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Session 1:
Data-scares Classification Methods




Zero-shot and few-shot
classification




Learning Transferable Visual Models
From Natural Language Supervision

Alec Radford*, Jong Wook Kim* et al.
OpenAl
ICML 2021



Recap: Three Contributions of CLIP

- Natural Language Supervision: XtH0{ 0| EXSt= supervisiona & 25l £ X},
= A2 large-scale dataset= T

X1 labeling 8l{OFSt= classificationt CF= | image-text pairE crawlingSt
=570 &0l
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« Efficient Pre-training Method: Image-text contrastive learning



Zero-shot Classification with CLIP

» Contrastive Language-Image Pre-training (CLIP)

(1) Contrastive pre-training (2) Create dataset classifier from label text
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Figure 1. Summary of our approach. While standard image models jointly train an image feature extractor and a linear classifier to predict
some label, CLIP jointly trains an image encoder and a text encoder to predict the correct pairings of a batch of (image, text) training
examples. At test time the learned text encoder synthesizes a zero-shot linear classifier by embedding the names or descriptions of the
target dataset’s classes.
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Prompt engineering and ensembling
improve zero-shot performance.
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def zercshot_classifier(classnames, templates):
with torch.no_grad()
zeroshot_weights = []
for classname in tadm{classnames):
texts
texts = clip tokenize(texts) cudal) #rokenize
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o
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[template format(classname) for template in templates] #formai with class

class_embeddings = model encode_text(texts) #eabed with fexi encoder

class_embeddings /= class_embeddings.norm(dim=1, keepdim=True)
class_embedding = class_embeddings . mean(dim=01)
class_embedding /= class_embedding . normd )
zeroshot_weights . appendiclass_embedding)
zeroshot_weights = torch.stack(zeroshot_weights, dim=1) . cudal)
return zeroshot_weights

zeroshot_weights = zeroshot_classifier(imagenet_classes, imagenet_templates)

OpenAl CLIP official implementation: https://github.com/openai/CLIP

IN1k prompt engineering: https://github.com/openai/CLIP/blob/main/notebooks/Prompt_Engineering_for_ImageNet.ipynb

ImageNetOf| A AF&E templates

. itap of a {}.

. a bad photo of the {}.

. a origami {}.

. a photo of the large {}.
a {} in a video game.
art of the {}.

a photo of the small {}.

NOoOUAWNR

* I[TAP: | Take A Picture



https://github.com/openai/CLIP
https://github.com/openai/CLIP/blob/main/notebooks/Prompt_Engineering_for_ImageNet.ipynb

Linear Probing with CLIP
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Figure 6. Zero-shot CLIP outperforms few-shot linear probes.
Zero-shot CLIP matches the average performance of a 4-shot linear
classifier trained on the same feature space and nearly matches the
best results of a 16-shot linear classifier across publicly available
models. For both BiT-M and SimCLRvV2, the best performing
model is highlighted. Light gray lines are other models in the eval
suite. The 20 datasets with at least 16 examples per class were
used in this analysis.
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Robustness of CLIP

- Robustness: input distribution0f| CHSt robustness 2 Z 2 label spaceE 7HX| =
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Few-shot Classification




Tip-Adapter: Training-free CLIP-Adapter
for Better Vision-Language Modeling

Renrui Zhang*, Rongyao Fang*, Wel Zhang* et al.

Shanghai Al Laboratory,
The Chinese University of Hong Kong, SenseTime Research

ECCV 2022



Related Work: CoOp, CLIP-Adapter

e CLIPQ| zero-shot 352 2 =&}X}.

« CoOp: CLIPS| parameter= 25 O ZE F= AEO| A promptO learnable vectorE 2= WAIC 2
Cj| O| E{ All Of| adaptatione Tt

- CLIP-Adapter: CLIP2| zero-shot logit 2= FX|5tHA{, adapter2tl =2|= A £ learnable parameterZt
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Comparison of different visual classification architectures.

Zhou, Kaiyang, et al. "Learning to prompt for vision-language models." [JCV. 2022. 13
Gao, Peng, et al. "Clip-adapter: Better vision-language models with feature adapters." arXiv. 2021.



Training-free CLIP-Adapter

- AdapterE few-shot dataE 7tX| 1 S5 A|7| = AE:
O

+ CLIP MH|Z fine-tuning 3l= Z 2 Ct H™XO0| D, e |[m,| _*m_,(l
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Figure 1. A Comparison of CLIP-Adapter vs. the proposed
Training-free CLIP-Adapter (Tip-Adapter). CLIP-Adapter and
Tip-Adapter share similar architectures, namely, two linear layers
and a residual connection blending updated visual features with
pre-trained CLIP features. CLIP-Adapter is trained with Stochas-
tic Gradient Descent (SGD), while Tip-Adapter is training-free,
whose weights of linear layers are initialized from Cache Model.
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The Pipeline of Tip-Adapter

* Image== visual encoder0| S1tA|7] cache ¢t =, 0| 12| similarityE additional logit2 £ AtE.

sim
* Fine-tuning Al, F,,q;,, 2F= learnable parameter2 M Zt510 b5 2, Ly, O BHHE FEO| HH¥| = 71 E 0|2t freeze

Few-shot Images Few-shot Labels

| catx K dogxK panda x K rabbitx K :

_____________________________________

)
K F rain J‘A( l ["Tram
S ‘ —— — Two hyperparameters:
S I B A S T S P B B: sharpness of adapter’s logit
C < N < . . ) .
B a: residual ratio of adapter’s logit
00 000 0{00 011 1
_ L — .
| (P(ﬁ‘eerg;'m'n) Lirain ‘ (p(x) = exp(_ﬁ(l - x))
Linear Combination
> (B >
Xa
Test Image T Text Classifier § ‘§% § §
freseWT ROR
> © A

CLIP’s Knowledge

Figure 2. The Pipeline of Tip-Adapter. Given a K -shot N-class training set, we construct the weights of the two-layer adapter by creating
a cache model from the few-shot training set. It contains few-shot visual features Fi,.qi, encoded by CLIP’s visual encoder and few-shot 15
ground-truth labels Lirqin. Firain and Lirqin can be used as the weights for the first and second layers in the adapter.



Comparison with CLIP-Adapter

1. Initialization
2. Parameters (Tip-Adapter= image encoder O| 2 & 1T layerZt =+5)

3. Hyperparameters (a,f)

 CLIP-Adapter2| hyperparameters: - Tip-Adapter2| hyperparameters:
logit = f*W*" logit = a(fFirain)Ltrain + fW'
fr=ad,(N' + 1A -a)f o(x) = exp(—B(1 —x))

=LA (W)" + (1 - W



Results

« CoOp, CLIP-Adapter 2 C} few-shotllA] =2 M52 7| &%

ImageNet
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Figure 3. Classification accuracy of Tip-Adapter, Tip-Adapter-F

and other models under different few-shot settings with CLIP-style
pre-processing.

-

Models Epochs Time Accuracy  Gain
Zero-shot CLIP [51] 0 0 60.33 0

Linear-probe CLIP [51] - 13min 56.13 -4.20
CoOp [70] 200 14h 40min 62.95 +2.62
CLIP-Adapter [ 7] 200 50min 63.59 +3.26
Tip-Adapter 0 0 62.03 +1.70
Tip-Adapter-F 20 Smin 65.51 +5.18

Table 3. Fine-tuning time and classification accuracy of 16-shot
learning with different methods. The last column in blue records

the performance gain relative to zero-shot CLIP.

Training time= 34 &¢.
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Implementation

Cache train images and texts with CLIP image/text encoder: https://github.com/gaopengcuhk/Tip-
Adapter/blob/main/utils.py#L 38

Search hyperparameters (a, 8): https://github.com/gaopengcuhk/Tip-Adapter/blob/main/utils.py#L 99

Tip-Adapter: https://github.com/gaopengcuhk/Tip-Adapter/blob/main/main.py#L 27

Tip-Adapter-F: https://qgithub.com/gaopengcuhk/Tip-Adapter/blob/main/main.py#L 66

18
Tip-Adapter official implementation: https://github.com/gaopengcuhk/Tip-Adapter



https://github.com/gaopengcuhk/Tip-Adapter/blob/main/utils.py#L38
https://github.com/gaopengcuhk/Tip-Adapter/blob/main/utils.py#L99
https://github.com/gaopengcuhk/Tip-Adapter/blob/main/main.py#L27
https://github.com/gaopengcuhk/Tip-Adapter/blob/main/main.py#L66
https://github.com/gaopengcuhk/Tip-Adapter

Leveraging Pre-trained
Generative Models




Is synthetic data from generative
models ready for image recognition?

