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Transfer Learning for SOTA

e Train on large upstream data set, fine tune on smaller downstream data set,
e Unsupervised / supervised pre-training is a popular recipe.

o Language (BERT, GPT-3), Vision (CLIP, VIT), Speech (wav2vec), RL?
e Why not train downstream data set from scratch?

o Slower convergence

o Worse generalization
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Common Transfer Learning Recipes

e LINEAR: Only train a new classification head
o Cheap to run and store
o Suboptimal performance
e FINE-TUNING: Pretrained feature extractor is tuned together with the head
o High cost of running and storing for each task.
m Mitigation strategies exist [1,2,3].

o Better performance

Can we have best of both worlds?

1. Parameter-Efficient Transfer Learning with Diff Pruning
2. Parameter-Efficient Transfer Learning for NLP GO g|€ Research

3. Learning a Universal Template for Few-shot Dataset Generalization



Taylor Approximation of Fine-Tuning

Solution after Initial weights
Input sample ﬁnetunlng
Loss function /
OF (z;w)
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Hypothesis
Fine-tuning performance can be matched

using a linear probe on intermediate activations.
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Problems with Extended Feature Set

e Overfitting: When #FeatureDim>>#Samples.

o  Previous work* shows that regularization helps

few-shot transfer when intermediate features

are used.

Method | Aggregation ‘ 5-shot 1-shot
last 76.28 +0.41  60.09 +o0.61

Cls concat 75.67 +£0.41 57.15 +0.61
SUR 79.25 +0.41 60.79 +0.62

e Cost: O(#FeatureDim * #Classes) both memory

and compute.
o  #FeatureDim=1m, #Classes=100: 40GB (float32)
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*Selecting Relevant Features from a Universal Representation for Few-shot Classification



https://arxiv.org/pdf/2003.09338v1.pdf

The Case for Feature Selection

e Assumption: A small subset of features is enough to achieve good
generalization (and less likely to overfit when trained).

e Implication: Inference cost is now O(#FeatureKeptDim * #Classes).
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Head2Toe (H2T) w/ Group-Lasso
- Given a pretrained NN:
ze =he_ Wy 5 hy= f(z0)

Z}J = h, W : h = Concat(al (hl)a a2(h2)7 ey aL(hL))

- Train W_ with group-lasso and select features with
highest 12-norm.

__Head2Toe
|‘/p |2,1 — |S|1 — E |S'L| ; S'L — E w1,23 ,A \__-__—_,/;/ \\_/,'
i v Y]

- After calculating the scores, keep a fraction f of
features and train a linear classifier on the
selected features.
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Selection of Intermediate Features

1D Strided Poolmg ’
e Poolsize is selected per layer

s.t. there are ~T features per
layer.
. 2D Strided Poollng
e Flatten and normalize
features from each layer to

unit-norm.

e Strided pooling to aggregate

features.
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Experimental Setup

- VTAB-1k benchmark: 19 image classification tasks with 1000 training samples each.
- Natural: natural images
- Structured: rendered artificial images
- Specialized: images from non-standard cameras

- Hyper-parameter selection / Validation
- 5-fold cross validation for each method and transfer task separately.
- 2learning rates
- 2 training steps
- 3 regularization coefficients (2 for Head2Toe)
- 3 target feature size

- 3 seeds per task
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Results on ResNet-50

- We match/exceed the fine-tuning results reported in the VTAB paper*.

Natural Specialized Structured
T g 3
= — N = - < S} 2
g 5 z 5% 5 ¥ &8/9 2 € &g 3 9 8 3| _
< < A z 2 o5, Q g ] 2 g = = E E & £ o) ) g
= = i) 2 > 5 < 5 5] 151 2 2 ) A Z Z 9
O @) A = ~ 2 7 ) m & ~ @) @) A M < o % % =
[ ] ® ® ® ® ® ® o ® [ ] ® [ ] o [ ® o ® ® ® [ ]
Linear 485 860 678 848 874 475 344 832 924 733 736 397 399 360 664 404 370 196 255 57.0
+All-£5 447 870 678 842 861 81.1 319 826 950 765 745 500 563 383 655 597 445 375 40.0) 633
+All-¢4 508 886 674 842 877 842 346 809 949 756 747 499 570 418 729 59.0 448 375 408 64.6
+All-45 1 49.1 867 685 842 88.0 844 348 815 949 757 743 483 584 420 744 588 452 378 344 643
Head2Toe 47.1 888 676 856 876 84.1 329 821 943 760 741 553 595 439 723 649 511 396 431 658
Scratch* 11.0 377 230 402 133 593 39 735 848 416 63.1 385 548 358 369 879 373 209 369 421

Fine-tuning 332 846 545 852 79.1 878 166 820 925 733 735 546 637 463 721 948 47.1 350 333 63.6

Google Research



Results on ViT-B/16

- Similarly, Head2Toe matches fine-tuning. +5% if the backbone has option to be tuned.

