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○ Strengths
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○ Future Work

http://proceedings.mlr.press/v139/radford21a/radford21a.pdf
https://openaccess.thecvf.com/content/CVPR2022/papers/Zhai_LiT_Zero-Shot_Transfer_With_Locked-Image_Text_Tuning_CVPR_2022_paper.pdf


Background: V-L Models

● Task-specific training (late 2014–19)
○ Pioneers: COCO Captions (Chen ‘15), VQA (Antol ‘15)
○ Tasks: image captioning, VQA, cross-modal retrieval
○ Limitation: task generalizability
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Images: From linked articles.

Show and Tell (Vinyals ‘15) Modular Co-Attention Network (MCAN; Yu ‘19)

https://arxiv.org/pdf/1504.00325.pdf
https://arxiv.org/pdf/1505.00468.pdf
https://www.cv-foundation.org/openaccess/content_cvpr_2015/papers/Vinyals_Show_and_Tell_2015_CVPR_paper.pdf
https://openaccess.thecvf.com/content_CVPR_2019/papers/Yu_Deep_Modular_Co-Attention_Networks_for_Visual_Question_Answering_CVPR_2019_paper.pdf


Background: V-L Models

● Medium-scale pretraining (2019–21)
○ 1Ms-10Ms of data pairs
○ Pioneer: BERT (Devlin ‘19)
○ Limitation: data generalizability
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Images: From linked articles.

OSCAR (Li ‘20) UNITER (Chen ‘20)

PixelBERT (Huang ‘20)

https://aclanthology.org/N19-1423.pdf
https://www.ecva.net/papers/eccv_2020/papers_ECCV/papers/123750120.pdf
https://arxiv.org/pdf/1909.11740.pdf
https://arxiv.org/pdf/2004.00849.pdf


Background: V-L Models

● Large-scale pretraining 
(2021–present)
○ 100Ms-1Bs of data pairs
○ Pioneers: CLIP (Radford ‘21), 

ALIGN (Jia ‘21)
○ Prevalent use of contrastive 

learning objectives
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Images: From linked articles.

Florence (Yuan ‘21)

CoCa (Yu ‘22)Flamingo (Alayrac ‘22)

http://proceedings.mlr.press/v139/radford21a/radford21a.pdf
http://proceedings.mlr.press/v139/jia21b/jia21b.pdf
https://arxiv.org/pdf/2111.11432.pdf
https://arxiv.org/pdf/2205.01917.pdf
https://arxiv.org/pdf/2204.14198.pdf


Motivation: Contrastive Learning

● NLP: large-scale raw text 
pretraining >> task-specific training
○ E.g., BERT (Devlin ‘19), GPT-3 

(Brown ‘20), T5 (Raffel ‘20)
○ Zero-shot transfer
➞ V-L pretraining on raw Internet data 

at scale?
● Scale/task tradeoff
● Contrastive > predictive learning 

(Tian ‘20)
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Contrastive Multiview Coding (Tian ‘20)

Image: Tian, Yonglong et al. “Contrastive Multiview Coding.” Computer Vision–ECCV 2020: 16th European Conference. Springer International Publishing, 2020.

https://aclanthology.org/N19-1423.pdf
https://arxiv.org/pdf/2005.14165.pdf
https://www.jmlr.org/papers/volume21/20-074/20-074.pdf
https://arxiv.org/pdf/1906.05849.pdf
https://arxiv.org/pdf/1906.05849.pdf
https://arxiv.org/pdf/1906.05849.pdf


CLIP: Contrastive Language-Image Pretraining

● Contributions:
○ CLIP: efficient, scalable method for V-L contrastive pretraining (OpenAI)
○ WebImageText: dataset of 400M raw image-text pairs
○ Evaluation on 30+ tasks (linear probe and zero-shot)
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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.

http://proceedings.mlr.press/v139/radford21a/radford21a.pdf
http://proceedings.mlr.press/v139/radford21a/radford21a.pdf


CLIP: Dataset Curation

● WebImageText: 400M image-text pairs
● Base queries: all words occurring 100+ times on Wikipedia

+ Bigram augmentation
+ Name of Wiki. articles > some search volume
+ WordNet (Miller ‘95) synonyms
= 500,000 queries

● Use queries to search for image-text pairs
● Up to 20,000 pairs per query ➞ class balance
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https://dl.acm.org/doi/pdf/10.1145/219717.219748


CLIP: Simplifying ConVIRT (Zhang ‘20)
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Image: Zhang, Yuhao, et al. “Contrastive Learning of Medical Visual Representations from Paired Images and Text.” Machine Learning for Healthcare Conference. PMLR, 2022.