Ruifel He et al.
The University of Hong Kong, University of Oxford, ByteDance
ICLR 2023



GLIDE

« OpenAl2| text-to-image diffusion model: Stable Diffusion O| H0f| 74| UE 7t2 £22 B E

Table 2. Comparison of FID on MS-COCO 256 x 256. Like pre-
vious work, we sample 30k captions for our models, and compare
against the entire validation set. For our model, we report numbers
for classifier-free guidance with scale 1.5, as it yields the best FID.

: T : S - _ Model FID  Zero-shot FID

“a hedgehog using a “a corgi wearing a red bowtie “robots meditating in a “a fall landscape with a small
calculator” and a purple party hat” vipassana retreat” cottage next to a lake™ AttnGAN (XU et al., 201 ’}‘) 35.49
DM-GAN (Zhu et al., 2019) 32.64
DF-GAN (Tao et al., 2020) 21.42
DM-GAN + CL (Yeet al., 2021)  20.79
XMC-GAN (Zhang et al., 2021)  9.33
LAFITE (Zhou et al., 2021) 8.12

DALL-E (Ramesh et al., 2021) ~ 28
LAFITE (Zhou et al., 2021) 26.94
GLIDE 12.24
GLIDE (Validation filtered) 12.89
“a surrealist dream-like oil “a professional photo of a “a high-quality oil painting “an illustration of albert
painting by salvador dali sunset behind the grand of a psychedelic hamster einstein wearing a superhero
of a cat playing checkers” canyon” dragon” costume”

21
Nichol, Alex, et al. "Glide: Towards photorealistic image generation and editing with text-guided diffusion models." ICML. 2022.



Motivation

- Z|Z text-to-image generations AIZO0| E7|0| 222 £ QIS M2 2ATS| & o=, M/d =l
O|0|X| £ 2 classificationS & 6H=0| At&E 2~ 9127172

- MM E|E= O|0|X| =2 data-scares settings (zero-shot, few-shot)2| 27 1t pre-training2| 27 0f| A
A—I%O =X 8l 2 A}

ﬂJl

o
O 2, synthetic datag 0|28l H& a4 5|
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o
= W2 adapterE AFESHA| %2 Bt fine-tuning2 2 zero-shotOl| A =
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Zero-shot: Synthetic Data Generation Strategy

- Basic strategy (B): Target2| label name= text-to-image model2| YEH2 Z =0 O|0|X| & 4 A,

« Text-to-image modeldf| 211

- Language Enhancement strategy (LE): pre-trained word-to-sentence model T5= O|

AL
the

Sk Q=0

I_

|.7<|_
— T =

name= CHEeh XAHO| HES| FH2 = HY =L

« E.g., “airplane” — “a white airplane hovering over a beach and a city.”

« CLIP Filter strategy (CF); 4=l O|0|X] ZH A=

ol A O

UL ot50f Yol X &

o O|O|X|7t & =
filtering out A|ZIC}.

. Soft Cross-Entropy loss (SCE): &dl| %l thresholdZ O|0|X| £

A2 d-d5t= 0[0[X[| 9| diversityE E

2l A O
3 o UL

823519 |abel

A A E CLIPS 0| 23513 low confidence O|0|X| =

M7ot= A & OfL|2t, st AlO]

normalized CLIP scoreS O| 23810 soft label 2 label2 M| =238t™ data noisell| & ZA sl XIC}.

Dataset

CLIP

B

LE

LE+CF

CE

SCE

CE

SCE

CE | SCE

CIFAR-10
CIFAR-100
EuroSAT

70.31
35.35
37.51

77.39 (+7.08)
43.99 (+8.64)
45.64 (+8.13)

78.23 (+7.92)
4425 (+8.90)

48.23 (+10.72)

77.20 (+6.89)
44.08 (+8.73)
53.26 (+15.75)

77.55 (+7.24)
44 91 (+9.56)
5494 (+17.43)

80.01 (+9.70)

80.06 (+9.75)

44.55 (+9.20) |45.69 (+10.34)

54.75 (+

17.24)|55.37 (+17.86)

Table 2: Ablation study on Language Enhancement (LE), CLIP-based Filtering (CF), and Soft-
target Cross-Entropy (SCE).

label name=2 & BHHSHK| ZSMAHL H2 quallty
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Zero-shot: Efficiency of Synthetic Data

« Synthetic data’7t X2 Z atEA|Z &= U= parameter?| &=

Param Tuned (%) 0 0.02 0.04 62.50 64.06 69.53 82.81 92.19

Acc 37.51 55.37 55.11 55.28 54.56 54.34 53.63 52.09

Table 3: Parameters tuned v.s. Accuracy. Dataset: EuroSAT.

- Synthetic data2} real data2| efficiency H| 1! (from scratch)

« Synthetic data= 500 images per classZ &5} [If 85 28.74%

Real shot 1 16 32 64 80 90 95 100
Acc 2.48 10.4 14.95 21.96 24.4 25.52 27.99 29.95

Table 4: Setting when training from scratch. Dataset: CIFAR-100.

- des H =03 g 5 X0l HE A2 O¢E.
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Zero-shot: Results

Dataset Task | CLIP-RN50 CLIP-RN50+SYN | CLIP-Vil-B/16 CLIP-ViLLB/16+SYN
CIFAR-10 0 70.31 80.06 (+9.75) 90.80 92.37 (+1.57) o= Ho|EHMoAM 52 T
CIFAR-100 0 35.35 45.69 (+10.34) 68.22 70.71 (+2.49) AMd = AAZ.
Caltech101 0 86.09 87.74 (+1.65) 02.98 94.16 (+1.18) CrEk, A 1 0| M validation
Caltech256 0 73.36 75.74 (+2.38) 80.14 81.43 (+1.29) set= AL 7| =0 Tt
ImageNet 0 60.33 60.78 (+0.45) 68.75 69.16 (+0.41) zero-shot2lX| 8-d= 2[5l
SUN397 s 58.51 60.07 (+1.56) 62.51 63.79 (+1.28) HOtof gt
Aircraft f 17.34 21.94 (+4.60) 24.81 30.78 (+5.97)
Birdsnap f 34.33 38.05 (+3.72) 41.90 46.84 (+4.94)
Cars f 55.63 56.93 (+1.30) 65.23 66.86 (+1.63)
CUB f 46.69 56.94 (+10.25) 55.23 63.79 (+8.56)
Flower f 66.08 67.05 (+0.97) 71.30 72.60 (+1.30)
Food f 80.34 80.35 (+0.01) 88.75 88.83 (+0.08)
Pets f 85.80 86.81 (+1.01) 89.10 90.41 (+1.31)
DTD t 42.23 43.19 (+0.96) 44.39 44.92 (+0.53)
EuroSAT si 37.51 55.37 (+17.86) 47.77 59.86 (+12.09)
ImageNet-Sketch r 33.29 36.55 (+3.26) 46.20 48.47 (+2.27)
ImageNet-R r 56.16 59.37 (+3.21) 74.01 76.41 (+2.40)
Average / 55.13 59.47 (+4.31) 65.42 68.32 (+2.90)

Table 1: Main Results on Zero-shot Image Recognition. All results are top-1 accuracy on test set.
o: object-level. s: scene-level. f: fine-grained. t: textures. si: satellite images. r: robustness.
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Few-shot: Synthetic Data Generation Strategy

- Basic strategy (B): Zero-shotO|A] 7} ZUE LE+CF+SCEE 7|22 = 47

» Few-shot O|O|X[| S 7tX|Ad Qe B2 JtX|4 Q= O|0|X| & &&= 7t strategyS Ml =.

« Real Filtering (RF): ‘8- &l 0|0|X|2| CLIP embedding®| CHE label2| O|O|X| CLIP embedding2t 7}
77}0| RUCHH filtering out.

