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Introduction

Different long-tailed data augmentation paradigms
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(a) Traditional Long-tailed DA
(e.g., CUDA, DODA)

(e.g., AutoAugment)

{c) LLM-driven Long-tailed DA
(e.g., LLM-AutoDA)

(i) based on manually designed human knowledge and experience

(ii) the search space of these strategies is often limited
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(iii) lack flexibility, can not adapt to changes in the data distribution during the training process
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LLM x LTL: Can LLMs Provide DA Strategies for Long-tailed Learning?

CIFAR-100-LT (IR=100)
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Figure 2: Strategy generation paradigm of SimpleLLM. Baselines

Figure 4: Average accuracy (%) on CIFAR-100-LT dataset (Im-
balance ratio=100) with CUDA and DODA. SimpleLLM is com-
parable to the effectiveness of CUDA and DODA when combined
with long-tailed learning baselines.
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Figure 3: Overview of LLM-AutoDA. LLM-AutoDA leverages large-scale pretrained models to

automatically search for the optimal augmentation strategies suitable for long-tailed data distributions.
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Method

Algorithm 1: LLM-AutoDA: Automatic Data Augmentation with Language Models

: Input:

- Long-tailed datasets Dy,qin, Dual

- Pretrained language model £

- Initial data augmentation policies /C

- Long-tailed learning model fy with parameters 6
Output:

- Optimal data augmentation algorithm .A*

- Final model fy

Define task description prompt Py, sk

Define exploration operator prompt template Pg

: Define mutation operator prompt template Py
. Initialize algorithm population {AEO)}?;I = INITIALIZE(L, Piask, K)
. for each generation ¢ do

Eih A ALE
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(AN — SELECT({ A"}V ) {Select parents)
{AV}Y e = EXPLORE(L, P, {A"}1%,, K) {Explore)
{A}2 = MUTATE(L, Pag, (A7}, K) {Mutate)

function EVALUATE(A, fo, Dirain, Dvals €ckps Nft):
fg = FINETUNE(A, fo, Dirain, €ckp, Nyt)
return ACCURACY ( fj), Dyqr) =0

f T A Np 3 Ne e .'m
(AP, = (AP U (AP U (AP

for each A&” do

fimﬁb'-‘-"'gt) = EVALUATE(AEU, Jo, Dtrains Dyat, Eckps th)
end for

: end for
o A* =4, fitness; {Select algorithm with highest fitness}
. return A%, fp

=0

function FINETUNE(A, fo. Dirain, €ckp, Nt ):

Load checkpoint of fy at epoch e,
for e = ecpp to €cip + Nyt do

for each class ¢ do

Age) géf’) _ A(Wge'_l),ng_l),(l(.’(_?ge_l}, AE{c—1)1£é[c—l}, l‘.’)

end for

Train fy for one epoch on Dy,.4p, using {.A.(:eJ ; Sf(:e)} for augmentation
end for
return fp =0
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Strategy Evaluation

Injecting candidate algorithms into the real training process and evaluating
them on the validation set.

Fitnﬁss(faug) - Accvai (F?:netune(fuug: Dtrah‘u Eekp, th}; D'Uai)

function EVALUATE(A, fo, Dtrain, Doal, €ckps Nft):
fg = FINETUNE(A, fo, Dirain, €ckp, Nyt)
return ACCURACY ( fj), Dyqr) =0

function FINETUNE(A, fo, Dirain, €ckp, Nt ):

Load checkpoint of fy at epoch e.xp
for e = ecip t0 €cp + Nyt do

for each class ¢ do

AP €= AWE ™, HE oo™V AF 8 )

end for

Train fy for one epoch on Dy,.4ip, using {.A,(:e),&(:e)} for augmentation
end for
return fy =0
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LLM-based Search Operator

Initialization operator I: Based on the task description prompt Pusk and the knowledge base of
data augmentation K.

Crossover operator E: Building upon Pusk, Np parent algorithms AE”-ﬁ = 1% from the current population
are used as references, along with the incorporation of knowledge base K.

