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* Rich feature hierarchies for accurate object detection and
semantic segmentation, CVPR 2014 (citation over 1.5w)

* Decaf: A deep convolutional activation feature for generic
visual recognition, ICML 2014 (citation over 4k)
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Tutorials > Transfer Learning for Computer Vision Tutorial

1.6.0

Q. search Tutorials
Run in Google Colab ' Download Notebook O View on GitHub

PyTorch Recipes

TRANSFER LEARNING FOR COMPUTER VISION

See All Recipes

ag fc _ ( [ new fc } \
conv?3 cony3

IMAGENET [ Pretrain ) ¢ } e | <
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MiDaS o s ntsnet @ 1o
The MiDaS v2.1 model for computing relative depth classify birds using this fine-grained image classifier
from a single image.
Silero Speech-To-Text ... @512 Silero Language Classi... 097

. .
A set of compact enterprise-grade pre-trained STT @D SI Iero Pre-trained Spoken Language Classifier @D SI Iero
Models for multiple languages.
Silero Number Detector @97 Silero Voice Activity ... ©97

. .
Pre-trained Spoken Number Detector @D SI Iero Pre-trained Voice Activity Detector @D SI Iero

All Research Models (37) >

e https://pytorch. org/hub/

AlexNet
VGG

ResNet
SqueezeNet
DenseNet
Inception v3
GooglLeNet
ShuffleNet v2
MobileNetV2
MobileNetV3
ResNeXt
Wide ResNet
MNASNet

e https://pytorch. org/vision/stable/models. html
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distilbert-base-uncased
3 Fill-Mask - Updated Dec 11,2020 14,306k

cl-tohoku/bert-base-japanese-whole-word-masking
) Fill-Mask - Updated Jan25 - 4,013k

x1lm-roberta-base
B3 Fill-Mask - Updated Dec 11,2020 - 2,377k

bert-base-cased
) Fill-Mask - Updated Dec 15, 2020 1,998k

gpt2
[ Text Generation - Updated Dec 11,2020 - 997k

roberta-large
@ Fill-Mask - Updated Dec 11,2020 - 854k

roberta-base
) Fill-Mask - Updated Dec 11,2020 - 772k

roberta-large-mnli
:% Text Classification - Updated Dec 11,2020 - 634k

£ sentence-transformers/distilbert-base-nli-stsb-m..

Updated Aug 31,2020 - 597k
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Tl Sort: Most Downloads

bert-base-uncased
B Fill-Mask - Updated Dec 11,2020 14,266k

£ jplu/tf-xlm-roberta-base
B Fill-Mask - Updated Dec 11,2020 - 3,236k

bert-large-uncased
B Fill-Mask - Updated Jan 13 - 2,196k

bert-large-cased
B Fill-Mask - Updated Jan13 - 1,791k

distilbert-base-uncased-finetuned-sst-2-english
=3 Text Classification - Updated Feb9 - 860k

@ valhalla/t5-small-ga-qg-hl
55 Text2Text Generation - Updated Dec 11,2020 - 778k

facebook/bart-large-mnli
3 Zero-Shot Classification - Updated Dec 11,2020 - 704k

t5-base
%A Translation - Updated Dec 11,2020 - 618k

8° microsoft/BiomedNLP-PubMedBERT-base-uncased-abst..

Updated Aug 8,2020 - 566k

e https://hugegingface. co/models
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classification classification
classification  regression

vision . . .
contrastive  classification
contrastive regression

language LM classification
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* Problem Setup
* M pre-trained models {®m }m=1 with a dataset D = {(wi,yi) }ie1
 Ground truth transfer learning performance {Tm} -1

« Assessment score {Sm }m=1
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« BUETCE A >
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» Kendall Tau & %X
2

T =

sen(T; — T:)sgn(S; — S
M(M—1>1 i<z< ( .7) ( ])

e sgn PAECEUIEL /-1 B

o JBFEXT: sen(T; — Tj)sgn(S; — Sj) =1

Wi g%, sgn(T; — T;)sgn(S; — ;) = -1
e1=1: S$;>8; — T,>1; (perfect)
ct=-1: §,>8; < T, <T; (bad?)

