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Fine-tuning vs. zero-shot inference

1. Pre-training

Large-scale 
noisy web 

data

2. Fine-tuning

Large-scale 
noisy web 

data

Adapting to a task of interest

Small-scale 
clean task-

specific data

State-of-the-art ML models often come from a two-step process.

What is the best way to fine-tune a large pre-trained model?



Focus today: out-of-distribution robustness

Transportation

Chat assistants

Health care

Robotics

Need reliable machine learning
3



Robustness on ImageNet
Lots of progress on ImageNet over the past 10 years, but models are still not robust.

ImageNetV2 ObjectNet ImageNet-Sketch ImageNet-R
[Barbu, Mayo, Alverio, Luo, 
Wang, Gutfreund, 
Tenenbaum, Katz ’19]

[Hendrycks, Basart, Mu, 
Kadavath, Wang, Dorundo, 
Desai, Zhu, Parajuli, Guo, 
Song, Steinhardt, Gilmer ’20]

[Wang, Ge, Lipton, Xing ’19][Recht, Roelofs, 
Schmidt, Shankar ’19]

Evaluation: new test sets
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AlexNet

EfficientNet-B7

VGG, ResNet, DenseNet,

ResNeXt, Inception, NASNet, etc.

What robustness interventions help?

[Taori, Dave, Shankar, Carlini, Recht, Schmidt ’20]



60 65 70 75 80 85
,magH1Ht (tRS-1, %)

45

50

55

60

65

70

75

,m
ag
H1
Ht
V2
 (t
RS
-1
, %
)

HySRthHtical 5RbuVtnHVV ,ntHrvHntiRn

y   x
%aVHlinH accuracy
6tandard mRdHlV

In-distribution accuracy

Expected out-
of-distribution 

accuracy

Baseline out-of-distribution accuracy from in-distribution accuracy.

What robustness interventions help?



Do current robustness interventions achieve effective robustness?
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Humans
[Shankar, Roelofs,     

 Mania, Fang,

 Recht, Schmidt ’20]

What robustness interventions help?
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Only training on (a lot) more data gives a small amount of effective robustness.

JFT-300M 
pretrained

Instagram 1B 
pretrained

ImageNet-21k 
pretrained

No current robustness technique achieves non-trivial effective robustness.
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[Barbu, Mayo, Alverio, 
Luo, Wang, Gutfreund, 
Tenenbaum, Katz ’19]





+6%

+51%

+40%

+35%

+74%

Very large improvements in out-of-distribution robustness.

Effective 
robustness



[Radford, Kim, Hallacy, Ramesh, Goh, 
Agarwal, Sastry, Askell, Mishkin, 
Clark, Krueger, Sutskever ’21]

Large robustness gains

But: fine-tuning reduces

        robustness

Can we get both high 
in-distribution and 
out-of-distribution 
accuracy?

What makes CLIP 
robust?



What makes CLIP robust?



Hypotheses for CLIP’s robustness

Loss function

Language supervision

Training distribution

Test-time prompting

Training set size

Model architecture

CLIP Standard ImageNet 
supervised learning

ViTs CNNs

Yes No

ImageNet???

Contrastive Supervised

Yes No

400M 1.2M

14
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One takeaway: datasets are a key for improving models

Workshop tomorrow at ICCV!



Can we fine-tune CLIP without losing robustness?
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CLIP

Improved accuracy on D

Robustness 
decrease

Raised as an open problem by researchers from OpenAI, Stanford, Google, etc.

The problem with fine-tuning



CLIP Fine-tuned

+ =1
2

1
2

Weight-space ensembles for fine-tuning (WiSE-FT)

A simple but effective solution

Task accuracy

Robustness

Building on [Nagarajan, Kolter ’19], [Frankle, Dziugaite, Roy, Carbin ’20],

                   [Neyshabur, Sedghi, Zhang ’20].
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Training from scratch
Linearly interpolating the weights 
of two models trained from scratch 
encounters a high error barrier 
(Frankle et al., 2020).
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Fine-tuning
Accuracy remains high when linearly 
interpolating the weights of two networks 
fine-tuned from a shared initialization 
(Neyshabur et al., 2020).



Key difference between fine-tuning and 
training from scratch

• From schematic to 
experiment: fine-tuned 
models often appear to 
lie in a single, low-error 
region.

ℝd

ℝ2

Pre-trained Fine-tuned
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Christie et al., 2018+3.7pp OOD

Koh et al., 2021

Beery et al., 2018

+6.5pp 
OOD

CIFAR-10.1. 
Recht et al., 2019

CIFAR-10.2. 
Lu et al., 2020

+2.2pp OOD +3.0pp OOD

ImageNet-Vid-Robust


Shankar et al., 2019 

YTBBRobust


+8.3pp OOD

+14.7pp OOD
🥈Best paper finalist, CVPR 2022



Robustness gains invariant as compute scale increases
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Final result (high accuracy models)

Where most experiments happened

    (low accuracy models)

    → cheaper → faster iteration

Reliable extrapolation via 
“Accuracy on the line”
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All experiments measured effective robustness



Robustness gains invariant as compute scale increases

Experiment with the full-scale model worked on first try

ID-OOD trends are a reliable scaling law for model design
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Why stop at averaging two models?



Fine-tune with various 
hyperparameters

LR=1e-5, aug=minimal

LR=2e-5, mixup=0.8

LR=3e-5, decay=0.1

1. Fine-tune with various 
hyper-parameters. 

2. Choose the model with the 
best accuracy on the held-
out validation set.

Conventional procedure for maximizing accuracy 
while fine-tuning



1. Fine-tune with various 
hyper-parameters. 

2. Choose the model with the 
best accuracy on the held-
out validation set.

81.3%

79.6%

Evaluate on held-out val

82.1%

LR=1e-5, aug=minimal

LR=2e-5, mixup=0.8

LR=3e-5, decay=0.1

Fine-tune with various 
hyperparameters

Conventional procedure for maximizing accuracy 
while fine-tuning



Downsides of the conventional fine-tuning recipe

82.1%

84.0%
Choosing the best 

individual model on the 
held-out validation set

Ensemble

+ +

Lower accuracy Higher inference cost



Model soups

=
1
n

n

∑
i=1

θi

θ1 θ2 θ3

Best of both worlds:

Same high accuracy 
as the ensemble

Same fast inference 
time as an individual 
model

🎯

⏱

Results

• ImageNet SotA 
• Gains on many more 

dataset

• Widely used for 

multimodal models



Can we fine-tune a model while preserving its 
zero-shot abilities?



Conclusions
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y = x

Pre-trained models often can be improved 
by fine-tuning on task-specific data.

Both in vision and in NLP 
(instruction tuning, RLHF, etc.)

“Standard” fine-tuning can negatively affect 
the capabilities of the pre-trained model.

Interpolating between the pre-trained and fine-tuned models can 
preserve robustness while improving task performance.

Open questions

• Simple weight interpolation seems naive → are there better fine-tuning methods?

• Can we remove fine-tuning entirely and improve pre-training instead?


