Multimodal Embedding

(https://medium.com/@raj.pulapakura/multimodal-models-and-fusion-a-complete-guide-225ca91f6861)
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5. Two Modalities Embedding
5.1 CLIP (Contrastive Language-Image Pretraining) by OpenAl (2021)
. Zero-shot recognition task
(https://openai.com/index/clip/)
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(https://towardsdatascience.com/clip-model-and-the-importance-of -multimodal-embeddings-1c8f6b13bf72)




Feature Extraction:

* I_f = image_encoder (1) : Extracts feature representations ( 1_f) from the
image encoder. The shape of 1_f is [n, d_i], where d_i isthe

dimensionality of the image features.

s T_f = text_encoder (T} : Extracts feature representations ( 7_f ) from the
text encoder. The shape of 7_f is [n, d_t], where d_t isthe

dimensionality of the text features.

I_f = models.resnet3d (pretrained=True) i for encoding images
T_f= AutoModel.from_pretrained{"distilbert-base-multilingual-cased"} n for encod

Learned Projections:

* W_i[d_1, d_e]: Represents the learned projection matrix for mapping
image features ( 1_f ) to an embedding space ( I_e ). The shape of w_i is
[d_i, d_e] ,where d_e is the desired dimensionality of the joint

embedding space.

» w_t[d_t, d_e]: Represents the learned projection matrix for mapping
text features (7_f ) to the same embedding space (7_e ). The shape of w_t
is [d_t, d_e].
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5.2 Text EmbeddingS CNN2] MdL53kAto] AFRSH 3¢
(https://medium.com/@mgupta70/multimodal-learning-using-text-embeddings-to-fine-tune-cnns-40bdc32ec409)

Finetuned with (Images) Finetuned with (Images + Text)
Figure 1: t-SNE plots of Visual Features for MMIST digits 4 & 9 Fine-tuned with ResNet18 using a) only Images

and b) Text and Images
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5.3 Other Multimodalities
(https://www.twelvelabs.io/blog/multimodal-embeddings)

Pano—AVQA(the first large—scale spatial and audio—visual question—answering dataset on
360—degree videos),YouTube—360 (YT—360)(360—degree videos),AIST++(a new multimodal
dataset of 3D dance motion and music), andArtEmis(affective language for visual arts).

Astoundingly,MultiBenchis a dataset including ten modalities.

® Video(Image+ Audio+Language) Embedding
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Socurce: https:ffgithub.com/fengyoung fvideo_embedding

® Video Tokenization
- Frame-level tokenization : gt 7] frmae& thAto 2 of2{7}9] token *§AJ
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Source: https:f/arxiv.org/abs/2103.15681



https://github.com/HS-YN/PanoAVQA
https://github.com/pedro-morgado/AVSpatialAlignment
https://google.github.io/aichoreographer/
https://www.artemisdataset.org/
https://github.com/pliang279/MultiBench

6. ImageBind (by Meta, May 2023. =%:https://arxiv.org/pdf/2305.05665)

(https://github.com/facebookresearch/ImageBind)
® 6 Modalities :

image, text, audio, depth, thermal (infrared), and IMU (inertial measuring unit) data

® ImageBind Training Data :

image-paired data AFE-. = image + (1 of 5 modal data)
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(https://imagebind.metademolab.com/)

® ImageBind Training Data

* OpenCLIP ViT-H Encoder: This encoder is utilized for initializing and freezing the image
and text encoders. The ViT-H encoder is a part of the OpenCLIP model, a robust
vision—language model that provides rich image and text representations.

* Audio Embeddings: ImageBind uses the Audioset dataset for training audio embeddings.

Audioset is a comprehensive collection of audio event annotations and recordings,
offering the model a wide array of sounds to learn from.
* Depth Embeddings: The SUN RGB-D datasetis used to train depth embeddings. This

dataset includes images annotated with depth information, allowing the model to

understand spatial relationships within the image.
 |IMU Data:The Ego4D dataset is used for IMU data. This dataset provides IMU readings,

which are instrumental in understanding movement and orientation related to the images.

« Thermal Embeddings: The LLVIP dataset_is used for training thermal embeddings. This
dataset provides thermal imaging data, adding another layer of information to the

model's understanding of the images.


https://github.com/mlfoundations/open_clip
https://research.google.com/audioset/
https://rgbd.cs.princeton.edu/
https://ego4d-data.org/
https://bupt-ai-cz.github.io/LLVIP/

® ImageBind Performance

ImageBind vs. specialist models
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(https://ai.meta.com/blog/imagebind-six-modalities-binding-ai/)

® Modality-Specific Encoder
« For images and videos, it uses the Vision Transformer (ViT). For video inputs, 2-frame
video clips were sampled over a 2-second duration.

+ The audio inputs are transformed into 2D mel-spectrograms using the method outlined
in AST: Audio Spectrogram Transformer, which involves converting a 2-second audio
sample at 26kHz. As the mel-spectrogram is a 2D signal similar to an image, a ViT
model is used to process it.

» For texts, a recurrent neural network (RNN) or transformer is used as the encoder. The
transformer takes the raw text as input and produces a sequence of hidden states,
which are then aggregated to produce the audio embedding vector.

« The thermal and depth inputs are treated as 1-channel images where ViT-B and ViT-S
encoders are used, respectively.

® Multimodal Capabilities
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Figure 1. IMacEBIND"s joint embedding space enables novel multimodal capabilities. By aligning six modalities” embedding ino o
common spoce, [MAGEBIND enables: 1) Cross-Modal Retrieval, which shows emergent alignment of modalities such as sudio, depth or
text, that aren’t observed wgether. 2) Adding embeddings from different modalities naturally composes their semantics. And 3) Audio-1o-
Immge generation, by using our audio embeddings with a pre-trained DALLE-2 [60] decoder designed 1o work with CLIP texi embeddings.


https://arxiv.org/abs/2010.11929
https://medium.com/analytics-vidhya/understanding-the-mel-spectrogram-fca2afa2ce53
https://arxiv.org/abs/2104.01778
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® Chameleon: Mixed-Modal Early-Fusion Foundation Models (2024)
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