. —ﬁ;%ﬁé , Si>S; = T; >Tj (with probability
« HAHIEM: consistently 7=1

* Nt Kendall Tau £ %X
* RIESEHTRHI(T,S)X

Si; > S; NS; islarge = T; > T} (with probability >

T+ 1
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fc
conv3 ) f @@= vy
IMAGENET | Pre-train > .y
conv2
< LogME
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p(0IF) = [ pwp(ulF.w)du

o R Nevidence

likelihood *prior

* posterior = evidence



 evidence p(y|f, a, )

p(y|F, o, B) = / p(wla)p(y|F, w, B)dw
_ / p(wla) [[ p(wil iy, B)dw
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 evidence p(y|f, a, )

L(a, B) = logp(y|F, a, B)

D
= glogﬁ-l- Eloga— glog27r
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Algorithm 1 LogME HEEZE  O(KD?+nKD?)
1: Input: Pre-trained model ¢
Target dataset D = {(x;,vi) }i 4 Sof T8 L U

2: Output: logarithm of maximum evidence (LogME) D~ 10%.n ~ 10*. K ~ 103

3: Extract features using pre-trained model ¢:

F e RYP, f; = ¢(x;), Y € R*K THE K #1012
4: Compute SVD FTF = Vdiag{c}VT CPUJII* GHz
5: fork=1to K do T B[R] 2] 103F0
6: Lety=Y® e R initializeaa =1,8=1
7:  while «, 8 not converge do N2
8: Compute v = Zil af_‘;a , A = diag{(a+fo)} e
9 Naive: A = al + BFTF,m = BA~'FTy EESIET

10: Optimized: m = 5(V(A_1(VT(FTy)))) SEOATRE PRI, AR FERI
11: Update o <~ ——, 8 < ”F%ng

12:  end while

13:  Compute Ly, = = L(c, 8) using Eq. 2

14: end for

15: Return LogME + Y"1 | £,
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Algorithm 1 LogME T R 20
1: Input: Pre-trained model ¢ AT RIS fE, SR I

Target dataset D = {(x;,y;)} 1,

~ 103 n ~ 104 K ~ 103
2: Output: logarithm of maximum evidence (LogME) D = 10°,n ~ 10% K ~ 10

3: Extract features using pre-trained model ¢: IR TT: o M H BT o0 i 45 R
nxD R ) nx K
FeR™P, fi=¢(x;),Y €R A = diag{(a + Bo)}

4: Compute SVD FTF = Vdiag{o}VT . -
5: fork =1to K do A=al +BF"F=VAV

6: Lety=Y® e R initializeaa =1,8=1 At =vA~tvT
7:  while o, 3 not converge do _ _
pnotcomvergedo AT ETy = (VAT (VT ()
8: Compute y = > A = diag{(a+ o)}
9

=1 a+pBo;’
i - AT B PR 1
Naive: A = al + BF"F,m = A 'FTy . LT
10: Optimized: m = B(V(A~1(VT (FTy)))) e e e B S == R

. n— \ N > N — N
11 Update o & o0, B+ ey R B 2P MY Y 7RI = IR T
12: end Whlle Complexity per for-loop Overall complexity
13:  Compute Ly = %E(a, B) using Eq. 2 naive O(D® + nD?) O(KD® + nK D?)

14: end for optimized O(D? + nD) O(KD? +nKD + D?® +nD?)

15: Return LogME % Zszl L
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A ResNet-50 @® DenseNet-201
d)p <« ResNet-101 = Inception vl
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Pre-trained Network Alrcraft dSprites
Accuracy (%) LogME MSE LogME
MoCo V1 81.68 0.069 1.52
MoCo V2 84.16 0.047 1.64
MoCo 800 86.99 0.050 1.58
Tw: 1.0 Tw: 1.0
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MNLI (1.00)
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QQP (0.73) QNLI(1.00)  ~ SST-2(1.00) CoLA (1.00) MRPC (0.53) RTE (1.00)
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T

Wall-clock time (second) Proportion
fine-tune (upper bound) (1.61 £ 0.06) x 10° 1000%o
extract feature (lower bound) 37.31+0.6 0.23%o0
LEEP (Nguyen et al., 2020) 37.3+0.6 0.23%o
NCE (Tran et al., 2019) 37.5+0.6 0.23%o0
LogME (naive implementation) 839.8 + 5.6 5.22%0
LogME (optimized) 50.4 + 0.7 0.31%o
» LEEP/NCEFEI 1L T 7, (H2 AR & AV

e LogMERfa] B 53, AR, (H2FEm K
e AL Z JG W LogME, FERFEEIE 5

o RNE|—pp
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o 2 BEAR I
e torch, numpy, numba
o WERUFRFAECAIBRIEY
o VEIE A ZRIHA M, 3Ry ZREEL, BBy &N

i R EI n] 15 8] score
o R#Escore K/NGEFEm B TR ZRE A (LogMEs: RIIAEAY)

def LogME(f: torch.Tensor, y: torch.Tensor, regression=False):

:param f: [N, F], feature matrix from pre-trained model
:param y: target labels.
For classification, y has shape [N] with element in [0, C_t).
For regression, y has shape [N, C] with C regression-labels
:param regression: whether regression
:return: LogME score (how well f can fit y directly)

https://github.com/thuml/LogME/blob/main/LogME.py
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https://github.com/thuml/LogME/blob/main/LogME.py
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