Mutation operator M: Based on Prask, Nm individuals A{ ) _, are selected from the current population,
and local improvement directions are provided.

The prompt Pk of the crossover operator E can be represented as follows:

Yy Np
P Ptas.k {A ”}3 13 ij Df—tm-cr) = Pz‘,u.sk‘|‘R‘€.f({AEﬂ}f:] )+Pk?1o-w(}C)‘l'Pd-iff‘|’Pf01‘m.r.7-t(Dfﬂ.-r1.c}

{A{”} = (PF P?‘a-?.‘i {4{”}: I‘KZ Dfunr))
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Table 1: Accuracy (%) on CIFAR-100-LT dataset (Imbalance ratio={50, 100}) with SOTA DA
methods. Blod indicates the best performance while underline indicates the second best. (+) and (-)
indicate the relative gain.

Method IR =50 IR =100
Head Medium  Tail All Head Medium Tail All

CE [15] 63.9 36.2 15.2 438 (+0.0) 65.6 362 8.2 401 (+0.0
CE + CUDA 68.3 384 137  46.2(+2.4) 70.7 414 93 420(+3.9)
CE + DODA 71.2 40.3 12,6 48.0(+4.2) 74.8 438 10,0 44.5 (+6.4)
CE + SimpleLLM 714 399 13.1  48.0(+4.2) 72.5 449 98  44.0(+5.9)
CE + LLM-AutoDA T2 40.0 14.1  48.6 (+4.8) 74.9 453 9.6 45.0(+6.9)
CE-DRW [5] 60.6 39.0 229 450 (+0.0) 63.4 412 15.7 414 (+0.0)
CE-DRW + CUDA 63.8 48.0 370 52.5(+7.5) 63.5 48.9 25.3  46.9(+5.5)
CE-DRW + DODA 63.4 47.4 389 525(+7.5) 60.2 519 20.6 481 (+6.7)
CE-DRW + SimpleLLM 62.3 494 388 S27(+71.7) 62.1 196 279 475(+6.1)
CE-DRW + LLM-AutoDA 63.1 484 393 528(+7.8) 62.9 50.7 209 487 (+7.3)
LDAM-DRW [5] 63.0 4]1.2 251 47.2(+0.0y 62.8 426 21.1  43.2 (+0.0)
LDAM-DRW + CUDA 66.2 46.2 204 508 (+3.6) 66.0 495 22,1 47,1 (+3.9)
LDAM-DRW + DODA 64.7 46.3 275 50.5(+3.3) 65.4 50.8 25.5 483 (+5.1)

LDAM-DRW + SimpleLLM 65.1 452 273 50.1 (+2.9) 65.7 494 239 475 (+4.3)
LDAM-DRW + LLM-AutoDA  66.7 46.1 274 51.2(+4.0) 66.7 50.1 263 488 (45.6)

BS [33] 603 413 343 479(+0.0) 596 423 237 428 (+0.0)
BS + CUDA 63.6 484 373 52.7(+4.8) 625 491 294 47.9(+5.1)
BS + DODA 622 512 415 54.0(+6.1) 63.1 493 312 48.7(+5.9)
BS + SimpleLLM 624 488 377 524(+4.5) 624 488 306 48.1(+5.3)
BS + LLM-AutoDA 633 505 402 53.9(+6.0) 633 500 310 49.0(+6.2)
RIDE [13] 657 477 318 522(+0.0) 657 486  25.0 475 (+0.0)
RIDE + CUDA 678 470 334 53.1(+0.9) 679 512 276 S0.0(+25)
RIDE + DODA 682 461 293  52.1(-0.1) 687 509 257 49.6(+2.1)
RIDE + SimpleLLM 673 468 308 523(+0.1) 693 438 254 49.0(+L5)
RIDE + LLM-AutoDA 67.1 473 327 528(+0.6) 69.1 502 281 S02(+27)
BCL [45] 616 431 343 49.1(+0.0) 63.1 429 239 442 (+D.0)
BCL + CUDA 640 474 394 52.7(+3.6) 647 497 291 48.8 (+4.6)
BCL + DODA 64.9 480 406 53.6(+4.5) 660 507 338 5L0(+6.8)
BCL + SimpleLLM 65.0 49.2 300  54.0(+4.9) 64,1 50.4 3001 490 (+4.8)

