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1.VISTA: Visualized Text Embedding For Universal Multi-
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You are a creative image editor. You need to make various

creative modifications to an image...
The caption of this image is:

(1) Generate 10 different editing instructions based on...
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3. Composing Object Relations and Attributes for Image-
Text Matching
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4.How to Make Cross Encoder a Good Teacherfor Efficient
Image-Text Retrieval?
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5.0bject-Aware Query Perturbation for Cross-Modal
Image-Text Retrieval
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Fig. 3: Overview of the proposed framework. The proposed framework constructs an
object-aware cross-modal projector by incorporating localization cues from object de-
tection into the existing cross-modal projector.
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Fig. 4: Overview of our object-aware mechanism with Q-Perturbation module. Our
framework can incorporate the object localization cues from the bounding boxes into
a cross-modal projection module, e.g., Q-Former, with minimal modification.
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6.High-Order Semantic Alignment for Unsupervised Fine-
Grained Image-Text Retrieval

S : ACL Anthology 2024
$ % https://aclanthology.org/2024.lrec-main.714.pdf


https://aclanthology.org/
https://aclanthology.org/2024.lrec-main.714.pdf

e [ Feature Representafion } ﬂﬂﬂﬂﬂﬂﬂﬂﬂﬂ

o B E
= ]

Ablue boat themed
bathroom with a life | BERT | == —

| preserver on the wall
]

/

sIapoou3
Jauliojsuel]

/|

siapoou3
BLULIOJSUBIL

L

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,

Figure 1: The framework of the HOSA model. An image with m regions and a text with [ words are
encoded in a d—dimensional common space via a stack of transformer layers, and H € R*™*d ig the
reconstruction coefficient tensor, characterizing the high-order semantic alignment across modalities.
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7.MobileCLIP: Fast Image-Text Models through Multi-
Modal Reinforced Training
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Figure 1: The main framework of the plug-and-play interactive text-to-image retrieval system.
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