« Real Guidance (RG): Generation 2 Ct= augmentation0f 7712 B8O 2 7}X| 10 QU= few-shot
O| 0| X|Of noiseE W& CH7t M| sl= BHA © 2 dataS augmentationdt= 245,

Backtot =0 Backtot =0 Backtot =0 Backtot =0 Backtot =0
prompt = “person” prompt = “person” prompt = “person” prompt = “person”  prompt = “cat”

Initial Image

B RF RG
87.1 87.33 88.47

#shots 1 2 4 8 16
x Table 5: Ablation for
‘ °0 40 35 20 15 Basic strategy (B), Real
MK 100 2| steps & A& E RG steps Filtering (RF), Real
Guidance (RG) on
EuroSAT, 16 shot.

26
Luzi, Lorenzo, et al. "Boomerang: Local sampling on image manifolds using diffusion models." arXiv. 2022.



Few-shot: Results

« CTw. Syn2 CTw. init2 Z&%t 2 E baselines2Ct £2 42 E0F QLY.

- &, synthetic dataZl few-shotHIA = &5 S0 =22 FULL.

« Phase-wise training (syn—real, real-syn) 2 C} naivedtAH 440 A t&5l= 40| 40| o EQLE
H X

« Real, syn sample®| CHSHA] 1:12 updateS Tl SHX| 2t syntheticOfl CH
T 32,5122 CIELC}

L
=)
SiSH1, batch size

73 SUN397 90 EuroSAT

: . : Phase-wise Mix
* 80 e 3 M'Shot . .

- I . P syn — real real — syn training
. I R : I 63.01 6332  64.36
e | E o I & ‘s sy 2 72.24 72.85 73.62
© 65 * W..oyn L 6 . * w. Syn
S 63 r oo ad o—CT w. init g ¢ s o—CT w. init 4 78.88 79.21 79.88
v 5 1 Y 5 —— 8 83.64 83.99 84.57

N e Tip Adapter o Tip Adapter

“ /e o o 16 87.10 87.44  88.47

. ¥ e Coo 40 e Coop

- Zero-shot CLIP Zera-shot CLIP

57 30 . . .

O ) H‘-Wé‘f’ of Re.-i\ labe ecdexamp GEJP?’ C"ﬁf'l; : : ) ] ‘\m'utjer' of Re; \abe\edixa-“nrzleilercasz_;z N a Table 7: Mlx tralnlng works bet-

ter for few-shot tasks on EuroSAT.

Figure 1: Results for few-shot image recognition. Results on all 8 datasets are provided in Appendix.
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Few-shot: Frozen Batch Normalization Strategy

« Linear probing= St A 2L} M| networkE end-to-end fine-tuneSt x|, batch norm2
normalization statistics= freezedt= HWHZ,

- CT w. initO| Tip-Adapter, CoOpE Lt EHLt H|=Xot 452 W= O|F = Frozen BN strategy®i| AL}

- E79| synthetic data’l =0 2 MM distribution shiftE ZA™83l= X| 21t 242 M0M S Hotoh gt
HEO = HZHEICH

. 9
def freeze BN(model): Train data Freeze BN? Test Acc

for module in model.modules(): Real 75.31
# print(module) Real v 85.63

if isinstance(module, torch.nn.BatchNorm2d): Syn 44.73
module.eval() Syn v 55.37

return model
Table 6: Frozen BN works better
Implementation of freeze batch norm for 16-shot Settings on EuroSAT.
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Pre-training: Classification

Synthetic dataZ pre-training0| AF&35t7| oA 2 HO|HME #=¢.

%5 A CIFAR-1002| label name= O| &3l A pre-training?t 2 1t

CIFAR-1002
g

o
|

Z25HA IN-1k, IN-2k2]| label name= O|- 23l A pre-training?t Z

SFH IN-1k pre-trained model2| s 2L H £ A2 =225}

CIFAR-1001}
2t2E 7| &0 AFR

Q |-J

[ ]
¥

pre-trained Syn. images amount pre-trained Syn. images amount
Data K9 Data o

onIN-1Ik? /¢ 12M 24M 3.6M onIN-1k? | o 12M 2.4M 4.0M
(None) 78.83 - - - (None) 69.29 - - -
C100 Syn - 83.90 85.03 85.24 IN-1K Syn - 8798 88.39 -
(None) v 84.50 - - - IN-2K Syn - - 88.57 88.91
C100 Syn v - 84.90 85.32 85.52 (None) Vv - 88.07 - -

Table 8: Results on CIFAR-100 with  Table 9: Results on CIFAR-100 with

downstream-agnostic supervised
training. Backbone: DeiT-S.

downstream-aware supervised pre-training. pre-

C100: CIFAR100.
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Pre-training: Object Detection

PASCAL VOC H|O|E{All0f| CHBH A 2F 2 classification
HF A 9| pre-training 25 50| M E= AS =018

CHEk 3 Xto] 7 O] O] 5tof 4’80l A& dt= cost

pre-trained

Syn. images amount

Pata o IN-IK? | 0 1.2M 2.4M 4.0M

(None) 66.08 - - -
IN-1K Syn - 79.00 80.00 -
IN-2K Syn - - 80.54 80.72

(None) v 81.30 - - -
IN-1K Syn v - - 8178 -
IN-2K Syn v - - 81.87 81.91

Table 10: Results for object detection on PAS-
CAL VOC with downstream-agnostic super-
vised pre-training, all results are reported in

APs5.

Classification2| 0l object detection?| pre-training2L 2= 450| A E|=X|

O]

OI-

AN

J|'0P

Py

3 A1 9| pre-trainingdt self-supervised learning

SIA=.
31 84481 cost CHH] OFES H|Z 8T Q.
Data pre-traine{d Syn. images amount
onIN-1k? | o 12M 2.4M 4.0M
(None) 66.08 - - -
IN-1K Syn - 81.55 82113 -
IN-2K Syn - - 8222 82.29
(None) v 82.44 - - -
IN-1K Syn v - - 8247 -

Table 11: Results for object detection on PAS-
CAL VOC with downstream-agnostic self-
supervised pre-training (Moco v2), all results
are reported in AP5.
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Prompt, Generate, then Cache:
Cascade of Foundation Models
makes Strong Few-shot Learners

Renrui Zhang*, Xiangfel Hu* et al.

Shanghai Artificial Intelligence Laboratory, The Chinese University of Hong
Kong, University of Chinese Academy of Sciences

CVPR 2023



Motivation: Cascade of Foundation

odels

- AR ChAot A O = pre-training £/ O U= foundation 2 & 0| EXH5H=H,
CH =t S £ A}

| J I E FO data-scares settingsO| A classification 82 =
GPT-3 CLIP DINO DALL-E
What a dog looks like? |( . r » conitrasi \I I( " q \l
( generate | : ‘\ I | ‘ ; > contrast | ‘/
a  dog  looks like... |\ a  photo of | a dog-./}l I\i‘ _‘_ - -/}I generate
Language-contrastive Vision-contrastive
Knowledge Knowledge

- &

Language-generative
Knowledge

Vision-generative
Knowledge

a  dog looks like...

Figure 1. The Cascade Paradigm of CaFo. We adaptively incor-
porate the knowledge from four types of pre-training methods and

achieve a strong few-shot learner.
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Prompt with GPT-3

« CLIP text encoder0f] 20{Z YUH= ':._f—’v._‘- | “a photo of a {label}’ S22 MM U= prompt=E H}
= 0| OtL| 2t GPT-3E 0| 2310 Z} label nameOf| CHSHA] rich®t description2 PtE+= 1HY.

« MMEl py2 CLIP text encoderOfl E0{7tA] valuesZ AFE EICt (CLIPey (Py)).

|t (1) Prompt
| cat_ dog penda_rabbit
N Created Prompts: Py
What a [CLASS] looks like? ( ____________ \
How can you identify a [CLASS]? A dog typically has four legs, | -
L | a tail, and pointy ears... | PN _ GPTB(CommandS)
A caption of an image of a [CLASS]: | |
| A doglooks like a four legged |
‘ | mammal with fur. | + “What a [CLASS] looks like?’
—» | Adoglookslikea quadruped | . “How can you identify a [CLASS]?”
mammal with furry skin... “ . . ”
: ,' « “Acaption of an image of a [CLASS]:
N o e o e e —

GPT-3

Figure 2. Prompt with GPT-3 [4]. As the first step in CaFo, we
utilize the pre-trained GPT-3 to produce prompts with rich linguis-
tic semantics for CLIP’s textual encoder.
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Pratt, Sarah, et al. "What does a platypus look like? generating customized prompts for zero-shot image classification." arXiv. 2022.



