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| Deep learning (r)evolution

Perceptrons

Perceptron’s limitations 
(Minsky & Papert)

‘43 ‘69

Backprop shown to 
learn useful features

‘86‘65

MLPs

‘95 ‘12

LSTMs

‘92

MaxPool

‘87

CNNs

AlexNet

GANs

‘14 ‘15

ResNets

Diffusion models

‘17

Transformers

GPT-2

‘19

CLIP

GPT-3

‘20

Lenet Alexnet VGG GPT-2 GPT-3 Megatron

60K 60M 300M 1.5B

175B

570B



| Paradigm switch
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| Prequel of transformers

BERT, Devlin et al, 2018Attention is all you need, 
Vaswani et al, 2017

GPT-2, Radford et al, 2018



| Prequel of transformers

ViT, Dosovitskiy et al, 2020

Image tokenization 
via patch splitting

Re-use BERT-like 
architecture

Attach head to the 
special [CLS] token



| CLIP

1 Contrastive pre-training 2 Zero-shot evaluation

CLIP, Radford et al, 2021



| CLIP - results

CLIP, Radford et al, 2021

Zero-shot vs linear probe on 
ResNet-50

Zero-shot for finetune 
sample-efficacy



| Soft Prompting

CoOp, Zhou et al, 2022



| Soft Prompting

CoOp, Zhou et al, 2022

Few-shot recognition accuracy

Zero-shot recognition accuracy



| Language Aware Soft Prompting (LASP)

LASP, Bulat et al, 2023

1

Define a set of reference text prompts:
• ”a large photo of []”

…
• ”a blurred photo showing []”

2

Place CLS into [].

3

Enforce that the embeddings formed by [SP] + [CLS] 
can correctly be classified to the reference prompt that 
Has the right [CLS]



| Language Aware Soft Prompting (LASP)

LASP, Bulat et al, 2023

1
3

2

Implicit “cheap” ensemble via grouping

Bridge vision domain mismatch

Correct mapping using a domain-level correction



| Language Aware Soft Prompting (LASP) with virtual classes

LASP, Bulat et al, 2023

§ Text-to-text loss is independent of the 
V&L loss.

§ We can hence train with ”virtual” 
classes.

§ The additional class names can be 
specific, in-domain, or more generally –
can act as distractors to push against.



| Language Aware Soft Prompting (LASP)

LASP, Bulat et al, 2023
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| Revisiting soft prompting – linear approximation

LFA, Ouali et al, 2023

CLIP (zero-shot) CoOp (few-shot 
prompting)

Linear 
approximation

<latexit sha1_base64="vl61KLg5wywJ4wqFfambda8xzZY=">AAACIXicbVDLSsNAFJ3UV62vqEs3g63oqiQFtcuiG5cV7EOSUCbTSTt08mBmopaQX3Hjr7hxoUh34s84aVPQ1gMDh3POZe49bsSokIbxpRVWVtfWN4qbpa3tnd09ff+gLcKYY9LCIQt510WCMBqQlqSSkW7ECfJdRjru6DrzOw+ECxoGd3IcEcdHg4B6FCOppJ5er9g+kkPXS+5TaD9xOhhKxHn4aDnJ3OmkypqnTtNKKUNPLxtVYwq4TMyclEGOZk+f2P0Qxz4JJGZICMs0IukkiEuKGUlLdixIhPAIDYilaIB8IpxkemEKT5TSh17I1QsknKq/JxLkCzH2XZXMFhWLXib+51mx9OpOQoMoliTAs4+8mEEZwqwu2KecYMnGiiDMqdoV4iHiCEtValaCuXjyMmnXquZF9fy2Vm5c5XUUwRE4BmfABJegAW5AE7QABs/gFbyDD+1Fe9M+tcksWtDymUPwB9r3D1/fouw=</latexit>
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Classifier weights 
formed via prompting