Image input

Text inputs

5 Transforms

Sampling

LossesNon-linear projs.

https://proceedings.mlr.press/v182/zhang22a/zhang22a.pdf
https://proceedings.mlr.press/v182/zhang22a/zhang22a.pdf


CLIP: Simplifying ConVIRT (Zhang ‘20)
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Image input
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Generalized

No fine-tuning

Image: Zhang, Yuhao, et al. “Contrastive Learning of Medical Visual Representations from Paired Images and Text.” Machine Learning for Healthcare Conference. PMLR, 2022.

https://proceedings.mlr.press/v182/zhang22a/zhang22a.pdf
https://proceedings.mlr.press/v182/zhang22a/zhang22a.pdf


CLIP: Simplifying ConVIRT (Zhang ‘20)

● Contrastive losses:
○ Image-to-text:

○ Text-to-image:

○ Final:

● Directly optimize τ instead of hyperparameter fine-tuning
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Equations: Zhang, Yuhao, et al. “Contrastive Learning of Medical Visual Representations from Paired Images and Text.” Machine Learning for Healthcare Conference. PMLR, 2022.

https://proceedings.mlr.press/v182/zhang22a/zhang22a.pdf
https://proceedings.mlr.press/v182/zhang22a/zhang22a.pdf


CLIP: Model Selection

● Text encoder: Transformer 
(Vaswani ‘17, Radford ‘19)

● Img. encoder:
○ 5 ResNets (He ‘16)

■ RN50, 101, 50x4, 
50x16, 50x64

○ 3 ViTs (Dosovitskiy ‘20)
■ ViT-B/16, B/32, L/14
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Image: Radford, Alec, et al. “Learning Transferable Visual Models from Natural Language Supervision.” International Conference on Machine Learning. PMLR, 2021.

https://proceedings.neurips.cc/paper/2017/file/3f5ee243547dee91fbd053c1c4a845aa-Paper.pdf
https://cdn.openai.com/better-language-models/language_models_are_unsupervised_multitask_learners.pdf
https://openaccess.thecvf.com/content_cvpr_2016/papers/He_Deep_Residual_Learning_CVPR_2016_paper.pdf
https://arxiv.org/pdf/2010.11929.pdf
http://proceedings.mlr.press/v139/radford21a/radford21a.pdf


CLIP: Representation Learning

● Linear probe: 
logistic regression 
classifier on image 
features
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Datasets (Kornblith ‘19)

CLIP linear probe results (Radford ‘21)

Images: Radford, Alec, et al. “Learning Transferable Visual Models from Natural Language Supervision.” International Conference on Machine Learning. PMLR, 2021.

https://openaccess.thecvf.com/content_CVPR_2019/papers/Kornblith_Do_Better_ImageNet_Models_Transfer_Better_CVPR_2019_paper.pdf
http://proceedings.mlr.press/v139/radford21a/radford21a.pdf
http://proceedings.mlr.press/v139/radford21a/radford21a.pdf


CLIP: Zero-Shot Image Classification
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Image: Radford, Alec, et al. “Learning Transferable Visual Models from Natural Language Supervision.” International Conference on Machine Learning. PMLR, 2021.

http://proceedings.mlr.press/v139/radford21a/radford21a.pdf


CLIP: Zero-Shot Evaluation
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vs. Visual N-Grams (Li ‘17) 

vs. ResNet50 linear probes

vs. few-shot linear probes

Images: Radford, Alec, et al. “Learning Transferable Visual Models from Natural Language Supervision.” International Conference on Machine Learning. PMLR, 2021.

