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Motivation ‘?’M"?f‘}"

Meta-learning offers a promising avenue for few-shot learning (FSL),
enabling models to glean a generalizable feature embedding. Yet, in
practical scenarios where the target task diverges from that in the source
domain, meta-learning based method is susceptible to over-fitting.
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To overcome this, we introduce a novel framework, Meta-Exploiting

Frequency Prior for Cross-Domain Few-Shot Learning.
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Our method consists of an Image Decomposition Module (IDM) and a
Prior Regularization Meta-Network (PRM-Net).
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Eight benchmarks.
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Results

Comparison with the baseline and ablation study

Table 3: Ablation study. Average classification accuracies (%) are provided. ¢ indicates that this
component 15 used, vice versa. The best results are in bold.

| CLUB | Places | Plantae | CropDisease | Ave,
Method | 1-shot S-shot | lshot S-shot | 1-shot  Sshot | 1-shot  S-shot | I-shot  S-shet
Pretraining haseline 46.90 GEOS | 5024 7143 | 3847 STOR | 6OB9  ROBD | 5137  7LS9
Meta haseline 47.05 6799 | 5108 7174 | W sTE2 | 7022 #9054 | 5190 TLTY
Curs SL55 7361 | SL06  TATE | 4L55  6L3Y | TLAT w068 | 5406 7487
Reconstruction | 1-shot  S-shot | 1shot  S-shot | 1-shot  Sshot | 1-shot  S-shot | l-shot  S-shot
& 5079 7265 | St4r 7322 | 4105 6093 | TOBD w0 | 5351 T4
v 5055 7139 | 5146 TReD | 4111 6022 | o4 944 | 5341 T34
v 5155 361 | 5206 7378 | 4155 6139 | TL47  WL6E | 5406 T4ET7

H .
L
4 |
{a) Raw image ib) Baseline ic) Ours (d) Raw image ie) Baseline if) Ours
(g) Raw image (h) Baseline ) Ours (j) Raw image (k) Baseline (1) Ours

Figure 2: Feature visualization for Baseline and the proposed method.
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Results

Comparison with state-of-the-art methods in 5-way 1-shot setting

Table 1: Comparison with state-of-the-ant methods on 5-way 1-shot cross-domain FSL. Average
classification accuracies (%) are provided. ' stands for exploiting the full data of FSL task. * means
that the feature embedding network needs to be fine-tuned (Ft) on each target domain tasks. The best
results are in bold.

Methods Fi | CUB Cars PMaces Plantae Chest ISIC  EnroSAT  CropDisease | Ave
MatchingNet "v’m}_::L-. et al[2o16] X | 3589 3077 4986 3270 2091 2946 5067 4847 37.34
RelationNet Sun et al 1. 2018] X | 4127 3009 4816 3123 2195 3053 4908 53.58 38.24
GNN|Garcia and Bruna[2018] X | 4440 3172 5242 3360 2194 3014 5461 59.19 41.00
FWT Tseng et al_[2019] X | 4550 3225 5344 3256 2200 3022 5553 60.74 41.53
LRPI'Sun etal. m‘_}'mTT X | 4829 3278 5483 3749 2211 3094 5499 59.23 42.58

ATA [Wang and Deng [2021] X | 4500 3361 5357 3442 2210 3321 6L35 67.47 43.84
AFA Hu and Ma[2022] X | 4686 3425 5404 3676 2292 3321 612 67.61 44,85

LD P-nu@uiﬁ'a';ﬂ'?ﬂéﬁﬁs[ X | 498 3551 5382 3984 2301 3397 65.11 69.64 46.34
Ours X |5155 3704 5206 4155 2282 3398 6431 7147 46.85

