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Experiments

CoanCfion be"'ween NCC-based IOSS & HSIC3° Table 1. Results on Meta-Dataset (Trained on Ima I
. og o . . . - geNet Only). Mean accuracy and 95% confidence interval are reported.
Two intuitions of NCC-based loss'-2(a.k.a., prototypical loss): |
. . Datasets Finetune ProtoNets ProtoNets(large) BOHB FP-MAML ALFA+FP-MAML FLUTE SSL-HSIC URL MOKD(Ours)
* Pull samples belonglng to the class closer to the class centroid; ( HSIC(Z,lyl))l \ TmageNet 458411 505411 53.7ﬂ:1.1g 519411 495411 52.841.1 469411  555k11  573+L1 | 57.3%1d
* Push samples from other classes away from the class centroid AAl - Omniglot 609+1.6  60.0+1.4 68.541.3 67.6+12  634+13 619415 616+£14  664+12 694412 70.9+1.3
Z 1D 2 Z z k(zi,2™) Birds STl 68510 741105 707509 67510 ®9sill 479500  TL6k09 729409 | 736509
T extures 0£09  66.6:£0. 8-£0. 3£08  66.5+0. 840, 8408 722407 75270, 1-£0,
ex(k(z,c.) = m) Lncc = —HSIC(Z,Y)+yHSIC(Z,Z) te e o o o s e o o o o
p V4 ) CC Dy | Fungi 382410  39.7+1.1 40.7+1.2 414411  400+1.1 41.5+12 31.8+10  434+11  462+10 47.0+1.1
L —_ 1 AAl VGG Flower 85.5+0.7 853408 87.040.7 873106 872407 86.0£0.8 80.14£09 855407 869406 88.5-£0.6
NCC — _|D | Og |D |ZZ z mk(zu Traffic Sign 66.8+13  47.1+1.1 58.1+1.1 518410  488+1.1 60.8+1.3 465+1.1  505+11  612+12 61.6+1.1
T 4 T MSCOCO 349+10  41.0+1.1 417411 480410  437+1.1 48.1+1.1 414410  514+10  530+10 55.3+1.0
7 = J See o oo o mEmone e o
CIFAR-100 : : s = - e 527411 590410  62.0+1.0 63.1+1.0
Core ideaS: Average Seen 45.8 50.5 53.7 51.9 495 52.8 46.9 55.5 57.3 57.3
Average Unseen - - - - - - 56.5 62.5 66.6 68.1
° ° Average All - - - - - - 55.8 62.0 65. 67.3
* Introduce more powerful kernel. linear = Gaussian/IMQ 0 v — - A T
° Tes-l- POWer maximiza-l-ion. sensifivify fo dependence of fhe kernel 1TheresultsonURLandMOKDau‘etheaverageofSreproductionswithdifferentrandomseeds.
Table 2. Results on Meta-Dataset (Trained on All Datasets). Mean accuracy and 95% confidence interval are reported.
. .re . Datasets ProtoMAML  CNAPS S-CNAPS SUR URT Tri-M FLUTE 2LM SSL-HSIC URL | MOKD
TeSf Power IS used 1'0 measure .I'he PT‘ObilllfY .I-ha.l-l FOI” PGI'""lCUIGr 'l'WO ImageNet 4654 1.1 508411  584+11 562+10 568+11 586+1.0 518411 580+36 565+12 573411 | 57.3+1.1
. . . . Omniglot 827+10 917405 916406 941+04 942404 920+06 932+05 953+10 920+09 941404 | 942405
dependent distributions and the number of samples m, the null hypothesis e man i n s saan e o iaes
that the two distributions are independent is correctly rejected. Eml e as ob i e e s nie el e g o o
Fungi 420412 502411  466+10 643+£09 640+10 485+10 581411 69.6+15 635+12 687410 | 686=+10
. . . N . VGG Flower 887407 889405 905+05 829+08 87.9+06 905405 91.6+06 903+£08 909+08 91.9+05 | 925+05
With unbiased HSIC estimator HSICu, under the hYPOi’hQSlS that the Traffic Sign 524411 565411 572410 510+11 482+11 630410 584+11 636+15 507+13 633+12 | 645+11
R 1_ 'l'. I . 1‘. . 1_ d 1_ b '|' . d d '|' '|'h CLT . I '|'h '|' 1_ 'l' MSCOCO 4174+ 11 394+10 489411 520+11 515411 528+11 500+10 57.0+11 514+11 542+10 | 555+ 1.0