Generate via DALL-E

. Zero-shot, few-shot classification0| Al Ms SFAM S

|5l IsSyntheticDataX{ & O|O|X| & M -d35I0{ G| O|H (2) Generate
Aol 3712 LA, .
N N Training Categories PR E—
. “aphoto of a [CLASS]’2| HEHZ AHZ FUSH, r____’__]___l (r
N-way K-shot problem= N-way (K + K’)-shot | _cat dog pands rabdit |
problem2 £ HHY QALY ~

a photo | of a [CLASS].
« Data expansionO|2t11 &= £ 2 totally zero-shot.

Ty -
In(k+x") = \DALLE (Ty), Iy k } > j[ —

DALL-E e

Generated Images

1
| |
I |
I |
I |
I T
N |
| |
! |
! |
I |
| |




Cache by CLIP and DINO

. M4 =l 0|0|X| 2t few-shot setting2| training O| 0| X| =2 Tip-AdapterOf| A TIgat 24 M & cLIipat
DINOO|| 2|3l cache I CF.

(3) Cache
K’ I
‘f_;—_] '(-————] CLIP
| ﬂ o | % o |
] on | isua o
| - | Visual (" Keys ) Ferip = CLIP;6 (1 N,(K+K’))
B =
L BL_ ]| Fomo = DINO (I )

| e |
: g' : : m : \FDINO ) Lonenot = one — hot label

" | ‘ I
| P | | | Cache Model
] ﬁ | | ‘ | acne voae
I — by )
Generated Images Training Images: IN,K
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Adaptive Inference

- XBHOZ M 7tX| Z3F 9| predicted logitsa A = AL,

* D25 = feLpCLIPext (PW)T, peuie = ¢(feripFéLp ) Lonehotr Poivo = @ (foinoFoino ) Lonehot

* Where ¢(x) = exp(—f(1 — x)) 2! non-linear activation.

O| M= ensembled} | StLEC| ogits & Of'E ZdO|CF,

CLIP Aol M logits
Visual feuip /\ () -
Encoder e % > ?%
FCLIP
LN,K Pzs
FDINO
Test Image ‘l’ l
S ge > F \) ® 5 > X - S
DINO (p . DINO
DINO Cache Model

Figure 4. Adaptive Inference with Cache Model. We regard the test image as a query and retrieves CLIP and DINO’s knowledge from
the corresponding two keys in the cache model. Then, we calculate the distribution similarities between different classification logits for
adaptive ensemble.



Adaptive Inference

e prs= Y AE|SH| IHE0, peLpt poino= p2zsOll projectiondt | reweighting= T4 SHSCE
« OPHX Ol Al Zero-shot CLIP2| logitS 3 A Bl O{L}X| Z3tCt,

Dens = Pzs + a(pcLip - softmax(w)q + ppino - softmax(w)) where w = [pcrip * Pzs, Ppino * Pzsl-

« CLIP, DINOO| $t™E|X| Q0 CHSE cache modeld| CH3HA] adaptive inferenceE TIdia 4= ULt
Ensembling
l 95§
] ¢

Wpino
> | reweight
Ppino

Cache Model

/

Figure 4. Adaptive Inference with Cache Model. We regard the test image as a query and retrieves CLIP and DINO’s knowledge from
the corresponding two keys in the cache model. Then, we calculate the distribution similarities between different classification logits for
adaptive ensemble.
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Performance Comparison on ImageNet

» State-of-the-art performance on few-shot ImageNet1k.

r&ot=0 dE|l= AlZHE Tip-Adapterg MHRE7| T = Of| = C,

Ok

) ImageNet
Models Epochs  Time  Accuracy Gain
Zero-shot CLIP 0 0 60.33 -
o Zero-shot CALIP 0 0 60.57 -
S o Linear-probe CLIP - 13min 56.13  -4.20
= " CoOp 200 14h40min 6295 +2.62
2 Zero-shot CLIP CLIP-Adapter 200  50min  63.59 +3.26
—o— CoO . .
0l X s S8 o Tip-Adapter-F 20 Smin 65.51 +5.18
Tip-Adapter-F CALIP-FS 200 1h 65.81 +5.48
381 —e— CALIP-FS
—e— (aFo CaFo 20 10min 68.79 +8.46

o1 2 4 8 16
Number of training samples per class . . )
& Sampies p Table 1. Efficiency Comparison on ImageNet. We test the train-

ing time with a single A100 GPU under 16-shot setting.
Figure 5. Performance (%) Comparison on ImageNet. We

compare CaFo with other methods for different few-shot settings.



Ablation Studies

02
o
1IN
=

« 2}12}9| pre-trained modelsO]| CHSH A ablation studyS %!

- Adaptive inference®| ablation study Z1t.

Pre-trained Models Shot Method Shot
1 2 4 8 16
CLIP DINO DALL-E GPT3 1 4 16 CLIP 61.36 61.78 62.83 64.04 6553
v 6132 6252 6551 DINO 34.13 3444 41.12 45.01 53.63
v 34.14 4047 53.27 Average 60.70 60.72 60.99 61.47 6197
v v 61.39 63.96 68.08 Maximum  61.64 6245 6295 63.60 64.97
:: :; ’ v 23‘%‘;‘ gi'éi 22;? pcup Base.  62.36 6322  64.11 6550 67.40
: : : poino Base.  62.61 6339 6431 65.83 67.73
v v v v 63.80 65.64 68.79 pzs Base. 63.80 6434 65.64 6686 68.79

Table 4. Ablation Study (%) of Cascaded Models. We ablate  Table 5. Ablation Study (%) of Adaptive Inference. We conduct
different pre-trained models on ImageNet with 1, 4, and 16 shots.  different ensemble methods of cache model on ImageNet.
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Generated Number via DALL-E

- M O|0|X| =0 [}2 few-shot classification performance.

DALL-E 1 2 4 8 16
« DALL-EOA MMEot O|O|X[7t =22 E7|0| +2& = Q=2 6329 6406 6511 6648 68.64
=~ XA D MM AIRIS S22 I Ms SkAF 2 63.66 6434 6537 6686 68.79
SEE F IGEUAS0E 43 A= SRE M 35 2 4 63.71 6433 6535 66.75 68.61
O| X}O|7} QI AHL} ZO{ =L}, 8 63.80 6426 65.64 66.68 68.76
16 63.68 64.16 6540 6657 68.41

.MM RUS O 2R 4 Qs W0 Tt Hog &

0o

Table 6. Ablation Study (%) of Generated Number via DALL-
E. We compare different shot numbers on ImageNet.

ImageNet OxfordPets Caltech101

Tench Great White Black Swan  Toilet Paper

Shark Ant Binocular

Abyssinian Beagle

Real

DALL-E

Quialitative results of the generated dataset via DALL-E.
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Conclusion

« CLIPZ &5l zero-shot classification= 2 4= 11, adapterg 2-&5IH zero-shot0f| A 2| 45 3t
2F ¢10| few-shot2 st& 5= UL
- Synthetic data= zero-shot, few-shot classification0i|A] 72|02t d5 &= B0 FAX| T fully su

pervised learning®| 7t7t% & =5 Z1}7} O|0|StC},

« Transfer learning= ¢ 2t pre-training2 £ AIEE = 50| ImageNetlk pre-trained?t H| ==t &
T2 ®o|0fst H|O|E{O|LCF,
- Synthetic data2| =0f| [} & d& &2 45| O|0[ALCt.
£ €0|F M, 2-shot O|F 2 & 1}7} O|O|SkRALE,
(@)

AEotH ds= =izt

« CaFo2| 4% synthetic data

mot

« CaFoXN & LCtst foundation model= P = QICE,
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Conventional Recipe: Hyper-parameters

 Hyper-parameter search
« CtYDt hyperparametersO| CHSHA{ multiple models& &t& 9Lt
« 71 % validation setO M 7} =2 452 20Ol otLte| mEar MEdS 1 LIHX|
« Ensemble
« LC}¥ot hyperparameters= &2 CHAoH R EIS0f| CiSHAM 25 inferences %

« Z}2+O] modelsO| Al LE2 logits= averagedtO| £|F logit2 Al 4AHSHCE.

o
rot

Image Classification on ImageNet

Leaderboard Dataset

BASIC-L
1 91.1% 2440M
(Lion, fine-tunec 1)
CoCa (finetuned) =
8d
NASNET-A(6)
152,
Model soups (BASIC-L): 90.980 CoCa
2 91.0% 2100M
5 (finetuned 1)
]
g
8
Model
3 odelsoups 90.98% 2440M

(BASIC-L)

Other models State-of-the-art models

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

= c} 2

Ct.