ATA! | ang and Den ='[3m|] X | 5026 3418 5703 3983 2167 3MT0 6594 77.82 4768
AFAT] [u-_-.:]:ljﬂ-m;ﬂf_’_l_]j" ] X | 5085 3843 6029 4027 2169 3425 6617 7244 48.05
Rnc*lem | XA 4777 3874 5882 4188 2166 3229  67.58 BO.88 48.83
GNN+wave-SANT Fu X |s025s 3355 5775 4071 2203 3335 6064 70.80 4737
LDP-net ' ,zhm et a i X | 5594 3744 6221 4104 2221 3344 T2 §1.24 50.85
Style Adv Fu g al. 2023} X | 4849 3464 5858 4113 2264 3396 0.4 7413 48.06

X | 5948 3886 6290  44.06 2248 3428  9.56 84.01 51.95

rlﬂt‘—'l'l.ll'_.l_l._u_':‘:_'qllii‘._rlfl al | 2o "li v | 4353 3512 5057 3877 2213 3460 6617 73.43 4554
ATAT m@ and genL 2021} ¢ | 5189 3807 5726 4075 2245 3555 0.84 8247 4991
RDC*7 ILi et al. _u“ | v | 5009 39.04 6117 4130 2232 3628 7051 B5.79 50.81
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Results

Comparison with state-of-the-art methods in 5-way 5-shot setting

Table 2: Comparison with state-of-the-art methods on 5-way 5-shot cross-domain FSL. Average
classification accuracies (%) are provided. ' stands for exploiting the full data of FSL task. * means
that the feature embedding network needs to be fine-tuned (Ft) on each target domain tasks. The best
results are in bold.

Methods Ft | CUB Cars Places  Plantae  Chest  ISIC EuroSAT  CropDisease | Ave.

MatchingNet Z.*?..!‘.kiiﬂi_ihi‘!:_fli?f‘ﬂ. 16] X | 5137 3899 6316 4653 2240 3674 6445 6.3 4875
L x| - = : - 2348 4013 7170 78.05 k&

- Lal. L:{'s] X | 5677 4046 6425 4271 2407 3IR6D 6556 728 5066
[\hu{'}p'\uf_u ml’f:ma X - B 2 5 2753 3628 6444 68.41 2

' X | 6287 4370 7091 4851 2387 4254 7860 83.12 5677

K| 6497 4619 700 4966 2428 4087 7802 R7.07 5772

X | 6444 4620 7445 46 2453 4404 77.14 8615 5894

X 6622 414 7548 2260 2432 4491 8375 901,59 6080

Af.-!».llu .md m 20221 X | 6825 H28 7621 5426 2502 4601 8558 88.06 6158

LDP-net{Zhou et al. 2023 X | 7039 284 7200 5849 2667 4806 5201 8940 6260

Ours ; X761 522 7378 6L39 2653 4R70 8124 90.68 6377

ATAT [ Wang and Deng| X | 6531 4695 7212  S508 2360 4583 7947 88.15 5956

AFAT Hu and X | 6586 4789 7281 5567 2347 4629 80.12 85 60 5973

RDCT[Lietal. X |leize 5275 7288 5530 2510 4210 7912 88.03 5683

thd-umc—"i.ﬁ.hTi uetal Lh_uﬂI X | 7031 4611 7688 5772 2563 4493 8522 89.70 6206

LDP-net! Zhou et al. 2023 X | 7334 5306 7547 Wed 2688 4844 §4.05 91.89 64.10

StyleAdv [Fuet al. 2023 X | 6872 3013 T 6152 2607 4577  B658 93.65 6377

Ours? X | 76.68 5544 7698 6308 2645 4907 8322 93.00 6550

Fine-tuning* I}uuud.l 2020 v | 6376 5121 7068 5645 2537 4951 8159 BO.B4 6105

NSAE(CE+CE)” Liang ¢ | 6851 5491 7102 5955 27.10 5405 8306 93.14 6403
ConFeSS” D.u.uu.l D021 v = 2 - - 2700 4885 8465 8E.88 -

ATA* 1| W.m_ and Deng v | 7014 5523 7387 .02 2474 4983 8547 9356 6398

RDC T [Li etal, pﬂm v | 6723 S349 7491 5747 2507 4991 429 93 30 6321

The proposed method achieves state-of-the-art performance on a
eight cross-domain FSC benchmarks. 7
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