epresentation learning perspective: wo distributions are independent, the CLT implies that test power oms O e D G ole e Bl L L o
° Max'm'ze Slmllarlfles among Sdmples Wl'l'hln -|-he same CIGSS; can be {:ormula.l.ed as: CIFAR-100 2 - 613+1.1 569+11 573+10 620+10 671+10 600+11 618+11 629+10 | 63.9+10
o o ° o o og o o Average Seen 67.5 71.6 73.7 75.9 77.4 76.2 76.2 79.7 76.5 79.9 80.0
* Minimize similarities between samples from different classes — Average Unseen : : 7.4 64.1 629 €99 69.9 60.4 8.2 0.4 703
m H S I C T Average All 5 z ri k) 71.3 71.8 73.8 73.8 75.7 74.6 75.8 76.3
1. SIICH et al-a PrOtOtypical l'letWOI'kS fOI' fCW-ShOt leaminga NIPS 2017. Pr (mH S I Cu > r) % @ v ' / 1Al:::ljtes I::I:JkRL are the ave-rage of 5 reprodu-ctions with dif’f7:ent random seljs. The reprodj::ions are consizt.czznt with the rejl;lzts reported on3t.:eir website. Ti:results of our:;lethod aIre the ::rage of
2. Ll ct al., Ul’liVCI‘S&l representation leaming fI'OIn multlple domains fOI' feW-ShOt Classiﬁcation, ICCV 2021 mv 5 random reproduction experiments. The ranks considers all 13 datasets and are calculated only with the methods in the table.
° ° ° . ° \o 4.3
° ° ° ° . _— . o
ISSue: H|gh s|m'larrlvy across claSSes Test Power mGX|m|za'l'|9n.. select an Op'l'lmal paramei'er‘ (?.g., bandwidth of E) Lo = :,;:)I;(I;aselmel : 4
Gaussian kernel) to maximize HSIC/v, where v can be estimated*. £ L S,
3. Gretton et al., Measuring statistical dependence with Hilbert-Schmidt norms, ALT 2005. ; 0.81 I ;‘
Two Pheﬂ omena: 4. Song et al., Feature selection via dependence maximization, JMLR 2012. & 0.6- - 7.
- = ARJA 18 é
* The similarities among samples Implementation: Bi-level optimization framework 204 LT Tl
: 0.6
[ ] [ ] [ ] ] Q
within the same class are high ot g 0-2 0. P _II
- TURTPERTY Main objective: %50 =
o .0- <
High similarities between D HSIC(ZY: 05 0) + VHSIC(Z. Z: of ) S e eldihatatitons okl 23,
N —_— . " C_ - X - c \)/ '(‘
samples from different classes i 5 Oz BTy £ 022070, o7 9 g OO Y o
95.21
- N HSIC(Z,Y; oy, 0) HSIC(Z, Z; 644,0)
A lower bound of NCC-based loss: S-t.max U Te o U, Te 5 56.7 = 94.4-
2r| LI >55.8 G 93.6
Ve ; 1 e ©
L) = - ID 2,1 Z k(zi,5") + 15 Iz 2 IZS I +0(k(z,z’)) + const Details of MOKD: = cag 5 928
T T . . . . o o o —A— MOKD
\ Y, Given a list of candidate bandwidth: = = [oy, 0y, ..., o7]. & —— MOKD < .
54.0 —e— URL Baseline 92.01 —e— URL Baseline

An interpretation of NCC-based loss from the kernel: With
a linear kernel (e.g., cosine similarity), under few-shot settings,
we know that NCC-based loss tends to:

* Maximize similarities among samples within the same class:

1. Randomly sample a new task and get the representation-label pairs: Z,Y; 0 1 2 3 4 5

2. Perform test power maximization to select the optimal bandwidth:
HSIC(Z,Y; oyy, ) HSIC(Z, Z; 0,4, 6)

* Minimize similarities between samples from different classes. Ozy = max N 077 = max T, Fe
More Powerful kernel S are requlred 3. Iteratively minimizing the objective and update the parameters:
to learn desirable representations. 6 < 6 —nVy[—HSIC(Z,Y; ozy,6) +YHSIC(Z,Z; 077,6)] ER