https://openaccess.thecvf.com/content_ICCV_2017/papers/Li_Learning_Visual_N-Grams_ICCV_2017_paper.pdf
http://proceedings.mlr.press/v139/radford21a/radford21a.pdf


CLIP: Robust to Natural Distribution Shifts

● 7 natural distribution shifts datasets (Taori ‘20):
○ ImageNet-V2 (IN-V2; Recht ‘19): redo IN data collection
○ IN-R (Hendrycks ‘20): Renditions (sculptures, paintings)
○ ObjectNet (Barbu ‘19): objects with overlapping classes
○ IN-Sketch (Wang ‘19): sketches with overlapping classes
○ IN-A (Hendrycks ‘19): Adversarial (images that ResNet fails on)
○ IN-Vid-Robust (Shankar ‘19), YTBB-Robust (Gu ‘19, Shankar ‘19): classification 

consistency across video frames
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https://proceedings.neurips.cc/paper/2020/file/d8330f857a17c53d217014ee776bfd50-Paper.pdf
https://arxiv.org/pdf/1902.10811.pdf
https://arxiv.org/pdf/2006.16241.pdf
https://proceedings.neurips.cc/paper/2019/file/97af07a14cacba681feacf3012730892-Paper.pdf
https://arxiv.org/pdf/1905.13549.pdf
https://arxiv.org/pdf/1907.07174.pdf
https://arxiv.org/pdf/1906.02168.pdf
https://arxiv.org/pdf/1904.10076.pdf
https://arxiv.org/pdf/1906.02168.pdf


CLIP: Robust to Natural Distribution Shifts

● IN-Vid-Robust (Shankar ‘19), YTBB-Robust (Gu ‘19, Shankar ‘19): classification 
consistency across video frames
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Image: Gu, Keren, et al. “Using Videos to Evaluate Image Model Robustness.” arXiv preprint arXiv:1904.10076 (2019).

https://arxiv.org/pdf/1906.02168.pdf
https://arxiv.org/pdf/1904.10076.pdf
https://arxiv.org/pdf/1906.02168.pdf


CLIP: Robust to Natural Distribution Shifts
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Image: Radford, Alec, et al. “Learning Transferable Visual Models from Natural Language Supervision.” International Conference on Machine Learning. PMLR, 2021.

http://proceedings.mlr.press/v139/radford21a/radford21a.pdf


CLIP vs. ALIGN (Jia ‘22)

● ALIGN: A Large-Scale ImaGe and Noisy-Text Embedding
● Differences vs. CLIP:

○ Dataset:
■ Size: 1.8B raw image-text pairs vs. 400M
■ Minimal filtering ➞ larger, noisier dataset

○ Architecture:
■ Image encoder: EfficientNet (Tan ‘19) vs. ResNet/ViT
■ Text encoder: BERT vs. Transformer

● Significantly better performance in text-to-image retrieval (7-8% R@1 
increase); otherwise comparable
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http://proceedings.mlr.press/v139/jia21b/jia21b.pdf
http://proceedings.mlr.press/v97/tan19a/tan19a.pdf


CLIP: Strengths

● Efficiency
○ Contrastive loss
○ ViT vs. ResNet

● Generalizability
● Strong global V-L representations

○ Applications in text-guided image generation
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CLIP: Applications
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StyleCLIP (Patashnik ‘21)

HairCLIP (Wei ‘22)

Images: From linked articles.

https://openaccess.thecvf.com/content/ICCV2021/papers/Patashnik_StyleCLIP_Text-Driven_Manipulation_of_StyleGAN_Imagery_ICCV_2021_paper.pdf
https://openaccess.thecvf.com/content/CVPR2022/papers/Wei_HairCLIP_Design_Your_Hair_by_Text_and_Reference_Image_CVPR_2022_paper.pdf


CLIP: Applications
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Image: Kim, Gwanghyun, et al. “DiffusionCLIP: Text-Guided Diffusion Models for Robust Image Manipulation.” Proceedings of the IEEE/CVF Conference on CVPR. 2022.