2023

2022

2022
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Conventional Recipe: Pre-training and Fine-tuning

* Linear probing before Fine-tuning (LP-FT)

e Zero-shot initialization can be used with CLIP/ALIGN text encoder.

Pretraining (a) Fine-tuning (b) Linear probing (c) LP-FT
Feat Randoml Backprop Backprop IMitialize Backprop
i:t?a.?;;'sfo% ?s;:.ﬁ;";g'@.._ 7 e, O
head head
% RGN RN Frozen Fegres QQ
Inputs OOO OOO OOO
ID test 85.1% 82.9% 85.7%
OO0D test 59.3% 66.2% 68.9%

Average accuracies (10 distribution shifts)

Figure 1: Given a good feature extractor (top-left), a randomly initialized head is added to map features
to outputs and we can (a) fine-tune all the model parameters or (b) linear-probe, which freezes the feature
extractor and trains only the head. We run experiments on ten distribution shifts. Fine-tuning does well when
the test example is sampled from the fine-tuning distribution (ID), but can underperform on test examples
sampled from OOD distributions (when the distribution shift is large). (c) Our theory indicates that fine-tuning
can distort the pretrained feature extractor and lead to poor OOD accuracy, but initializing with a linear
probed head can fix this—empirically LP-FT gets better accuracies both ID and OOD.

(2) Create dataset classifier from label text

e

—

A photo of ol Text 1

a . o EncoderJ

e
— .//

(3) Use for zero-shot prediction v v v v
T T, T3 TN
image | I LTy | Ty | T 1T
I Encoder —>» L rh | -l (41 "IN

A

A photo of
a

Zero-shot initialization of CLIP

Kumar, Ananya, et al. "Fine-tuning can distort pretrained features and underperform out-of-distribution." ICLR. 2022.

Radford, Alec, et al. "Learning transferable visual models from natural language supervision." ICML. 2021.
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Fully Supervised Learning:
Weight mixing approaches




Averaging

- DA IISKEE Exd

odel Weights: Same Optimization Trajectory
=

LH O] ensemblel| 21 Y= A2 Inception-v3FE AFE =l HHE

°
[
.

« EMAS| HEZ =2 A2 L, GANO|L} Diffusion modelHA = QHHE Ol ANE A7 Qo S A =L}

- 522 229 ItSK|S

O| 7I=X|E HA L{Of EE*'OI varianceS

8. Training Methodology

We have trained our networks with stochastic gradient
utilizing the TensorFlow [1] distributed machine learning
system using 50 replicas running each on a NVidia Kepler
GPU with batch size 32 for 100 epochs. Our earlier experi-
ments used momentum [ 9] with a decay of 0.9, while our
best models were achieved using RMSProp [21] with de-
cay of 0.9 and € = 1.0. We used a learning rate of 0.045,
decayed every two epoch using an exponential rate of 0.94.
In addition, gradient clipping [14] with threshold 2.0 was
found to be useful to stabilize the training. Model evalua=
tions are performed using a running average of the parame-
ters computed over time.

EMA in Inception-v3

o L= “*E%Z = & Yot optimization trajectory®f| =A{ot= 2=

ZQICt. E.g., EMA, SWA, SGDR, etc.

NN,

s
=

Algorithm 1 Stochastic Weight Averaging

Require:
weights 10, LR bounds o, as,
cycle length ¢ (for constant learning rate ¢ = 1), num-
ber of iterations n
Ensure: wswa
w 4 w {Initialize weights with @}

Learning rate

Wewa < W S0
fori« 1,2,...,ndo 53
a (]5( ) {CdlCl]lth LR for the iteration} L
w 4— w — aV L;(w) {Stochastic gradient update} 2

. . 0 1c 2c 3c 4c
if mod ('2,, C) = U then iteration number
Nmodels +— /¢ {Number of models}

Wewa W {Update average} Figure 2: Top: cyclical learning rate as a function of
models

end if ) iteration. Bottom: test error as a function of iteration
for cyclical learning rate schedule with Preactivation-
ResNet-164 on CIFAR-100. Circles indicate iterations

end for
{Compute BatchNorm statistics for wgws weights}

corresponding to the minimum learning rates.

Stochastic Weight Average

Szegedy, Christian, et al. "Rethinking the inception architecture for computer vision." CVPR. 2016.
Izmailov, Pavel, et al. "Averaging weights leads to wider optima and better generalization." UAI. 2018.
Loshchilov, llya, and Frank Hutter. "Sgdr: Stochastic gradient descent with warm restarts." ICLR. 2017. 46



>
<
(D
-
QO
<
-
Q
<
o
Q.
®
P
Q
=
—
n
-,
=
@D
-
D
-
—t
O
O
=
=
N
QO
=
o
-
—]
-
2
(D
O
e
o
-
<
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Nagarajan and
Kolter, 2019

« Same hyperparameter configuration with the same random initialization, but different data order.

LeNet (MNIST) ResNet-20 (CIFAR-10) VGG-16 (CIFAR-10) ResNet-50 (ImageNet) Inception-v3 (ImageNet)
100 100 100 100 100

~ 80+ ~ 801 ~ 801 ~ 80+ — 80
3} 60' 2\ 60‘ 2“ 60' a~, 60' b 60'
Z 40 2 40 5 407 § 40 RN
w w wl o w

= 201 =20 =20 = 20 = 20

0 l T T T T T T 0 A T T T T T 0 L T T T T T T 0 L T T T T T T T T O I A N S S S S ——
0 25 100500 2K 10K 0 100 500 2K 10K 0 25 100500 2K 10K 0 4 8 1216202428 0 4 81216202428
k in Iterations k in Iterations k in Iterations k in Epochs k in Epochs
=—#— Test Error =% Train Error

Figure 3. Linear interpolation instability when starting from step k. Each line is the mean and standard deviation across three initializations
and three data orders (nine samples in total).

Nagarajan, Vaishnavh, and J. Zico Kolter. "Uniform convergence may be unable to explain generalization in deep learning." NeurlPS. 20109.
Frankle, Jonathan, et al. "Linear mode connectivity and the lottery ticket hypothesis." ICML, 2020.

=3 MNISTE M| 2|5t = 25 optimization trajectoryE 25| 396X| UUS ], weightS

Frankle et al.,
2020
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Robust fine-tuning of zero-shot models

Mitchell Wortsman*, Gabriel llharco* et al.

University of Washington, OpenAl, Columbia University, Google Brain,
Allen Institute for Artificial Intelligence, Toyota Research Institute

CVPR 2022



Distribution Shift

ImageNet-V2: a reproduction of the ImageNet test set with distribution shift
ImageNet-R: renditions (e.g., sculptures, paintings) for 200 ImageNet classes
ImageNet-Sketch: which contains sketches instead of natural images

ObjectNet: a test set of objects in various scenes with 113 classes overlapping with ImageNet

ImageNet-A: a test set of natural images misclassified by a ResNet-50 for 200 ImageNet classes.

ImageNet (Deng et al.) ImageNetV2 (Recht et al.) ImageNet-R (Hendrycks et al.)
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Robustness of CLIP

- Robustness: input distribution0f| CHSt robustness 2 Z 2 label spaceE 7HX| =

= C}= domain2|

O|0|X| =& EFote 8522 robustnessE ST E.g., ImageNetV2, ImageNet-Sketch, etc.