Natural Specialized Structured
T g 3

= — I = = S

S > S o =i 3 B 2 < [

- = = < = n < o = a) Q A -

% 5 5 z 5|2 % % & 9 B § 2 3 & g 3

< 2 2 T & o 2 £ i~ s & 0 g

= £ B & g £ © E £ & § & B g & 2 2 &

O @) A = ~ 2% 7 O m -7 [ @) O A M £ o % % =

° o © ° o ° e ° ° ° B ° ° ° B ° ° ° ° °
Linear 550 810 536 721 853 387 323 801 908 672 740 385 362 335 557 340 313 182 263 | 52.8
+All-£2 573 870 643 828 84.0 757 324 820 947 797 748 474 578 414 628 466 333 31.0 388 | 61.8
+All-£4 584 873 649 833 846 800 344 823 956 796 73.6 479 577 422 651 445 334 324 384 624
+All (Group) 596 87.1 649 852 854 795 353 820 953 806 742 479 578 407 649 467 33.6 319 39.0] 62.7
Head2Toe 582 873 645 859 854 829 351 812 950 799 741 493 584 416 644 533 329 335 394 ] 633
Scratch 76 19.1 131 296 67 194 23 71.0 710 293 720 316 525 272 39.1 66.1 297 11.7 24.1| 328
Fine-tuning 443 845 541 847 747 872 269 853 950 760 704 715 605 469 729 745 387 28.5 23.8| 63.2
Head2Toe-FT 439 823 535 849 767 865 245 799 959 775 743 680 709 482 724 761 448 321 425 L.650
Head2Toe-FT+ 573 87.1 638 837 848 868 351 802 961 799 741 699 712 478 728 774 459 339 430/ 67.9
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Cost of Head2Toe

- FLOPs cost of H2T consists of three parts:
a. Calculating the representations for all data (fixed)
b. Training W, (~#FeatureDim * #Classes)
c. Validating different fractions: ~18% of (b).
- Storage size of H2T depends on #FeaturesSelected and the bitmap.

Ditiiset F N C FLOPs Size Size
(vs FINETUNING) (vs FINETUNING) (vs LINEAR)
Caltech101 0.010 467688 102 0.009675 0.020750 2.353167
CIFAR-100 0200 30440 100 0.005792 0.025743 2.977301
Clevr-Dist 0.001 467688 6 0.005747 0.000741 1.417419
Clevr-Count  0.005 30440 8 0.000568 0.000092 0.132278
Retinopathy ~ 0.200 467688 5 0.005657 0.020531 47.099634
DMLab 0.020 467688 6 0.005747 0.003011 5.756287 : .
dSpr-Orient ~ 0.200 30440 16 0.005302 0.004183 3.001686 FLOPs Size Size
dSpr-Loc 0.005 467688 16 0.006644 0.002212 1.5876 (vs FINETUNING)  (vs FINETUNING)  (vs LINEAR)
DTD 0.005 1696552 47 0.015823 0.019157
EuroSAT 0.100 30440 10 0.005267 0.001336 0.006295 0.010729 5.674742
KITTI-Dist 0.020 467688 4 0.005567 0.002215
Flowers102  0.100 30440 102 0.001117
Pets 0.002 467688 37 0.003842
Camelyon 0.020 30440 2 0.005220
Resisc45 0.020 467688 45 0.009247
sNORB-Azim 0.002 1696552 18 0.011069
sNORB-Elev  0.050 467688 9 0.006016 Go gle Research
Sun397 0.100 30440 397 0.002
SVHN 0.005 1696552 10 0

Average 0.006295 0.010729 5.674742




Defining a Metric for Task/Domain Affinity

Assumption: If a downstream task is similar to the upstream dataset,

it will achieve better linear performance in a data-limited setting.

DomalnAﬁnlty = ACCLINEAR — ACCSCRATCH

This metric is robust
to different
backbones and
algorithms used to

train it.

Domain Affinity (ResNet-50)
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Head2Toe Improves OOD Generalization
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Head2Toe - Layers vs. Features

- What if we select layers instead of individual features?

- Feature selection works better.
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Importance of Dynamic Adaptation

No single set of features perform best over all tasks.

Features have <20% intersection.

Transfer of Selected Features,

Caltech101
CIFAR-100 [ |

Clevr-Dist
 Clevr-Count 4 =1
O Retinopath
=
(]
% -2
n
(o]
5 2! -3
)
i
L 1 t -4
-5

Caltech101
CIFAR-100
Clevr-Dist
sNORB-Azim
SNORB-Elev
Sun397
SVHN

Intersection of Features

Caltech101
CIFAR-100
Clevr-Dist
Fgle.\/r-Coukr]wt

etinopat
DEALaE\;
dSpr-Orient
dSpr-Loc
DTD
EuroSAT
KITTI-Dist
Flowers102
Pets
Camelyon
Resisc45
sNORB-Azim
SNORB-Elev
Sun397
SVHN

OREXOLVAEZNNCE 2N
oov C_cmcoe<.@o$ ov-ggm%
=0 gg_:,yqygma‘—a_}_\u NS
Lae8asS5s oL v-aol< i
(w]a4 >U Oa = s 0 \mjm
L5207 H ZEC Ed2xA
SV e o D2 mrXg
soYag 3° X8 U oz
v Ux © w %m

Google Research



Bitter Lesson*

Utilizing more layers always improves performance.

Using more features per layer (smaller pooling size) is useful only a subset of tasks (Group-1).
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*incompleteideas.net/Incldeas/BitterLesson.html
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Future Research

- Scaling # candidate features further up.
- Bigger and multiple backbones.
- Better/cheaper/simpler feature selection algorithms.

- Better/simpler feature aggregation functions.

- Applying Head2Toe to different domains.
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Head2Toe Summary

Finetuning performance can be matched or o otBt ettt
exceeded with a special linear probe on @ @
intermediate features.
- This strategy helps most on far transfer tasks. *
- Extracting features from more layers and $* o' %%
features help. @ r i,

- Select features for each task separately.

Thank you for listening!
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