DiffusionCLIP (Kim ‘22)

https://openaccess.thecvf.com/content/CVPR2022/papers/Kim_DiffusionCLIP_Text-Guided_Diffusion_Models_for_Robust_Image_Manipulation_CVPR_2022_paper.pdf
https://openaccess.thecvf.com/content/CVPR2022/papers/Kim_DiffusionCLIP_Text-Guided_Diffusion_Models_for_Robust_Image_Manipulation_CVPR_2022_paper.pdf


CLIP: Applications

● DALL·E 2 (Ramesh ‘22)
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Architecture

Qualitative examples

Images: Ramesh, Aditya, et al. “Hierarchical Text-Conditional Image Generation with CLIP Latents.” arXiv preprint arXiv:2204.06125 (2022).

https://arxiv.org/pdf/2204.06125.pdf
https://arxiv.org/pdf/2204.06125.pdf


CLIP: Applications
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Images: From linked articles.

Dream Field (Jain ‘22)

CLIPDraw (Frans ‘21)

https://arxiv.org/pdf/2112.01455.pdf
https://arxiv.org/pdf/2106.14843.pdf


CLIP: Weaknesses

● Zero-shot performance well worse than 
fine-tuned SotA

● Does not work well with image regions
● Struggles on:

○ More abstract tasks (e.g., counting)
○ Reasoning tasks (e.g., VQA)
○ Fine-grained tasks (e.g., car models)
○ Out-of-distribution datasets (e.g., 

MNIST)
● Sensitive to text wording
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Prompt engineering evaluation

Image: Radford, Alec, et al. “Learning Transferable Visual Models from Natural Language Supervision.” International Conference on Machine Learning. PMLR, 2021.

http://proceedings.mlr.press/v139/radford21a/radford21a.pdf


CLIP: More Weaknesses

● CLIP and ALIGN: both trained from scratch
➞ Data- and compute-inefficient

● Leverage performant pretrained architectures?
○ e.g., ViT-G/14 (Zhai ‘22)
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Tables: Zhai, Xiaohua, et al. “Scaling Vision Transformers.” Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2022.

Scaled ViT sizes

ViT-G/14 performance

https://openaccess.thecvf.com/content/CVPR2022/papers/Zhai_Scaling_Vision_Transformers_CVPR_2022_paper.pdf
https://openaccess.thecvf.com/content/CVPR2022/papers/Zhai_Scaling_Vision_Transformers_CVPR_2022_paper.pdf


LiT🔥: Locked-Image Tuning

● Contributions:
○ Contrastive tuning (CT): contrastive learning strategy using pretrained models
○ LiT🔥: an instance of CT, using frozen image features to tune text features
○ Evaluations and ablations on CT design choices
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Zhai, Xiaohua, Xiao Wang, Basil Mustafa, Andreas Steiner, Daniel Keysers, Alexander 
Kolesnikov, and Lucas Beyer. “LiT🔥: Zero-Shot Transfer with Locked-Image Text Tuning.” 
In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition, pp. 
18123-18133. 2022.

https://openaccess.thecvf.com/content/CVPR2022/papers/Zhai_LiT_Zero-Shot_Transfer_With_Locked-Image_Text_Tuning_CVPR_2022_paper.pdf


Related Work

● Transfer learning, i.e., the pretraining-finetuning paradigm
○ e.g., ViT (Dosovitskiy ‘20), Big Transfer (BiT; Kolesnikov ‘20)
○ Scaling up pretraining ➞ increased performance (esp. low-shot) and robustness

● Zero-shot transfer, i.e., pretraining without finetuning:
○ Fusion encoders with non-contrastive objectives (MLM, ITM, etc.)

