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Motivation & Problem and Label Extrapolation Pseudo-code of SAFLEX
Of Augmentation MethOdS In Contrast, SAFLEX: Algorithm 1: SAFLEX (Cross-Entropy Loss, Single batch).
O LearnS |OW-dimenSiOna| and SOft |abe|S Input: Neural network f (-) : /2,’ — gAK (softma)é applgi{ed on ?utputs) l;Jvith parameters 6, upstream
' I I I I I I . . . ted batch { ("%, y7 %),..., (%%, y% )}, validati tch
Data augmentation is pivotal in enhancing model generalization. o Calibrates weights and labels post-augmentation Dhaten = ¢l ‘;(vi%) " 2 yéﬁ”ﬁ pgfah)y}cgjf;;‘eﬁ“ﬂ emperature
However, its particularly the -  ctrig i - - the eradient veetor for the validation ba batch gy |
’ ’ o Ensures diverse, distribution-consistent augmentation 1 fomputi the gr;dilent vector for the Vahdaggn g;tch Wf(pf“- @ N i
: : : : . ] . 2 fori=1,..., 0 e actual implementation is vectorized.
, Gan sometimes OUtwelgh its benefits. o Avoids |eamlng augmentathnS from scratch 3 Determine the gradient inner product IT; = Vo f (23"8) Vo L(D22" | §) via Jacobian-vector product.
o _ _ 4 Apply Gumbel-SoftMax to get y; = softmax ((IL; + pe,aus + g) /7). where e aus € R* is one-hot
This inherent noise creates a trade-off: Under'augmentatlon may 1 SAFLEX - Reduce sample weight J at y;"'®, and g consists of i.i.d. random variables taken from Gumbel(0, 1).
. . P . J - 1 0.0523 --- 5 Set w; = 1if IT; - y; > 0, otherwise set w; = 0.
yleld insufficient Cha”englng examples’ whereas N 6 Renormalize the sample weights w1, ..., wp to sumto 1.
Expected
can flood the dataset with misleading samples. e g— bt RN | G - 7 return Sample weights wi"®, . .., wy's, and soft labels y1"*, ... y5'.
i Augn:Ie:::tion ] ) = Adjust soft label
in Aug mentations Strength of Augmentation . L:i,' “’:\ L I I E I t
(magnitude, probability, etc.) S Xpe rlmen S
' ' ' ' ' a) Mitigating trade-offs. b) Addressing two types of errors. . : .
challenges. . .- . . : : :
aug .. SAFLEX is a Plug-ln to Training Fra mework SAFLEX improves the performance of popular augmentation techniques like
(1) the o _Of augmented samples z from the original RandAugment and Mixup on eight medical image datasets.
data distribution; ° | o
2 h . | L l aug f d I ( T y) Upstream Augment> (xaug yaug> SAFLEX} ( WAl 22U8 yaug ) Method Path Derma Tissue Blood OCT OrganA OrganC OrganS
( ) the potentla mislabe ng vy O augmente samples. ’ ’ sample weight € [0, 1]’ ’soft label € AK No Aug 0%.34:!:().18 ?i.i4i().f)f) 6‘8.2;81().17 96.81 £ 0.19 ZS.GT:H).‘ZG 94.21 = 0.09 91.5110.1‘2 81.57i0.f)7
RandAug 93.52 +0.09 73.71 £ 0.33 62.03 & 0.14 95.00 + 0.21 76.00 £ 0.24 94.18 +0.20 91.38 + 0.14 80.52 =+ 0.32
SAFLEX
. . . . ! ! 95.11 £ 0.14 76.69 & 0.33 64.32 4 0.18 96.91 £ 0.15 79.63 £ 0.28 95.32 & 0.29 92.10 + 0.21 82.85 =+ 0.42
uestion: Can we efficiently refine augmented samples to ini (w/ RandAug)
Q _ ] y & ] ] p? L;:‘:ﬁi { Model } Al;i:i?:d Mixup 92.98 4 0.19 75.22 + 0.45 66.62 + 0.31 96.28 4 0.23 77.93 + 0.41 94.12 +0.35 90.76 + 0.28 80.99 4 0.21
| Samples
reduce noise and improve model generalization? i SAFLEX 43714+ 0.37 76.94 + 0.51 68.31 £ 0.43 97.21 % 0.35 79.54 + 0.44 95.06 + 0.31 92.73 + 0.53 82.14 % 0.27
Yes, by learning and soft labels using a Upstream Augment SAFLEX ST —-==---%-===-==-== \ R
Pipeline :
I

bilevel optimization approach called SAFLEX! MH Toft Labels M | Refining Augmentations for Tabular Data
1-0.953:- - I :

— Gradient '
Contributions L‘w' | | \ : SAFLEX improves the performance of CutMix across diverse tabular datasets.
amples _H= | A 0 Vemmmmmmmmm e m e m - -