« CLIPZ i 2 OIO|Kidcz

51 52 22 ¥ + ULk

st&el 7| 20| robustness”f CHE

classification 2 2 < 0f H|s{ =+

o« SIX|2t cLIP YAl £ H|OJE{ A0l CHSH fine-tuning2 ZI&S}H robustness 7t HO{ZIC}H

100

Average an 7 natural distribution shift datasets (top-1, %)
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Schematic: fine-tuning CLIP on the reference distribution leads to
higher accuracy on the reference distribution but less robustness
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WISE-FT. Weight-space Ensemble

« Zero-shot CLIP weight2t Fine-tuning2| weightZ interpolationst | ensembles TI&li%t.

Accuracy on the distribution shifts

o N~
(€] o wm

Avg. accuracy on 5 distribution shifts
R85 &8 8 3

L
o

Schematic: fine-tuning CLIP on the reference distribution leads to

higher accuracy on the reference distribution but less robustness
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Schematic: our method, WIiSE-FT leads to
better accuracy on the distribution shifts without
decreasing accuracy on the reference distribution
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WISE-FT. Weight-space Ensemble

Formulate classifier

« f(x,0) = g(x, Venc)TWclassifier where Weassifier € R and 6 = [Venc Welassifier] -

Standard fine-tuning:

« Solve arg;nin{Z(xi,yi)esgf 2(f(x;,0),y;) + AR(6)}.

Weight-space ensembling: For a mixing coefficient a € [0,1],
« wse(x,a)=f(x,(1—a)-6p+a-0,)

« Linear probing®| CHer WiSE-FT+= traditional output-space ensembling2} E 25| & X|
* f(x; 1-a)- O+ a- 91) =(1-a): g(x» Venc)Terro—shot ta- g(x: Venc)TWclassifier
= (1 _a) f(x;HO) +a f(xlgl)
« End-to-end fine-tuning2 & X|= OFL|X|2t, same optimization trajectoryOl| A averaging weight= SF& Zd 1t

AS LIS A OO
Hito s A2 2 |4 + US.



Implementation

« https://qgithub.com/mlfoundations/wise-ft#run-wise-ft

# Load models

zeroshot = ImageClassifier.load(zeroshot checkpoint)
finetuned = ImageClassifier.load(finetuned checkpoint)
theta @ = zeroshot.state dict()

theta_1 = finetuned.state_dict()

# make sure checkpoints are compatible
assert set(theta 8.keys()) == set(theta 1.keys())

# interpolate between checkpoints with mixing coefficient alpha
theta = {

key: (1-alpha) * theta_@[key] + alpha * theta_1[key]

for key in theta_@.keys()

# update the model acccording to the new weights
finetuned. load_state dict(theta)

# evaluate
evaluate(finetuned, args)

Conv, BN, Self-Attention, ... 7t2|X| ¥ 2= layer
Ol CHSH Al parametersE average®tCt.
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Comparison with Individual Fine-tuned Models

« CIYSE hyperparameters£ fine-tuning?t 22+ 2| 4| E ¢ 3 2 Ct weight-space ensemblingO| in-
distribution, robustness 2.5 E £ A& =0lgt &= QUL

Hyperparameter: Hyperparameter:
" Fix learning rate, vary number of epochs o Fix number of epochs, vary learning rate . Hyperparameter: optimizer and regularization
265 265 265
i o b
w w w
c c c
2 x o 2 * s # .
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Figure 3: The robustness of fine-tuned models varies substantially under even small changes in hyperparameters.
Applying WIiSE-FT addresses this brittleness and can remove the trade-off between accuracy on the reference
and shifted distributions. Results shown for CLIP ViT-B/16 fine-tuned with cosine-annealing learning rate
schedule and all models in the top left and top middle plots are fine-tuned with AdamW [61]. Moreover,
regularize to zero-shot appends the regularizer || — 6’0||g to the fine-tuning objective, where 6, are the
parameters of the zero-shot model.
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Results: CLIP trained on ImageNet

Distribution shifts Avg Avg
IN (reference) | IN-V2 IN-R IN-Sketch ObjectNet* IN-A | shifts ref., shifts
CLIP ViT-L/140336px

Zero-shot [82] 76.2 70.1 88.9 60.2 70.0 77.2 | 73.3 74.8
Fine-tuned LC [82] 85.4 75.9  84.2 H7.4 66.2 75.3 | 71.8 78.6
Zero-shot (PyTorch) 76.6 70.5  89.0 60.9 69.1 70T | 734 75.0
Fine-tuned LC (ours) 85.2 75.8 853 H8.7 67.2 76.1 | 72.6 78.9
Fine-tuned E2E (ours) 86.2 76.8 79.8 57.9 63.3 65.4 | 68.6 77.4

WiSE-FT (ours)
LC, a=0.5 83.7 76.3 89.6 63.0 70.7 79.7 | 75.9 79.8
LC, optimal « 89.3 76.9 89.8 63.0 70.7 79.7 | 75.9 80.2
E2E, a=0.5 86.8 79.5 894 64.7 71.1 79.9 | 76.9 81.8
E2E, optimal a 87.1 79.5 90.3  65.0 72.1 81.0 | 77.4  81.9

Table 1: Accuracy of various methods on ImageNet and derived distribution shifts for CLIP ViT-L/14@336px
[82]. E2E: end-to-end; LC: linear classifier. Awg shifts displays the mean performance among the five
distribution shifts, while Avg reference, shifts shows the average of ImageNet (reference) and Avg shifts. For
optimal «, we choose the single mixing coefficient that maximizes the column. Results for additional models

are provided in Appendix C.7.
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Results: Generalization

- ImageNetO| Ofl G| O[H MO M = & 2S5

ImageNet, CIFAR10 CIFAR100 Cars DTD SUN397  Foodl01
Standard fine-tuning 86.2 98.6 92.2 91.6 81.9 80.7 94.4
WIiSE-FT (a=0.5) 86.8 99.3 93.3 93.3 84.6 83.2 96.1
WISE-FT (opt. «) 87.1 99.5 93.4 93.6 85.2 83.3 96.2

Table 2: Beyond robustness, WiSE-F'T can improve accuracy after fine-tuning on several datasets.
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Figure 4: WiSE-FT applied to BASIC-L [77], a ViT-H/14 [21] model pre-trained on JFT-300M [93] and
ALIGN [45)].



Zero-shot and fine-tuned models are complementary

Zero-shot and fine-tuned models are diverse.
o T BEIO| ANVt diverseStX| &S ™M ensemblel| 217t 8l 3.
« Prediction diversity: & 22 9| 0| £0| CIEH & & StLte QY =

« Centered Kernel Alignment Complement: NN representation2| similarityS H| w1 &l= B & ShLY,

I Div. between zero-shot and linear classifier [ Div. between two linear classifiers
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Measure diversity between two neural networks.
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Zero-shot and fine-tuned models are complementary

Models are more confident where they excel.

- Zero-shotd} fine-tuned2| Z1t7} CtE Y average weight2| Z21t7} zero-shot2 L2 ™ Zero-shot
overrides, fine-tuned2| Z1}= 2™ Zero-shot is overridden.
- Margin §: 7t& 2 logitdt & MM Z 2 logit2| X0

« Softmax E1} A| confidenceZ sljAdst &= Q2.