■ e.g., METER (Dou ‘22)
○ Separate encoders with contrastive learning objectives

■ e.g., CLIP, ALIGN, ConVIRT
○ Hybrid, e.g., ALBEF (Li ‘22)
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https://arxiv.org/pdf/2010.11929.pdf
https://arxiv.org/pdf/1912.11370.pdf
https://openaccess.thecvf.com/content/CVPR2022/papers/Dou_An_Empirical_Study_of_Training_End-to-End_Vision-and-Language_Transformers_CVPR_2022_paper.pdf
https://proceedings.neurips.cc/paper/2021/file/505259756244493872b7709a8a01b536-Paper.pdf


Methodology: Contrastive Tuning

● Non-contrastive approach: learn performant embeddings from high-quality 
image datasets
○ e.g., ImageNet-21k (Deng ‘09), JFT-300M (Sun ‘17)

● However: limited to predefined categories, unlike real-world data
➞ Combine both using pretrained models in contrastive pretraining
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https://ieeexplore.ieee.org/document/5206848
https://openaccess.thecvf.com/content_ICCV_2017/papers/Sun_Revisiting_Unreasonable_Effectiveness_ICCV_2017_paper.pdf


Methodology: Contrastive Tuning
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LiT🔥 CLIP/ALIGN

Image: Zhai, Xiaohua, et al. “LiT🔥: Zero-Shot Transfer with Locked-Image Text Tuning.” Proceedings of the IEEE/CVF Conference on CVPR. 2022.

https://openaccess.thecvf.com/content/CVPR2022/papers/Zhai_LiT_Zero-Shot_Transfer_With_Locked-Image_Text_Tuning_CVPR_2022_paper.pdf


Experiments: Implementation Details

● Pretraining datasets:
○ Conceptual Captions 12M (CC12M; Sharma ‘18, Changpinyo ‘21)
○ Yahoo Flickr Creative Commons (YFCC100m; Thomee ‘16)

■ 15M filtered subset: YFCC100mCLIP
○ LiT🔥 dataset: 4B image-text pairs

■ Filtered similarly to ALIGN with more relaxed text filtering
● Image encoder: ViT-g/14 trained on JFT-3B (Zhai ‘22)
● Tasks:

○ Zero-shot ImageNet classification
○ COCO I➞T and T➞I retrieval
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https://aclanthology.org/P18-1238.pdf
https://openaccess.thecvf.com/content/CVPR2021/papers/Changpinyo_Conceptual_12M_Pushing_Web-Scale_Image-Text_Pre-Training_To_Recognize_Long-Tail_Visual_CVPR_2021_paper.pdf
https://dl.acm.org/doi/pdf/10.1145/2812802
https://openaccess.thecvf.com/content/CVPR2022/papers/Zhai_Scaling_Vision_Transformers_CVPR_2022_paper.pdf


Experiments: Evaluation Datasets

● Standard: ImageNet
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Experiments: Evaluation Datasets

● Standard: ImageNet
● Robustness:

○ IN-V2, IN-R, IN-A, ObjectNet
○ IN-ReaL (Beyer ‘20): Reassessed Labels
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Image: Beyer, Lucas, et al. “Are We Done with ImageNet?” arXiv preprint arXiv:2006.07159 (2020).

https://arxiv.org/pdf/2006.07159.pdf
https://arxiv.org/pdf/2006.07159.pdf?trk=public_post_comment-text


Experiments: Evaluation Datasets

● Standard: ImageNet
● Robustness:

○ IN-V2, IN-R, IN-A, ObjectNet
○ IN-ReaL (Beyer ‘20)
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https://arxiv.org/pdf/2006.07159.pdf


Experiments: Evaluation Datasets

● Standard: ImageNet
● Robustness:

○ IN-V2, IN-R, IN-A, ObjectNet
○ IN-ReaL (Beyer ‘20)

● Diversity: VTAB-Natural (Zhai ‘19)
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VTAB (Zhai ‘19)

Table: Zhai, Xiaohua, et al. “A Large-Scale Study of Representation Learning with the Visual Task Adaptation Benchmark.” arXiv preprint arXiv:1910.04867 (2019).

https://arxiv.org/pdf/2006.07159.pdf
https://arxiv.org/pdf/1910.04867.pdf
https://arxiv.org/pdf/1910.04867.pdf
https://arxiv.org/pdf/1910.04867.pdf


Experiments: Evaluation Datasets

● Standard: ImageNet
● Robustness:

○ IN-V2, IN-R, IN-A, ObjectNet
○ IN-ReaL (Beyer ‘20)

● Diversity: VTAB-Natural (Zhai ‘19)
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VTAB (Zhai ‘19)