. . . . ‘ 1 Method Model Appetency Arrhythmia Click Credit QASR Shrutime Volkert
(1) Novel parametrization and bilevel algorlthm for learnable [Validation Set NoAug  MLP 49.0340.01 81.53+0.03 52.54 £ 0.04 66.91 £ 0.03 91.84 4 0.02 86.27 £ 0.04 61.14 % 0.05
Juementation _ _ _ CutMix ~ MLP  48.9840.03 81.57 4+ 0.05 52.59 +0.09 73.68 4 0.08 91.87 + 0.02 86.39 % 0.05 61.20 = 0.02
5 ' Bilevel Formulation of Learnable Augmentation SAFLEX 1P 51044009 83.0240.06 52,81 40.06 7461 +0.15 92.69 % 0.13 86.90 £ 0.10 61.51 % 0.05

(w/ CutMix)
No Aug SAINT 78.90 £+ 0.03 83.90 £0.01 65.72 4+ 0.06 79.49 £ 0.05 98.18 £ 0.04 87.53 = 0.04 66.82 £ 0.05
CutMix SAINT 81.05 +0.07 85.32+0.09 65.77 £ 0.04 79.71 £ 0.08 98.61 &£ 0.06 87.61 £+ 0.07 68.23 +0.10

(2) Universally compatible, integrates with various learning

, Transforms learnable augmentation into bilevel optimization
processes and augmentation methods.

. : : o Inner level: conventional model training oN Diain U Daug SAFLEX  SAINT 81.33:£0.14 85.27+0.14 6612 0.09 79.93+ 0.17 98.50 = 0.21 87.93 +0.13 68.91 % 0.17
(3) Empirically validated on diverse datasets and tasks, o Outer level: optimizing augmented samples (sample weights N
boosting performance by 1.2% on average and soft labels) to minimize validation loss £(Dyal, ) Purifying Diffusion-Model-Generated Augments
Proposed MethOd: SAFLEX min £(Dy.g, 0 s.t. 0¢ arg Irb}n L(Dtrain U Daug ; 9,) SAFLEtXC(l:onsistenilyt_imptrovhes_ the performar;(:?ho; all thre.e c:jifflljsior.]f-mc;_del-
aug 0 generated augmentation techniques, across both fine-grained classification
: : : o _ and out-of-distribution generalization tasks.
We propcse SAFLEX (Self-Adaptlve Augmentatlon Vla EffICIent Bllevel ApproaCh Task No Aug RandAug Text2Img InstructPix2Pix Img2Img (w/o finetune) Img2Img (w/ finetune)
Feature Label EXtrapOIatlon) . ! ' 1 — — —_ w/o SAFLEX  w/SAFLEX  w/o SAFLEX w/SAFLEX w/o SAFLEX  w/SAFLEX
hich aut ticallv | h g Reformulate as greedy approach: optimize augmentation and feGaned ™ oA ) j
wnich automatically learns tne | an minimize validation loss after each single update Closp 68,60 0.16 71.26 % 0.52 69.68 & 0.97 71.38 £ 0.91 7234 £0.59 71.25 % 0.86 7322 £0.63 72.01 £ 1.24 7361 £0.78
soft labels of augmented samples provided by any . el bt 00D 719 113 6131272 G153+ 301 6729+ 196 69,92 0.88 70.65 % 1.50 7261 144 7010+ 121 7283£0.92
upstream augmentation pipeline ptin L(Dval, 1) st 0p =611 = - VoL(Dirain U Dangg - 01-1) S
. aug  “t
P o _ Applying to Contrastive Fine-Tuning
Limitations of Existing Learnable Augmentations o Exploit linearity of loss function and gradient computation . .
w.rt samole weights and soft labels SAFLEX enhances the performance of standard image augmentations like
e P g RandAugment when applied to the contrastive fine-tuning.

Existing learnable augmentation methods: directly learn in high- o First-order approximation of validation loss (outer objective)

' ' . . Task Zero-Shot LP-FT FLYP FLYP+RandAug FLYP+SAFLEX (w/ RandAug)
dimensional feature spaces leads to linear programming as ero-Sho andAug (w/ RandAug

o Restricted augmentation scope due to differentiability needs ID o Ensembling o £ 00 A9TE05 522206 524208 D01

C licated traini Theorem 1 (Solution of Eq. (3)). The approximated soft label solution is y = 00D 11.0£0.0 34.7£0.4 356 £ 1.2 36.3 = 1.4 36.9 £1.5
O Omp Icale ra.lmn.g Process OneHot (arg maxy [II]), where OneHot(+) denotes one-hot encoding, and the sample weight so- ID o/ Ensembline 8.7+£0.0 50.2+£0.5 52.54+0.6 52.6 £ 1.0 53.0 £ 0.7
o Limited generalization across tasks lution is w = 1if 31 [T > 0; otherwise, w = 0. ooD VUM 110400 357404 371412 37.6+0.9 37.8+1.1