< —
[ . [T
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- 510/ - _ Lo
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Model soupsH A T XM|3| CrE O

An Error Landscape Perspective

* Observation 1.
Acc((l —a) 0y +a- 91) > (1 —a)-Acc(8y) + a - Acc(6,)

- ImageNet 0 ImageNetV2 0 ImageNet-R ImageNet Sketch ObjectNet ImageNet-A

= ] ]

—~ 867 T 8 S — o 27 ?3-

2 84 r OO R M e 887 o4 70 76

o ) ) ‘ 86 - ~ 62 - | ‘ I 74

~— 82 ‘ ‘ 4 | . W 68 72 1

9 4 2 ol ) 604 - |

S| /- 2] | S ol o]

S8/ 721/ - 80 o[ 581 | 64+ A 66

&) 76 T T T T T 70 T T T T T 78 T T T T T 56 T T T T T 62 T T T T T 64 T T T T T

00 025 05 075 10 00 025> 05 075 10 00 025 05 075 10 00 025 05 075 10 00 025 05 075 10 00 025 05 075 10

o o o o} o} o
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(1 —a) - Acc(6y) + « - Acc (0) [Linear endpoint accuracy interpolation baseline]

Figure 6: On ImageNet and the main distribution shifts we consider, linearly interpolating between the
weights of 6y and 61 exceeds the baseline of linearly interpolating the accuracies of the two models for all
a (Observation 1). Moreover, there exists an « for which WiSE-FT outperforms both the zero-shot and
fine-tuned models (Observation 2).
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Model soupsH A T XM|3| CrE O

An Error Landscape Perspective

* Observation 2.
Acc((l —a) -0+ a- 91) > max{Acc(6y), Acc(6;)}

- ImageNet 0 ImageNetV2 0 ImageNet-R ImageNet Sketch ObjectNet ImageNet-A
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Figure 6: On ImageNet and the main distribution shifts we consider, linearly interpolating between the
weights of 6y and 61 exceeds the baseline of linearly interpolating the accuracies of the two models for all
a (Observation 1). Moreover, there exists an « for which WiSE-FT outperforms both the zero-shot and
fine-tuned models (Observation 2).
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Model Soups: Performance

« Model soups2 WISE-FT2| & =& 2 2 additional training cost 20| best individual model £Ct=

M
o
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Figure 1: Model soups improve accuracy over the best individual
model when performing a large, random hyperparameter search
for fine-tuning a CLIP ViT-B/32 model on ImageNet. The uniform
soup (blue circle) averages all fine-tuned models (green diamonds)
in a random hyperparameter search over learning rate, weight-
decay, iterations, data augmentation, mixup, and label smoothing.
The greedy soup adds models sequentially to the model soup,
keeping a model in the soup if accuracy on the held-out validation
set does not decrease.

Method ImageNet acc. Distribution
(top-1, %) shifts

ViT-G (Zhai et al., 2021) 90.45 -
CoAtNet-7 (Dai et al., 2021) 90.88 —

Our models/evaluations based on ViT-G:

ViT-G (reevaluated) 90.47 82.06
Best model in 90.78 84.68
hyperparam search

Greedy soup 90.94 85.02

Table 1: Model soups improve accuracy over the best individual
model when fine-tuning a JFT-3B pre-trained ViT-G/14 model on
ImageNet. Instead of selecting the best model from a hyperparam-
eter sweep during fine-tuning, model soups average the weights
of multiple fine-tuned models. To evaluate performance under
distribution shift we consider average accuracy on ImageNet-V2,
ImageNet-R, ImageNet-Sketch, ObjectNet, and ImageNet-A. Ad-
ditional details are provided by Table 4 and Section 3.3.2, while
analogous results for BASIC (Pham et al., 2021) are in Appendix C.
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Uniform Soup

« 2 ALY primary methods.

« Uniform soup2 2= fine-tuned models 6;2| B2 L0 ensemble model2| weightE Al Attt

Table 2: The primary methods contrasted in this work. Each 6; is a + tes 5. niforn o,

model found through fine-tuning from a shared initialization. Cost £ angs.uniform_soup:

refers to the memory and compute requirements during inference £ o5 path exiet (UILFORLS00P_RESOLTS_FILE):
relative to a single model. All methods require the same training.

0s.remove (UNIFORM SOUP RESULTS FILE)

# create the uniform soup sequentially to not overload memory

for j, model path in enumerate(model paths):

Method Cost print(f'Adding model {j} of {NUM MODELS - 1} to uniform soup.')
Beston val. set  f(z, arg max; ValAcc(f)) - O(1) S,
Ensemble ki J (.00) O(k) T e+ s+ ot o b, I e i
Uniform soup f (:L“, Ly 91—) O(1) it s (k5 v ¢ (L LBELS) + o sonl€) for K, ¢ i <Eate dict itone())
Greedy soup Recipe 1 O(1) Average every parameters
Learned soup Appendix I 0(1) Weight, bias, batch norm, ...

+ Greedy Ensemble
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Intuition: Error Landscape Visualization

« Use zero-shot initialization 6,, and two different fine-tuned models 6, 6,

1.

« N HOo| QoL HHZ Ot 4= Q1 O|X| loss landscape= 2DZ visualization® = AL}

Interpolating the weights of two fine-tuned solutions can get higher accuracy than individual model.
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Figure 2: The solution with the highest accuracy is often not a fine-tuned model but rather lies between fine-tuned models. This figure
shows loss and error on a two dimensional slice of the loss and error landscapes. We use the zero-shot initialization 8y and fine-tune twice
(illustrated by the gray arrows), independently, to obtain solutions &7 and 2. As in Garipov et al. (2018), we obtain an orthonormal basis
u1, uz for the plane spanned by these models, and the x and y-axis show movement in parameter space in these directions, respectively. 64



Related Work: WISE-FT

« WISE-FTO| A|-= robustnessOfl 55} X| 2k, Model soupsOfl A= in-distribution accuracy0ll =2t

« O] % 0| 25}H zero-costE state-of-the-art performances 7| &8 = AUX| 227}
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Same author
Wortsman, Mitchell, et al. "Robust fine-tuning of zero-shot models." CVPR. 2022.




Intuition: Error Landscape Visualization

A s

|2 2 learning rate2 2 St&El fine-tuned modelZt interpolations %3 SHH interpolation &
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Figure J.1: Replicating Figure 2 with a 10x larger learning rate instead of 10x smaller in the second row.

Yyl

66



Intuition: The Advantage of Averaging Solution

2. More uncorrelated solutions may lead to higher accuracy on the linear interpolation path.

ImageNet train loss

6o

0

Figure 2: The solution with the highest accuracy is often not a fine-tuned model but rather lies between fine-tuned models. This figure
shows loss and error on a two dimensional slice of the loss and error landscapes. We use the zero-shot initialization ¢ and fine-tune twice
(illustrated by the gray arrows), independently, to obtain solutions 6; and #2. As in Garipov et al. (2018), we obtain an orthonormal basis
u1, uz for the plane spanned by these models, and the z and y-axis show movement in parameter space in these directions, respectively.
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Figure 3: The advantage of averaging solutions (y-axis) is corre-
lated with the angle ¢ between between solutions, while varying
hyperparameter configurations between pairs enables a larger ¢.
Each point corresponds to a pair of models 61, #> that are fine-
tuned independently from a shared initialization 6y with different
hyperparameter configurations. The angle ¢ between between
solutions refers to the angle between #; — 6y and 82 — 6 (i.e., the
initialization is treated as the origin). Accuracy is averaged over
ImageNet and the five distribution shifts described in Section 3.1.

How about Acc G 0, + %92) — max{Acc(6,),Acc(6,)}?
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One Dimensional Hyperparameter Grids
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Figure F.1: Analysis of 1D hyperparameter grids, where the average of models at the endpoints often outperforms the best individual
model in the grid. In particular, colors and numbers indicate the percentage point improvement obtained by averaging the models on the x
and y axis versus taking the best individual model in the range between them. Results are shown for the CLIP ViT-B/32 model fine-tuned
on ImagNet.
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ced Recipe: Greedy Soup

- M 4S0| EUE B =22 weightS average sl 21 50| 45 ot i T 2 H S XS
= HHES X oteh
- 3™t HWE 23N logit ensemble methodd| CHSH A &= greedy ensemble= 271 &

Recipe 1 GreedySoup

Input: Potential soup ingredients {61, ..., 0} (sorted in

decreasing order of ValAcc(6;)). = best individual model 2

ingredients < {} SSOIoISel e 9B E

for:=1to k£ do

if ValAcc(average(ingredients U {6;})) >
ValAcc(average(ingredients)) then

ingredients < ingredients U {0; }
return average(ingredients)
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Advanced Recipe: Learned Soup

- Learned soup: O| T 7tX|= HH| &S &Yt H[EE average I X| 2, learnable parameter& 0| &

ot0] 4= HlE= 2ot YHE.

- Learned soup (by layer): layer & £ learnable parameter& 3 mixing.

- Additional training cost’t 2%t

n

K
arg min zf g-f xj,z: a;0; |,y
a€R¥, BeR =

j=1

a. mixing coefficients
f: temperature scaling parameter

EnsembleE =7}
inference timeO| Z 2

Table 3: Ablation on multiple methods from Table 2 and their
variants when when fine-tuning CLIP ViT-B/32 with the random
hyperparameter search described in Section 3.3.1. For “Greedy
soup (random order)”, we try three random model orders when
running the greedy soup procedure (by default, models are sorted
by decreasing held-out val accuracy). The “Learned soup” and its
variants are descried in Appendix I. The best in best individual

model refers to ImageNet accuracy.