Table: Zhai, Xiaohua, et al. “A Large-Scale Study of Representation Learning with the Visual Task Adaptation Benchmark.” arXiv preprint arXiv:1910.04867 (2019).

https://arxiv.org/pdf/2006.07159.pdf
https://arxiv.org/pdf/1910.04867.pdf
https://arxiv.org/pdf/1910.04867.pdf
https://arxiv.org/pdf/1910.04867.pdf


Experiments: Zero-Shot Performance
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Table: Zhai, Xiaohua, et al. “LiT🔥: Zero-Shot Transfer with Locked-Image Text Tuning.” Proceedings of the IEEE/CVF Conference on CVPR. 2022.

Zero-shot classification performance

https://openaccess.thecvf.com/content/CVPR2022/papers/Zhai_LiT_Zero-Shot_Transfer_With_Locked-Image_Text_Tuning_CVPR_2022_paper.pdf


Experiments: Zero-Shot Performance
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Table: Zhai, Xiaohua, et al. “LiT🔥: Zero-Shot Transfer with Locked-Image Text Tuning.” Proceedings of the IEEE/CVF Conference on CVPR. 2022.

Zero-shot classification performance
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Pretrained on YFCC100mCLIP + CC12M

Pretrained on full dataset

https://openaccess.thecvf.com/content/CVPR2022/papers/Zhai_LiT_Zero-Shot_Transfer_With_Locked-Image_Text_Tuning_CVPR_2022_paper.pdf


Experiments: Zero-Shot Performance
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Table, Image: Zhai, Xiaohua, et al. “LiT🔥: Zero-Shot Transfer with Locked-Image Text Tuning.” Proceedings of the IEEE/CVF Conference on CVPR. 2022.

Zero-shot classification performance Efficiency
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https://openaccess.thecvf.com/content/CVPR2022/papers/Zhai_LiT_Zero-Shot_Transfer_With_Locked-Image_Text_Tuning_CVPR_2022_paper.pdf


Experiments: Design Choices
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Full dataset (3.6B pairs) YFCC100mCLIP (15M pairs)

Table, Image: Zhai, Xiaohua, et al. “LiT🔥: Zero-Shot Transfer with Locked-Image Text Tuning.” Proceedings of the IEEE/CVF Conference on CVPR. 2022.

https://openaccess.thecvf.com/content/CVPR2022/papers/Zhai_LiT_Zero-Shot_Transfer_With_Locked-Image_Text_Tuning_CVPR_2022_paper.pdf


Experiments: Design Choices
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Full dataset (3.6B pairs) YFCC100mCLIP (15M pairs)

Table, Images: Zhai, Xiaohua, et al. “LiT🔥: Zero-Shot Transfer with Locked-Image Text Tuning.” Proceedings of the IEEE/CVF Conference on CVPR. 2022.

Out-of-distribution datasets

https://openaccess.thecvf.com/content/CVPR2022/papers/Zhai_LiT_Zero-Shot_Transfer_With_Locked-Image_Text_Tuning_CVPR_2022_paper.pdf


Experiments: Model Specificity
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Differently pretrained image encoders

Table: Zhai, Xiaohua, et al. “LiT🔥: Zero-Shot Transfer with Locked-Image Text Tuning.” Proceedings of the IEEE/CVF Conference on CVPR. 2022.

https://openaccess.thecvf.com/content/CVPR2022/papers/Zhai_LiT_Zero-Shot_Transfer_With_Locked-Image_Text_Tuning_CVPR_2022_paper.pdf


Experiments: Model Specificity
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Differently pretrained image encoders

Table: Zhai, Xiaohua, et al. “LiT🔥: Zero-Shot Transfer with Locked-Image Text Tuning.” Proceedings of the IEEE/CVF Conference on CVPR. 2022.

Scope

https://openaccess.thecvf.com/content/CVPR2022/papers/Zhai_LiT_Zero-Shot_Transfer_With_Locked-Image_Text_Tuning_CVPR_2022_paper.pdf


Experiments: Model Specificity
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Differently pretrained image encoders

Table: Zhai, Xiaohua, et al. “LiT🔥: Zero-Shot Transfer with Locked-Image Text Tuning.” Proceedings of the IEEE/CVF Conference on CVPR. 2022.

