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Figure 8: Main caption describing all images




Overall Pipeline
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Figure 4: The overall pipeline of our method DiffulT.
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FID Fréchet Inception Distance
& = [lw =yl +Tr (81 + 2o - 2(5,52)"?)

* Lower FID values indicate better alignment between
generated and real distributions (higher quality/diversity).

» Higher FID suggests artifacts or mode collapse in
generated samples.

AID approximately in-distribution
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Distance in Feature Space
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Define 3 types of the generated d; < dy, ID
samples based on their distance di = ||fi — foll2 : dy < di <2dy, AID
d; > 2d;, 00D

Define the deviation at each stepin ~ , _ vl—ﬁzT” S — et s — i, |
feature space as CR il LS S B
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The new AID loss Lam = aBioy 1).m0.¢, |1dt — Edf\]g .
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Loss
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They incorporate this term into both LpppMm
and Lcgp to train the generation model.

Lpppm = Eio1, 1],m0,¢. || € — €0(V a0 + V1 — avey, 1%, (2)

71
LcepMm = ol Z (llea (e, t,y) —sg(ea(xe, t, y"))|I° + 7| sg(ea(e, t,y)) —ea(me, £, 4)||7) - (3)
u'ey
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_ _ exp(fy,y(T))

Leis = Z(Mﬂyg)@upgen (wyg + (1 —yy)) log ST e fon ()

w = 0.3 controls the weight of generated samples
yg = 1is used for generated samples, while y, = 0 marks the original ones.
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* Training: Initially, we train a feature extractor ¢ and a conditional, AID-biased diffusion
model 6 using the original long-tailed dataset D alone.

* Generating: We establish a threshold N; and employ the trained diffusion model @ to
generate and supplement samples. Using g, we filter out OOD samples, resulting in a
refined dataset Dgp,.

* Training: We then train a new classifier f, on the augmented dataset D U D, using
weighted cross-entropy, forming our final model.
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Meticd CIFARI100-LT CIFARIO-LT Statistics

100 50 10 | 100 50 10 | Many Med. Few
CE 383 439 557|704 748 864 | 652 371 9.1
Focal Loss Lin et al. [2017] 384 443 558 [ 704 7T6.7 86.7| 653 384 8.1
LDAM-DRW Cao et al. [2019a] 420 466 587|770 810 882 | 61.5 41.7 20.2
cRT Kang et al. [2019] 423 46.8 58.1 | 7577 804 883 | 64.0 448 18.1
BBN Zhou et al. [2020a] 426 470 59.1 (798 822 883 . . .
RIDE (3 experts) Wang et al. [2020] | 48.0 - - - - - 68.1 492 239
CAM-BS Zhang et al. [2021a] 41.7 46.0 - 754 8l.4 - - - -
MisLAS Zhong et al. [2021Db] 47.0 523 632 (821 857 90.0 2 2 z
DiVE He et al. [2021] 454 51.1 62.0 - - - - - -
CMO Park et al. [2022] 472 517 584 - - - 704 425 144
SAM Rangwani et al. [2022] 45.4 - - 81.9 - - 644 462 2038
CUDA Ahn et al. [2023] 47.6 51.1 584 - - - 67.3 504 214
CSA Shi et al. [2023b] 46.6 519 626|825 860 908 | 643 49.7 18.2
ADRW Wang et al. [2024b] 46.4 - 619 | 83.6 - 90.3 - - =
H2T Li et al. [2023] 489 53.8 - - - - - - -
Difful LT 515 563 638|847 869 90.7| 69.0 51.6 29.7
Difful T + BBN 219 567 640 |85.0 872 99| 695 3519 302
Difful’T + RIDE (3 experts) 524 569 64.2 | 853 873 909 | 703 3521 30.7




Problems G RALE

« The primary limitation of our methods is » To improve training efficiency,
the extensive training time required for they are exploring two potential
the generative model. solutions.

* Forinstance, training a diffusion model » The first involves adopting
on CIFAR100-LT takes 24 hours, while techniques that accelerate the
ImageNet-LT requires approximately six training and inference processes of
days. diffusion models.

« As the quality and quantity of data » The second strategy considers the
increase, the training costs scale up use of pre-trained generative
significantly, making it challenging to models in real long-tail scenarios.

apply our methods to larger datasets
such as iNaturalist and Places-LT due to
resource and time constraints.
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