bed (0.84), Floor (0.05), Sheet (0.02) Top3: 4(0.81),1(0.09),5(0.07)
Input There is a [MASK] in block 8. There is a man in block [MASK].
Prediction Top3: Dog (0.87), Labrador (0.05), Pet (0.02) Top3: 3(0.63),5 (0.19),4(0.08)

Figure 5. The full-in-the-blank task evaluation. We ask the
model to predict what objects are contained in given block and
predict which blocks contain specific object.
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