Supervision

https://openaccess.thecvf.com/content/CVPR2022/papers/Zhai_LiT_Zero-Shot_Transfer_With_Locked-Image_Text_Tuning_CVPR_2022_paper.pdf


Experiments: Model Specificity
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Differently pretrained image encoders

Table: Zhai, Xiaohua, et al. “LiT🔥: Zero-Shot Transfer with Locked-Image Text Tuning.” Proceedings of the IEEE/CVF Conference on CVPR. 2022.

Similar performance

https://openaccess.thecvf.com/content/CVPR2022/papers/Zhai_LiT_Zero-Shot_Transfer_With_Locked-Image_Text_Tuning_CVPR_2022_paper.pdf


Experiments: Model Specificity
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Differently pretrained image encoders

Table: Zhai, Xiaohua, et al. “LiT🔥: Zero-Shot Transfer with Locked-Image Text Tuning.” Proceedings of the IEEE/CVF Conference on CVPR. 2022.

Good performance on narrow task; does not generalize well

https://openaccess.thecvf.com/content/CVPR2022/papers/Zhai_LiT_Zero-Shot_Transfer_With_Locked-Image_Text_Tuning_CVPR_2022_paper.pdf


Experiments: Model Specificity
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Differently pretrained image encoders

Tables: Zhai, Xiaohua, et al. “LiT🔥: Zero-Shot Transfer with Locked-Image Text Tuning.” Proceedings of the IEEE/CVF Conference on CVPR. 2022.

Transformer vs. other architectures

https://openaccess.thecvf.com/content/CVPR2022/papers/Zhai_LiT_Zero-Shot_Transfer_With_Locked-Image_Text_Tuning_CVPR_2022_paper.pdf


Experiments: Text Models
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Table: Zhai, Xiaohua, et al. “LiT🔥: Zero-Shot Transfer with Locked-Image Text Tuning.” Proceedings of the IEEE/CVF Conference on CVPR. 2022.

https://openaccess.thecvf.com/content/CVPR2022/papers/Zhai_LiT_Zero-Shot_Transfer_With_Locked-Image_Text_Tuning_CVPR_2022_paper.pdf


Experiments: Text Models
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Table: Zhai, Xiaohua, et al. “LiT🔥: Zero-Shot Transfer with Locked-Image Text Tuning.” Proceedings of the IEEE/CVF Conference on CVPR. 2022.

Datasets

https://openaccess.thecvf.com/content/CVPR2022/papers/Zhai_LiT_Zero-Shot_Transfer_With_Locked-Image_Text_Tuning_CVPR_2022_paper.pdf


Experiments: Text Models
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Table: Zhai, Xiaohua, et al. “LiT🔥: Zero-Shot Transfer with Locked-Image Text Tuning.” Proceedings of the IEEE/CVF Conference on CVPR. 2022.

Tokenization

https://openaccess.thecvf.com/content/CVPR2022/papers/Zhai_LiT_Zero-Shot_Transfer_With_Locked-Image_Text_Tuning_CVPR_2022_paper.pdf


Experiments: Text Models
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Table: Zhai, Xiaohua, et al. “LiT🔥: Zero-Shot Transfer with Locked-Image Text Tuning.” Proceedings of the IEEE/CVF Conference on CVPR. 2022.

https://openaccess.thecvf.com/content/CVPR2022/papers/Zhai_LiT_Zero-Shot_Transfer_With_Locked-Image_Text_Tuning_CVPR_2022_paper.pdf


Experiments: De-duplication
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Table: Zhai, Xiaohua, et al. “LiT🔥: Zero-Shot Transfer with Locked-Image Text Tuning.” Proceedings of the IEEE/CVF Conference on CVPR. 2022.

https://openaccess.thecvf.com/content/CVPR2022/papers/Zhai_LiT_Zero-Shot_Transfer_With_Locked-Image_Text_Tuning_CVPR_2022_paper.pdf


Experiments: Locked Image Benefits

● No gradients for image
➞ Reduced memory, faster 

training
● If no augmentation ➞ features 

need to be computed only 
once
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Table: Zhai, Xiaohua, et al. “LiT🔥: Zero-Shot Transfer with Locked-Image Text Tuning.” Proceedings of the IEEE/CVF Conference on CVPR. 2022.