Linear 
approximation



| Revisiting soft prompting – linear approximation

LFA, Ouali et al, 2023

<latexit sha1_base64="sRFxx79IhfFZkb3qqACwql0tTLo=">AAACIHicbVDLSsNAFJ3UV62vqEs3g63gqiQFrcuiG5cV7EPSUCbTSTt0MgkzE7WEfIobf8WNC0V0p1/jpI2grQcuHM65l3vv8SJGpbKsT6OwtLyyulZcL21sbm3vmLt7bRnGApMWDlkouh6ShFFOWooqRrqRICjwGOl444vM79wSIWnIr9UkIm6Ahpz6FCOlpb5Zr/QCpEaen3RT2LsXdDhSSIjwznGTH6eTaivnN2mllKFvlq2qNQVcJHZOyiBHs29+9AYhjgPCFWZISse2IuUmSCiKGUlLvViSCOExGhJHU44CIt1k+mAKj7QygH4odHEFp+rviQQFUk4CT3dmd8p5LxP/85xY+WduQnkUK8LxbJEfM6hCmKUFB1QQrNhEE4QF1bdCPEICYaUzzUKw519eJO1a1T6tnlzVyo3zPI4iOACH4BjYoA4a4BI0QQtg8ACewAt4NR6NZ+PNeJ+1Fox8Zh/8gfH1Del0oro=</latexit>
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Goal:

Optimize:

admits closed form solution:

Regularized Procrustes:

Regularization 
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| Linear approximation - results

LFA, Ouali et al, 2023
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| Generative classifiers

REST, Bulat et al, 2023

Zero-shot evaluation – retrieval based

§ Requires a set of potential class names (not 
truly open world)

§ Dependent on the quality of the class names 
topology

§ Requires prompt hand crafted

§ Generally coarse output 

Limitations:



| Generative classifiers

REST, Bulat et al, 2023

§ Truly open-world -> no requirement for topology nor prompts
§ Granular
§ Sample specific
§ More self-explainable



| Generative classifiers

REST, Bulat et al, 2023

[BOS] dog [EOS]

CE loss

§ Severe overfitting to base classes 
(loss of zero-shot generalization)

Supervision 
type

Supervision 
type

Top-1 
accuracy

Fully 
supervised

Class 
names

0.74 %



| Generative classifiers

REST, Bulat et al, 2023

§ Instead of predicting the class name directly, predict a proxy ”pseudo-caption”

§ Use an image captioning model to generate a set of pseudo-captions, guided by 
prompting

Supervision type Supervision type Top-1 accuracy

Fully supervised Class names 0.74 %

Unsupervised Pseudo-captions 14.8%

Kinetics-220 (1-of-620 classes) results



| REST: Retrieve and self train

REST, Bulat et al, 2023



| REST: Retrieve and self train- effect

REST, Bulat et al, 2023

TSNE plot for:

Initial pseudo-labels REST



| REST: Retrieve and self train – zero-shot results

REST, Bulat et al, 2023

Supervision type Supervision type Top-1 accuracy

Fully supervised Class names 0.74 %

Unsupervised Pseudo-captions 14.8%

Unsupervised Pseudo-captions + REST 31.2%

X-CLIP (ECCV’22) logits (discriminative) 14.8%

Kinetics-220 (1-of-620 classes) results

Method Top-1 acc.

Action CLIP (arxiv’21) 40.8 %

ResT_101 (CVPR’22) 41.1%

X-CLIP (ECCV’22) 44.6%

REST (Ours) 50.1%

Method Top-1 acc.

Action CLIP (arxiv’21) 58.3 %

ResT_101 (CVPR’22) 58.7%

X-CLIP (ECCV’22) 72.0%

REST (Ours) 73.5%

HMDB-51 (1-of-51 classes) results UCF-101 (1-of-101 classes) results



| REST: Retrieve and self train – few-shot results

REST, Bulat et al, 2023

Method # samples

2 4 8 16

TimeSfomer 48.5 75.6 83.7 89.4

Swin-B 53.3 74.1 85.8 88.7

X-CLIP 76.4 83.4 88.3 91.4

REST 88.4 90.5 93.6 94.8

UCF-101 few-shot adaption results:

§ Ours was finetuned using the class names



Research directions:
NAS & Hand 
crafted archs

QuantizationCompression Cond. computing

Neural network inference is generally expensive 

Edge and mobile devices have limited resources 

Ever-increasing demand and devices diversity 

| Model efficiency - research directions



| Model efficiency - research directions

EBN, Bulat et al, ICLR 2021 BitMixer, Bulat et al, ICCV 2021 XViT, Bulat et al, NeurIPS 2021

EdgeViT, Pan et al, ECCV 2022
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