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Multi-modal named-entity recognition (MNER) seeks to locate and classify named entities Object Tags as Local Alignment (LA)
mentioned in unstructured text into pre-defined categories with addictional visual The image is localized into objects with an object detector
information. (OD) and the tags of each region textually describe the

local information in the image.
a, o = OD(/), where
a={aj,as---,a}and o= {01,00,---,0};

Problems:
— Image and text representations are trained separately and not aligned
— Pretrained vision-language (V+L) models do not work well on MNER

o The models are trained with common nouns instead of named entities w = {a1,01,82,0,,- -+ , a1, 01}

o The image modality only plays an auxiliary role in MNER Image Captions as Global Alignment (GA)
Solution: Pretrained textual embeddings can utilize contexts to improve the token The global information of the image is presented by
representation of a sequence, so we propose: captions, which is predicted by an image captioning model
— ITA: Convert the images into texts to utilize textual embeddings (1C).
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Figure 1. The architecture of ITA. ITA aligns an image into object tags, image captions and texts from OCR. ITA NOISes Trom the Image In Orme} on.
takes them as visual contexts and then feeds them together with the input texts into the transformer-based Lcva(0)=KL(po(y|W)||ps(y|w))
embeddings. In the cross-view alignment module, ITA minimizes the distance between the output distribution of r 0 A
. . ’ = w)lo w
cross-modal inputs and textual inputs. cva(0) E - Pa(y|W) log pe(y|w)
yey(x)
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Figure 2. A relation between the number of captions input to

Figure 3. Averaged L2 distance between the token
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state-of-the-art approaches. Figure 4. Three case studies to show the effectiveness of ITA.



