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CLIP: Connecting
Text and Images

We're introducing a neural network called CLIP which
efficiently learns visual concepts from natural language
supervision. CLIP can be applied to any visual classification
benchmark by simply providing the names of the visual
categories to be recognized, similar to the “zero-shot”
capabilities of GPT-2 and GPT-3.
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CLIP is trained to associate image-caption pairs on the internet, and can
perform zero-shot inference.
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Image Classification on ImageNet

Leaderboard
100
Q0
>_
O 80
<
o
)
O 70
<
<«
(a'l
O 40
SIFT +EVs
s0 @
40
2011

Dataset

2012

AlexNet

for

FixResNeXt-101 32x48d—:
—

All models

Meta Pseudo Labels (EfficientNet-L2) ViT—g/ 14

——

2013

View Top 1 Accuracy v| by Date
ResNet-50: 77.150 NeXt-101 64x4 PNASNet; 5@
: ——"
Inception VZ/K'
Five Base + Five'HiRes
2014 2015 2016 2017 2018

Other models -e- State-of-the-art models

2019

2020 2021

Source: https://paperswithcode.com/sota/image-classification-on-imagenet

10


https://paperswithcode.com/sota/image-classification-on-imagenet

11



To improve a models accuracy it is fine-tuned on data from the domain of
Interest.

11



To improve a models accuracy it is fine-tuned on data from the domain of
Interest.

But: despite accuracy improvements, fine-tuning CLIP deteriorates
robustness.

11



To improve a models accuracy it is fine-tuned on data from the domain of
Interest.

But: despite accuracy improvements, fine-tuning CLIP deteriorates
robustness.

This work:

11



To improve a models accuracy it is fine-tuned on data from the domain of
Interest.
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This work:

* Can we fine-tune CLIP while maintaining robustness?
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CLIP Zero-shot Fine-tuned
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Weight-space ensembling = linearly interpolating in weight space
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Weight-space ensembles for fine-tuning = WIiSE-FT

CLIP Zero-shot Fine-tuned
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Accuracy on D’

Schematic: our method, WiSE-FT
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Real data: our method
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Comparison to linear classifier with regularization
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Real data: our method (zoomed-in)
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ImageNet (Deng et al., 2009)
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ImageNet (Deng et al., 2009)
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Observation 1: (Frankle et al., 2020)




Observation 1: (Frankle et al., 2020)

Ensembling in weight space —
making predictions via

f(x,%(é’f+9§))

fails, performing no better than
random chance.




Observation 2: (Frankle et al., 2020)




Observation 2 (Frankle et al., 2020)

When part of the training
trajectory is shared, there exists a

linear path in weight space
between the two solutions along
which loss remains low.




Observation 3 (Izmailov et al., 2018)

Weights found through SGD tend

to lie at the periphery of a large,
flat minimum.
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Observation 3 (Izmailov et al., 2018)

Weights found through SGD tend

to lie at the periphery of a large,
flat minimum.

To get closer to the center,
Stochastic Weight Averaging (SWA)

bounces around the minimum while

saving checkpoints and returns the
average.

~

Train

Train




Observation 4 (Neyshabur, Sedghi, Zhang, 2020)

Linear mode connectivity between
fine-tuned solutions.
T
6’2




Observation 5

Linear mode connectivity between
the zero-shot and fine-tuned

solution on both the OOD and ID
dataset.
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Acc((l —a)-Oy+a-0,) > (1 —a) - Acc(f,)) + a - Acc(6,)
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ImageNet train loss ImageNet-R error

sl @ < = > 0.0055 > 0.459
51 ® 0.0055 0.459
41 -0.00465 -0.415
3 - -0.00379 -0.372
-0.00293 -0.328
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NN Io.00122 0.241
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ImageNet error ImageNet-A error

6 > 0.391 > 0.749

> 0.391 0.749
4 -0.355 0.7
31 -0.318 -0.651
2 - -0.282 -0.601
- -0.246 -0.552
A 0.209 0.503
40 60 80 100 120 0.173 0 20 40 60 0.453
* CLIP zero-shot @ Fine-tune iteration 1k

- Fine-tune iteration 25k (final) ® Projected trajectory
—— Weight-space ensemble
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CLIP zero-shot (high ID error,
low OOD error)

CLIP fine-tuned end-to-end
(low ID error, high OOD error)

Schematic:
average test
error on all
datasets

i Weight-space ensemble
(low ID and OOD error)
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Takeaways

Robustness to distribution shift is an important step in ML.
Large-scale pre-trained models such as CLIP are a promising direction.

Standard fine-tuning improves accuracy in-distribution, but deteriorates
robustness.

WISE-FT mitigates the compromise between high accuracy and
robustness with no extra compute during fine-tuning or inference.
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