Feature precomputation

https://openaccess.thecvf.com/content/CVPR2022/papers/Zhai_LiT_Zero-Shot_Transfer_With_Locked-Image_Text_Tuning_CVPR_2022_paper.pdf


Experiments: Multilinguality

● Translates ImageNet prompts into most 
popular languages

● Perform zero-shot evaluation
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● Perform T➞I retrieval on 100+ languages 
using Wikipedia-based Image Text (WIT; 
Srinivasan ‘21)

Images: Zhai, Xiaohua, et al. “LiT🔥: Zero-Shot Transfer with Locked-Image Text Tuning.” Proceedings of the IEEE/CVF Conference on CVPR. 2022.

https://dl.acm.org/doi/pdf/10.1145/3404835.3463257
https://openaccess.thecvf.com/content/CVPR2022/papers/Zhai_LiT_Zero-Shot_Transfer_With_Locked-Image_Text_Tuning_CVPR_2022_paper.pdf


Strengths

● Stabler training
○ Updates only text encoder instead of two at once

● Efficiency
○ Pretrained weights vs. trained from scratch

● Flexibility
○ Can easily switch out pretrained encoders with minimal overhead

● More challenging pretraining datasets
○ CC12M, YFCC100m, noisy LiT🔥 dataset

● Potentially stronger latents than CLIP
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Weaknesses

● Failed to address some of CLIP’s 
weaknesses, e.g.,
○ Image regions,
○ Reasoning tasks (e.g., VQA), or
○ Abstract tasks (e.g., counting), as 

reported in paper
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VTAB zero-shot performance (slide)

Image: Zhai, Xiaohua, et al. “LiT🔥: Zero-Shot Transfer with Locked-Image Text Tuning.” Proceedings of the IEEE/CVF Conference on CVPR. 2022.

https://openaccess.thecvf.com/content/CVPR2022/papers/Zhai_LiT_Zero-Shot_Transfer_With_Locked-Image_Text_Tuning_CVPR_2022_paper.pdf


Weaknesses

● Unfair evaluation of zero-shot performance
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Vi
T-
L/

16 Pretrained on 
YFCC100mCLIP + 
CC12M

LiT🔥 performance report (Zhai ‘22) CLIP performance report (Radford ‘21)

Tables: From linked articles.

https://openaccess.thecvf.com/content/CVPR2022/papers/Zhai_LiT_Zero-Shot_Transfer_With_Locked-Image_Text_Tuning_CVPR_2022_paper.pdf
http://proceedings.mlr.press/v139/radford21a/radford21a.pdf


Weaknesses

● Insufficient evaluation on LU setting
○ Better performance on YFCC100mCLIP, but no 

evaluation on full dataset
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Full dataset (3.6B pairs)

YFCC100mCLIP (15M pairs)

Table, Image: Zhai, Xiaohua, et al. “LiT🔥: Zero-Shot Transfer with Locked-Image Text Tuning.” Proceedings of the IEEE/CVF Conference on CVPR. 2022.

https://openaccess.thecvf.com/content/CVPR2022/papers/Zhai_LiT_Zero-Shot_Transfer_With_Locked-Image_Text_Tuning_CVPR_2022_paper.pdf


Future Work

● Use LiT🔥latents for image generation
● Add intra-modal contrastive objectives
● Apply same locked tuning idea to video 

domain

59
Image: Xu, Hu, et al. “VideoCLIP: Contrastive Pre-Training for Zero-Shot Video-Text Understanding.” arXiv preprint arXiv:2109.14084 (2021).

https://arxiv.org/pdf/2109.14084.pdf


Thank you!
Discussion section follows.
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Discussion

● LU setting on full dataset
● Tackling abstract tasks (e.g., counting, depth, distance)
● Tackling reasoning tasks (e.g., VQA)
● How to approach supervised classification SotA?

○ Scale?
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