BCL + LLM-AutoDA 64.9 492 44.1 548 (+5.7) 66.6 50.6 33.1 51.0(+6.8)
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Table 2: Accuracy (%) on ImageNet-LT and iNaturalist 2018 datasets with SOTA DA methods. Blod
indicates the best performance while underline indicates the second best. (+) and (-) indicate the
relative gain.

ImageNet-LT

iNaturalist 2018

Method
Head Medium  Tail All Head Medium  Tail All

CE[135] 64.0 338 58  41.6(+0.0) 73.9 63.5 555 61L.0(+0.0)
CE + CUDA 67.1 47.1 134  47.2(+53.0) 74.6 05.0 5372 625(+1.3)
CE + DODA 67.4 47.5 13.9  48.1 (+6.5) 74.9 660 584 63.6(+2.6)
CE + LLM-AutoDA 68.2 47.1 143  50.4(+8.8) 5| G6.3 589 64.00(+3.0)
CE-DRW [5] 6l1.7 47.3 28.8 5001 (+0.0) 6R.2 67.3 064 67.0(+0.0)
CE-DRW + CUDA 6l1.7 48.4 30.5 51.1(+1.0) H8.8 67.9 665 67.4 (+0.4)
CE-DRW + DODA 624 48.5 313 52.20(42.1) 6.0 08.2 678 068.2(+1.2)
CE-DRW + LLM-AutoDA 62.8 48.3 31.7  51.6(+1.5) 68.8 G8.8 638.1 68.7 (+1.7)
LDAM-DRW [5] 6.4 46.9 307 498 (+0.0) = Z 2 661 (+0.0)
LDAM-DRW + CUDA 63.2 48.2 3.2 5150+1L.7T) 68.0 G7.5 668 67.30+1.2)
LDAM-DRW + DODA 63.7 48.6 319 524(+2.6) 68.6 68,1 679 68.7 (+2.6)
LDAM-DRW + LLM-AutoDA 633 49.4 324 525(+2.7) 68.0 69.4 68.6 695 (+3.4)
BS [37] 604 48.8 32,1 51.0(+0.0) 63.7 67.4 67.5 67.3(+0.0)
BS + CUDA 61.8 491 318 51.5(+0.5) 67.6 68.2 683 68.2(+0.9)
BS + DODA 61.9 49.5 324 52.00(+1.0) 68.1 68.9 695 694 (+2.1)
BS + LLM-AutoDA 62.5 50.0 328 525(+1.5 68.0 69.1 699 698 (+2.5)
RIDE [43] 64.9 50.4 344 53.60(+0.0) 70.4 T1.8 T1.8  T1L6(+0.0)
RIDE + CUDA 66.0 51.7 347 54.7i0+1.1) 70.6 72.6 727 T24(+1.4)
RIDE + DODA 66.6 51.9 359 A5.8(+2.2) 70.9 T2.4 739 T37(+2.8)
RIDE + LLM-AutoDA 67.1 52.3 373 56.5(+2.9) 70.9 72.8 738 739 (+3.0)
BCL [4¥] 65.3 53.5 363 535.6 (+0.0) 69.4 724 71.8  T1.Bi(+0.0)
BCL + CUDA 66.8 53.9 366 56.3(+0.7) T0.8 727 72,0 722 (+0.4)
BCL + DODA 66.9 54.1 374 569(+1.3) 71.2 73.2 734 T73.7(+1.9)
BCL + LLM-AutoDA 67.2 5.1 383 ST5(+1.9) 70.9 73.6 T4.7 742 (+2.4)
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