ImageNet Dist. shifts
Best individual model 180.38 47.83 |
Second best model 79.89 43.87
Uniform soup 79.97 51.45
Greedy soup [81.03 50.75 |
Greedy soup (random order)  80.79 (0.05)  51.30 (0.16)
Learned soup 80.89 51.07
Learned soup (by layer) 81.37 50.87
Ensemble 81.19 50.77
Greedy ensemble 181.90 49.44 |
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Ensemble Comparison

 Ensemble performance2} Model soups performance+= correlated=| 0] U=
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Figure 4: Ensemble performance is correlated with model soup performance. Each point on the scatter plot is a model pair with different
hyperparameters. The x-axis is the accuracy when the weights of the two models are averaged (i.e., the two model soup) while the y-axis
is the accuracy of the two model ensemble. Ensembles often perform slightly better than soups on ImageNet (left) while the reverse is true
on the distribution shifts (right). Each model pair consists of two random greed diamonds from Figure 1.



Experiments: ImageNet and Distribution Shift

« Real and ObjectNet G| O] E{ Al 0f A{ Tt test accuracy?| &2 2 Greedy soupE Lt £E2 49
individual modelO| =X} O] &= 222 M= CHE &Y.

* =, Model soups= O|&otH 7|E0| EXfotEH HALEL H E2 ZE20| Mz ST A,

Table 4: Greedy soup improves over the best individual models obtained in a hyperparameter sweep for ViT-G/14 pre-trained on JFT-3B

and fine-tuned on ImageNet, both in- and out-of-distribution. Accuracy numbers not significantly different from the best are bold-faced.

Statistical comparisons are performed using an exact McNemar test or permutation test at « = 0.05. Avg shift accuracy of the best model
on each test set is the best average accuracy of any individual model. Analogous results when fine-tuning BASIC-L are available in

Appendix C.
| ImageNet | Distribution shifts |
Method | Top-1 Real Multilabel | IN-V2 IN-R IN-Sketch ObjectNet IN-A | Avg shifts
ViT/G-14 (Zhai et al., 2021) 90.45 90.81 —| 83.33 - — 70.53 — —
CoAtNet-7 (Dai et al., 2021) 90.88 - - — - - - — —

Our models/evaluations based on ViT-G/14.:
ViT/G-14 (Zhai et al., 2021) (reevaluated) | 90.47 90.86 96.89 | 83.39 94.38 72.37 71.16 89.00 82.06

Best model on held out val set 90.72 91.04 96.94 | 83.76 95.04 73.16 78.20 91.75 84.38
Best model on each test set (oracle) 90.78 191.78 97.29 | 84.31 95.04 73.73 79.03 | 92.16 84.68
Greedy ensemble 90.93 91.29 97.23 | 84.14 94.85 73.07 77.87 91.69 84.33
Greedy soup 90.94 91.20 97.17 | 84.22 95.46 74.23 78.52 92.67 85.02

58 ViT-G/14 models fine-tuned on ImageNet
Varying learning rate, decay schedule, loss function, minimum crop size, RandAugment, mixup, and CutMix.
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Experiments: Additional Fine-tuning Dataset
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Figure G.1: Model soups improve accuracy when fine-tuning on the diverse classification tasks WILDS-FMoW (Koh et al., 2021; Christie
et al., 2018) and WILDS-iWildCam (Koh et al., 2021; Beery et al., 2021). Results are shown for the CLIP ViT-L/14 model and a random
hyperparameter search over learning rate, weight-decay, iterations, data augmentation, mixup, and label smoothing.
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Figure G.2: Fine-tuning a CLIP ViT-L model on CIFAR-
10 (Krizhevsky et al., 2009) with the random hyperparameter
search described in Section J.2.1. The y-axis displays accuracy
on CIFAR-10.1 (Recht et al., 2019), a reproduction of CIFAR-10
with a distribution shift.
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Experiments: Additional Pre-training Dataset
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Figure G.4: For a CLIP and ImageNet-22k pre-trained ViT-B/32 model, we use the best hyperparameters found by the hyperparameter
sweep to fine-tune multiple times, varying only the random seed. For an experimental budget of 1 < k < 5 models, we show: (i) the
individual model with random seed k, (ii) the model soup composed of models with random seeds 1 through %, and (iii) the ensemble
composed of models with random seeds 1 through k.

Figure G.3: Fine-tuning on ImageNet, using a ViT-B/32 (Doso-
vitskiy et al., 2021) pre-trained on ImageNet-22k (Deng et al.,
2009).
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Experiments: Fine-tune BERT and T5 on GLUE Benchmark

« Image classification?t&2| Z1tE E 0 FX[= ZSI U X| Bt Greedy soup= BERT2t T50] CHSHA| =
best individual model 2Lt =2 ds52 20 F QLY.

Table 5: Performance of model soups on four text classification datasets from the GLUE benchmark (Wang et al., 2018).

Model Method MRPC RTE CoLA SST-2
i Best individual model 88.3 61.0 59.1 92.5
BERT (Devimetal,, 20190) 5/ 0c4y soup 883 +0.0) 61707 591000 93.0 (0.5
Best individual model 91.8 78.3 58.8 94.6
T5 (Rafel et al., 20200) Greedy soup 92.4 (+0.6) 79.1 (+0.8) 60.2 (+0.4) 94.7 (+0.1)

Fine-tune 32 models for each dataset

Varying learning rate, batch size, number of epochs and random seed.
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Analytically Comparing Soups to Ensembles

- = EH g,, 0,0 Tt soup= A ZSH E AT
c 0,=(1—a)-6y+a-0,
a (X)) =0 —-a) f(x;60) +a-fx;61)
* erry = E, 1 [arg imaxfl-(x; 0,) + y]: 6,2 o2&

. err,= Ol 27hs8 HERE LIEFLH 7| ?|5H cross-entropy loss2t g-calibration= O & 2.
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Analytically Comparing Soups to Ensembles
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Figure 4: Ensemble performance is correlated with model soup performance. Each point on the scatter plot is a model pair with different Figure K. 1 Validation of the analytical approximation (1) for the performance difference of 2 2-model soup and ensemble, Each marker
on the scatter plots represent a different choice of endpoint models (¢, ¢, ) and interpolation weight . In every scatter plot, the vertical

.hvyperparameters‘ The z-axis is the flccuracy WF‘len the' weights of the FV_VO models are averaged (i.e., the two model SO_UP) while th‘e %{'a’“s axis shows the true performance difference between the soup and ensemble (in loss for the left and center panes, and error for the right
is the accuracy of the two model ensemble. Ensembles often perform slightly better than soups on ImageNet (left) while the reverse is true pane), where a positive value indicates the ensemble is better. The horizontal axis shows our approximation for the loss difference. The

on the distribution shifts (right). Each model pair consists of two random greed diamonds from Figure 1. top row shows results with inverse temperature 3 chosen to calibrate the soup, and the bottom row shows results for 3 fixed to 1.

Empirically comparing Validation of the analytical approximation



Conclusion

- WeightZ averagedt= A2 85 T2 7|H2 = Xt ALEE[QULC

- S22t optimization trajectory0| A 2| weight ensembleXf pre-training and fine-tuning®l| A1 2| weight
ensemble= H| =S| A| &=Lt

C}.

£Q

« WIiSE-FTE 0|83} CLIPO| robustnessS S Xt =

« Greedy soup2 best individual model 2Ct 2 M52 7| S35} SC}.

 with no extra training and no extra compute during inference.

» ThE3t Uniform soupe 28240 20| 22 d&52 7|5€ M, best individual model 2Lt =2 €&
= 7|5 = AUALCL
- 2 AAO| A2 high learning rate= A| 2%t uniform soupl| Z21HE Sl =g = ALY

« S}X| 2t Model soups?| H& &2 large, heterogeneous pre-trained modelO|A] T2 ZHEE| QA0
ImageNet-22k pre-training®l| A 2F St 2t = marginalet d& a2 20 F AL

Guo, Chuan, et al. "On calibration of modern neural networks." ICML. 2017.



