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Large foundation models 

A Survey of Large Language Models, https://arxiv.org/abs/2303.18223

https://arxiv.org/abs/2303.18223


Large foundation models 



Where are we going? 

* During NeurIPS 2024 Test-of-time award talk



New capability and challenges 

https://x.com/DhruvBatraDB/status/1868009853324865762

* During NeurIPS 2024 Test-of-time award talk
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(Empirically)
Large-scale datasets typically come first, followed by pre-training
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Dataset construction and pre-training are expensive and slow;
Between each paradigm shift, we’ve consistently seen an era of rapid 
algorithmic innovation.

Question: What are the current challenges in multimodal learning?
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“Self-supervised” Learning



Self-Supervised Learning 

Visual data (Masked Autoencoder) Text data (GPT)

"The capital of France is "

"The capital of "

"The capital of France "

France

is

Paris

He et al., “Masked Autoencoders Are Scalable Vision Learners”, CVPR 2022.



Contrastive Language-Image Pre-training (CLIP)

● CLIP and zero-shot prediction

Radford et al., “Learning Transferable Visual Models From Natural Language Supervision”, ICML 2021. 



a train is on a track next to a platform.

A common concept

Multiplicity (many-to-many) problem

Chun et al., “Probabilistic Embeddings for Cross-Modal Retrieval”, CVPR 2021. 



“Many-to-many mapping” challenges in language-image training:

● An image potentially can be matched with a number of different captions.

people waiting to board a train in a train station.

a train is on a track next to a platform.

the metro train has pulled into a large station.



a train is on a track next to a platform.
people waiting to board a train in a train station.

a train is on a track next to a platform.

the metro train has pulled into a large station.

“Many-to-many mapping” challenges in language-image training:

● An image potentially can be matched with a number of different captions.
● While an image is taken by thoroughly captured in a photograph, language 

descriptions are the product of conscious choices of the key relevant concepts 
to report from a given scene.

A common concept
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Multiplicity: A Core Challenge in Multimodal Learning

● Multiplicity makes multimodal learning challenging in all the core 
components (Dataset construction, Contrastive learning, Evaluation)
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Multiplicity: A Core Challenge in Multimodal Learning

● Multiplicity makes multimodal learning challenging in all the core 
components (Dataset construction, Contrastive learning, Evaluation)

● Contrastive learning might become difficult when there exist multiple 
possible other “ground-truths”.

● How can we handle this?

Dataset

ML Model

Training

Web data
(Multimodal)

Evaluation

Model 
Selection



How deterministic space oversimplifies multiplicity?



Det. space maps an input to a specific vector coord.



Even if an input can be matched to multiple instances, 
it will be mapped to a specific coord.



Prob. space has additional info. axis, “uncertainty”



An uncertain input will have a large uncertainty value



We can easily capture input uncertainty by “variance”



Real-world scenarios require handling uncertainty

Chun et al., “Probabilistic Language-Image Pre-Training”, ICLR 2025.



● Text embeddings 
○ A general caption → can matched with many images → high uncertainty

(e.g., “A photo”) 
○ A detailed caption → can matched with few images → low uncertainty

(e.g., “A photo of a cat sitting in a chair”)

What is “Uncertainty” in CLIP emb. space? 



● Image embeddings
○ A simple/general image → matched to many texts → high uncertainty
○ A complex/detailed image → matched with few texts → low uncertainty 

What is “Uncertainty” in CLIP emb. space? 

a cat

a cat / santa hat / rug / etc.

a cat / couch 



(Here, negative matches denote 
“false negatives”)

Chun, “Improved Probabilistic Image-Text Representations”, ICLR 2024.



There are a lot of false negatives in popular VL datasets

Chun et al., “ECCV Caption: Correcting False Negatives by Collecting Machine-and-Human-verified Image-Caption Associations for MS-COCO”, ECCV 2022.



What will be happened if we train embeddings with 
deterministic embeddings and negative mining?

Without HNMWith Hardest Negative Mining (HNM)

2-D toy dataset (animation also can be found in https://naver-ai.github.io/pcmepp/) 

Red, Green, Yellow: 
Certain classes

Orange: Either
Red or Yellow

Brown: Either
Red or Green

Yellowish Green: 
Either Green or Yellow

https://naver-ai.github.io/pcmepp/


Toy experiments with probabilistic embeddings

Wasserstein distanceCSD (proposed)

Small variances for certain classes,
Large variances for uncertain classes

Both certain / uncertain classes have 
the similar variances

2-D toy dataset (animation also can be found in https://naver-ai.github.io/pcmepp/) 

Red, Green, Yellow: 
Certain classes

Orange: Either
Red or Yellow

Brown: Either
Red or Green

Yellowish Green: 
Either Green or Yellow

https://naver-ai.github.io/pcmepp/


Standard Language-Image Pre-training

Contrastive loss, or 
Sigmoid loss 



Efficient uncertainty architecture by [UNC] token



Efficient uncertainty architecture by [UNC] token



Probabilistic Pairwise Contrastive Loss (PPCL)

● How can we define “distance” between two random variables?
● Our desired properties:

○ If the match of Zv and Zt is certain, then Zv and Zt has small variance
○ If the match of Zv and Zt is uncertain, then Zv and Zt has large variance

● Closed-form sampled distance (CSD)
○  

● PPCL is a pairwise contrastive loss (or sigmoid loss) using CSD as distance 
between instances



● Two inclusive relationships
○ Texts include images
○ Masked input includes the original input

Inclusion loss for enforcing inclusive relationship



Certain & uncertain samples



● Pre-trained on the DataComp-1B dataset; ProLIP is the first large-scale 
pre-trained probabilistic vision-language model

● All models are available at 
https://huggingface.co/collections/SanghyukChun/prolip-6712595dfc87fd8597350291 

Zero-shot classification

https://huggingface.co/collections/SanghyukChun/prolip-6712595dfc87fd8597350291


Property of learned uncertainty

● Texts include image
● Shorter texts are more uncertain than longer texts



Visualization of learned uncertainty



● [CVPR 2021] Probabilistic Embeddings for Cross-Modal Retrieval.
Sanghyuk Chun, Seong Joon Oh, Rafael Sampaio de Rezende, Yannis Kalantidis, Diane Larlus

● [ECCV 2022] ECCV Caption: Correcting False Negatives by Collecting Machine-and-Human-verified 
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Multiplicity: A Core Challenge in Multimodal Learning

● Multiplicity makes multimodal learning challenging in all the core 
components (Dataset construction, Contrastive learning, Evaluation)

● Evaluation might become difficult because we have potential plausible 
matches in the dataset, which is marked as “negative” (i.e., False Negatives)

● How can we handle this?

Dataset

ML Model

Training

Web data
(Multimodal)

Evaluation

Model 
Selection



MS-COCO Caption dataset for Image-Text Matching (ITM)

● MS-COCO Caption collects captions by human annotators
● During training or evaluating models on COCO Caption, the collected 

image-text pairs are treated as the only positive.



More than one captions can describe to describe one image



More than one captions can describe to describe one image



False Negatives (FNs) can lead to wrong evaluation results

The only “correct” model by 
the original “positive”



Naive solution: Validating all possible image-text pairs 
whether each of them is positive or not

AS-IS TO-BE
Caption: “A guy does a trick on a skateboard.”
Positive images:

Caption: “A guy does a trick on a skateboard.”
Positive images:

Validating all possible pairs is extremely expensive (5,000 * 25,000 = 125M pairs)
=> We need a model-based filtering



ECCV Caption: Extended COCO Caption Validation dataset



ECCV Caption: Extended COCO Caption Validation dataset



ECCV Caption: Extended COCO Caption Validation dataset



ECCV Caption: Extended COCO Caption Validation dataset

We build ECCV Caption dataset by merging our human annotations and CxC.



ECCV Caption: Extended COCO Caption Validation dataset

COCO / CxC shows high precision (> 93) but low recall (< 25, i.e., many false negatives).
PM shows high recall (> 55) but low precision (< 65, i.e., many false positives).



ECCV Caption: Extended COCO Caption Validation dataset

# the original COCO positives



R@1      R@5       mAP@R    Preference score

0.0         100.0     68.6           70.85

100.0    100.0     11.1           10.66

0.0         0.0         14.1            13.15

0.0        100.0      2.2              4.89

Metric also matters; R@k is not enough



● ECCV Caption mAP@R, R-Precision and Recall@1
● CxC Recall@1
● MS-COCO Recall@1, Recall@5

○ The full 5K test images
○ 1K cross-validation images (splitting 5K images to 5 splits and average their results)

● Easy to use evaluation code https://github.com/naver-ai/eccv-caption 
○ pip3 install eccv_caption

Re-evaluating Vision-Language (VL) models with …

https://github.com/naver-ai/eccv-caption


Message 1: ECCV mAP@R changes COCO R1 ranks a lot



Message 2: R@Ks are not informative



Message 3: Best R@1 models could be worse in mAP@R



Message 4: Our training strategy could be overfitted to R1



● [ECCV 2022] ECCV Caption: Correcting False Negatives by Collecting Machine-and-Human-verified 
Image-Caption Associations for MS-COCO.
Sanghyuk Chun, Wonjae Kim, Song Park, Minsuk Chang, Seong Joon Oh
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Multiplicity: A Core Challenge in Multimodal Learning

● Multiplicity makes multimodal learning challenging in all the core components 
(Dataset construction, Contrastive learning, Evaluation)

● Challenging to construct a high-quality large VL dataset due to the “hidden 
GTs” in the dataset; especially for “general” and “ambiguous” images/texts

● How can we handle this?

Dataset

ML Model

Training

Web data
(Multimodal)

Evaluation

Model 
Selection



Multimodal Model Training – Scale and quality matter



Can syntactic data be a shortcut?

● We now have very strong text-to-image models as well as instruction-based image editing models
● We can directly use the models to construct a large-scale dataset

Gu and Chun et al., “CompoDiff: Versatile Composed Image Retrieval With Latent Diffusion”, TMLR 2024.



