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Jawahar, Ganesh, Benoit Sagot, and Djamé Seddah. What does BERT
learn about the structure of language? ACL-2019
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O TransformerdmidsZ3 T 4?

Layer SeniLen WwWC TreeDepth  TopConst BShift Tense SubjNum ObjNum SOMO Coordlny
(Surface) (Surface) (Syntactic)  (Syntactic)  (Syntactic) (Semantic) (Semantic) (Semantic) (Semantic) (Semantic)
1 93.9(2.0) 249(248) 359(6.1) 63.6 (9.0) 50.3 (0.3) 82.2(184) 77.6(102) 76.7(263) 499(-0.1) 539(39)
2 95.9(34) 65.0 (64.8) 40.6(11.3) 71.3(16.1)  335.8(5.8) 83.9(23.5) 825(15.3) 80.6(17.1) 3.8 (4.4) 58.5 (8.3)
3 96.2 (3.9) 66.5(66.0) 39.7(104) T1.5(185) 649(149) 86.6(23.8) 820(14.6) B03(166) 55.8(59) 59.3(9.3)
4 94.2(2.3) 69.8(69.6) 394(10.8) T1.3(18.3) T44(245) 87.6(252) B19(15.0) Bl4(19.1) 59.0(8.5) 58.1 (8.1)
5 92.0(0.5) 69.2 (69.0) 406(11.8) 81.3(30.8) 81.4(31.4) BO.5(26.7) 858(194) 81.2(18.6) 60.2(10.3) 64.1(14.1)
6 88.4 (-3.0) 63.5(63.4) 413(13.0) 833(366) B29(329) 898(276) 88.1(21.9) 82.0(20.1) 60.7(10.2) T1L1(21.2)
7 83.7(-7.7) 36.9 (56.7) 40.1 (12.0) 84.1(39.5) 83.0(32.9) 89.9(27.5) 874(22.2) 82.2(21.1) 61.6(11.7) T4.8(24.9)
8 82.9 (-8.1) SLI(SL0)  39.2(10.3) B4.0(395) 83.9(339  899(27.6) 875(22.2) 81.2(19.7) 62.1(12.2) 764(264)
9 B8O.1(-11.1) 47.9(47.8) 38.5(10.8) 83.1(398) 87.0(37.1) 90.0(28.0) 87.6(22.9) 81.8(20.5) 63.4(13.4) T78.7(28.9)
10 77.0(-14.0)0  434(432) 38.1(9.9 81.7(39.8) 86.7(36.7) 89.7(27.6) 87.1(22.6) B80.5(199) 63.3(12.7) 7T84(28.1)
11 73.9(-17.0) 428(42.7) 363(7.9) 80.3(39.1) 86.8(36.8) 899(27.8) 857(21.9) TBI(186) 644(145) 77.6(27.9)
12 69.5(-21.4) 49.1 (49.0) 34.7 (6.9) 76.5(37.2) 86.4 (36.4) 89.5(27.7)  84.0(20.2) TR.7(184) 65.2(15.3) 749(254)

Jawahar, Ganesh, Benoit Sagot, and Djamé Seddah. What does BERT

learn about the structure of language? ACL-2019
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Vision Transformer (ViT)
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Dosovitskiy, Alexey. "An image is worth 16x16 words: Transformers for image recognition at scale." arXiv preprint arXiv:2010.11929 (2020).
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Vision Transformer (ViT)
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Contrastive Language-Image Pre-training (CLIP)
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Radford, Alec, Jong Wook Kim, Chris Hallacy, Aditya Ramesh, Gabriel Goh, Sandhini Agarwal, Girish Sastry et al. "Learning transferable
visual models from natural language supervision." In International conference on machine learning, pp. 8748-8763. PMLR, 2021.
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# extra eature repr _|tat_h|h of each modality
I_f = image_ enccder[I] 11 d_i]
T_f = text_encoder(T) #[n, d_
# joint multimodal embedding [n, d_e]
Ie = 12 nnrmallze{np dot(I_f, W_i), axis=1)
T_e = 12_normalize(np.dot(T_f, W_t), axis=1)
# aled pairwise cosine similarities [n, n]

loglts = np. th{I e, T_e. T] * np. exp(t}

# symmetric loss function

labels = np.arange(n)

loss_i = cross_entropy_loss(logits, labels, axis=8)
loss_t = cross_entropy_loss(logits, labels, axis=1)
loss = (loss_i + loss_t)/2
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Bootstrapping Language-Image Pre-training (BLIP
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Li, Junnan, Dongxu Li, Caiming Xiong, and Steven Hoi. "Blip: Bootstrapping language-image pre-training for unified vision-language understanding and generation."
In International conference on machine learning, pp. 12888-12900. PMLR, 2022.
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Li, Junnan, Dongxu Li, Caiming Xiong, and Steven Hoi. "Blip: Bootstrapping language-image pre-training for unified vision-language understanding and generation."
In International conference on machine learning, pp. 12888-12900. PMLR, 2022.
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