Pitfall of syntactic datasets

● As datasets grow larger, the performance improvements tend to plateau
● The data quality can be poor; especially when we re-use data multiple times

Gu and Chun et al., “CompoDiff: Versatile Composed Image Retrieval With Latent Diffusion”, TMLR 2024.



● Unimodal data: we only consider the “quality” of the input, e.g., image 
resolution, text length, popularity, … 

● Multimodal data: we should consider both modality and define “correct 
matches” between modalities
○ Furthermore, the "paired" or "positive" relationship between two 

modalities is often ambiguous (which depends on “task”)
● A possible idea:

○ Use only easy-to-scale and easy-to-collect unimodal data to train 
multimodal models (e.g., LinCIR [Gu and Chun et al. 2024])

○ We can easily scale up the number of training samples by this

Difficulty of multimodal data construction compared to 
unimodal data construction

Gu and Chun et al., “Language-only Efficient Training of Zero-shot Composed Image Retrieval”, CVPR 2024.



● It depends on the task!
● Vision-Language alignment 

○ Only describing category of the main object?
○ Exhaustively describing all the possible objects or backgrounds?
○ Describing what happens next based on the visual information?

● Audio-visual alignment
○ On-screen sound: sounds produced by the main object in the scene (e.g., door 

closing sound)
○ The speech of the talking person, considering their lip movements
○ Off-screen sounds: sounds produced by occluded objects
○ Sounds considering ambient or context (e.g., background music, diegetic sound)
○ Mixture of them
○ => We may need a text condition to specify the alignment (Jeong et al. 2025)

What would be the correct alignment?

Jeong et al., “Read, Watch and Scream! Sound Generation from Text and Video”, AAAI 2025.



Current approaches for large-scale data construction

● Step 1. Collect billion-scale multimodal pairs from web
● Step 2. Apply filtering algorithms to the collected pairs

○ Convention 1. Apply heuristic filtering algorithms such as, “English-only 
filter”, “text-length filter” or “image quality filter” for modality-wise filter

○ Convention 2. Apply “alignment-based filtering” using a strong 
pre-trained CLIP model



DataComp – Multimodal dataset filtering benchmark

CommonPool dataset, unfiltered 
12.8B image-text pairs.

Evaluation: Constrains the model 
size and the number of samples 
seen during training.

DataComp: In search of the next generation of multimodal datasets



DataComp – Naive filtering

Filtering by CLIP score

Use a CLIP model trained with 
clean image-text pairs

 

However, CLIP scores would be 
noisy (Many-to-many nature)

Kim et al., “HYPE: Hyperbolic Entailment Filtering for Underspecified Images and Texts”, ECCV 2024



Previous filtering methods empirically shown so far,

● Less ambiguous images and texts 
● Long texts are better than short texts
● Content about well-known topics (named entities) 

are better. 

We assume they are high specificity data points. 

(i.e., it should have clear concept and with limited correspondences) 

Cleanness of data – Specificity



How to get the specificity? 

Kim et al., “HYPE: Hyperbolic Entailment Filtering for Underspecified Images and Texts”, ECCV 2024

more general concept

Modeling hierarchical relationship

more specific concept



Use Pre-trained Hyperbolic CLIP[1]

For each data point in hyperbolic embedding 
space, we compute the entailment loss, 
measuring how much it entails or is entailed by 
others on average. 

→ We define this as “specificity” of the data point

[1] Desai et al., “Hyperbolic Image-Text Representations”, ICML 2023. 



Specificity

Kim et al., “HYPE: Hyperbolic Entailment Filtering for Underspecified Images and Texts”, ECCV 2024



Our filtering – HYPE (CLIP + Entailment)

Kim et al., “HYPE: Hyperbolic Entailment Filtering for Underspecified Images and Texts”, ECCV 2024



Our filtering – HYPE (CLIP + Entailment)

Kim et al., “HYPE: Hyperbolic Entailment Filtering for Underspecified Images and Texts”, ECCV 2024



Our filtering – HYPE (CLIP + Entailment)
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Multiplicity is a Core Challenge in Multimodal Learning

● Multiplicity complicates multimodal learning at every level;
from data collection to training objectives to evaluation

● Probabilistic representation learning could be helpful for fixing the inherent 
limitation of deterministic representations under multiplicity

● We need to consider many-to-many evaluation suites rather than simply 
focusing on one-to-one relationship and “Recall@K”

● Until now, the rule-of-thumb of data construction is: collecting large-scale 
multimodal pairs from the web and then filtering the collected pairs.
○ We have to consider ambiguity or specificity of each data point
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● ProLIP
○ Inference & training code: https://github.com/naver-ai/prolip
○ Model collections: https://huggingface.co/collections/SanghyukChun/prolip-6712595dfc87fd8597350291

○ ViT-B/16 from-scratch model, ViT-L/16, ViT-SO400M/14, ViT-H/14 fine-tuned 
models, LongProLIP models

● ECCV Caption
○ https://github.com/naver-ai/eccv-caption 
○ pip3 install eccv_caption

● HYPE
○ Filtered uuids: https://github.com/naver-ai/hype
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