What Matters For Meta-Learning Vision Regression Tasks?
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Goal: Exploit meta-learning algorithms on image-based regression tasks. Data Augmentation (DA): Affine, Dropout, Crop, Contrast, Brightness, Blur. Datasets:
Contributions: Domain Randomization (DR): regenerate background images during training for e Distractor includes 12 object categories from ShapeNetCoreV2, where each category includes 1000 randomly sampled objects.
e (Create three cross-category level vision regression tasks in the meta-learning | | ShapeNet2D. e PascallD contains 65 objects from 10 categories. 50 objects are randomly selected for training and the other 15 objects for testing.
domain, where predictions are conducted on novel objects from unseen categories | | Task Augmentation (TA): add randomness to each task, encourage the meta-learner | | ® ShapeNetlD and ShapeNet2D include 30 categories. 27 of them are used during training and intra-category (IC) evaluation, the other 3 categories are used for
based on few-shot context information. to learn non-trivial solutions instead of memorization. cross-category (CC) evaluation.
e Eixhaustive evaluation of different meta-learning approaches. . B - Quantitative results on new toy tasks and prior PascallD:
e Analysis of different techniques w.r.t. meta-learning overfitting. Dy = {$C i Yo T G(t)}@ 1 Methods MAML CNP (Max) CNP (CA)
e A simple and effective functional contrastive learning (FCL) over the task rep- " o y No Aug 25.27  14.97 (0.37) 8.19 (0.30) Methods Mean Max BA CA  Maxpcr
resentations in Conditional Neural Processes (CNPs) Dy’ = {mT i» Y T E(t)}z 1 VIR %gg ig'g? Eg'gé; géi Eg égg No Aug 6.02 5.11 4.63 5.13 3.70 Methods IC (1le7?)  CC (le7?)
. . | - | | 6.80 6.17 591 6.39 4.61 None 38.33 (0.33) 39.81 (0.31)
16. 14.77 (0. 4 9
where ¢ s sampled from a discrete set for each task othods MAML__ONP (Mew) NP (©N) 6% 1T s 28 S 28 0% Al N R 03 e 00
Meta Regularization (MR): regularization on the meta-parameters 6 of the neural No Aug  1.69 (0.22) 5.28 (0.51)  4.66 (0.74) 2059 14.43 (0.55) 9.18 (0.50) 410 375 3.97 4.08 3.05 DR+MR 27.89 (0.61)  28.99 (0.46)
networks MR 1.90 (0.27) 2.96 (0.21) 3.33 (0.27) DA 14.69 8.64 (0.21)  6.24 (0.15) TA 6.29 618 6.33 6.32 5.45 DRATA 16.94 (0.13) 18.42 (0.26)
Context ' TA 1.02 (0.06) 1.98 (0.22) 1.36 (0.25) 16.02  9.87 (0.35)  6.54 (0.19) 19 704 702 7.02 6.66 DR+TAqzitele 16.62 (0.12)  17.76 (0.35)
L= Lo+ BDkrL(q(0;0,,05)||7(0)) DA 2.10 (0.09) 3.69 (0.13)  2.90 (0.03)  TALDA 17.96  7.66 (0.18)  5.81 (0.23)  TA+DA 320 3.09 2.65 3.05 2.60 :3;‘; DA 12;’2 (8‘83) ggf (8‘(1);2)
< here £ denotes the orieinal loss function defined individuallv in Distract q TA+DA  1.31 (0.14)  2.29 (0.19) 1.77 (0.33) 18.79  8.66 (0.19)  6.23 (0.12) 6.07 5.14 4.67 4.9% 3.90 EDR:)AT—TA " 1419 EOZM% 1359 EO:1O§
8 where Lo denotes the original loss function defined individually in Distractor an Prodiction orror on PascallD. TA4ADALFCL — — 782 (0.08)  6.44 (0.36) _ . . DRADALTA T L FOL 1401 (0.09) 13.32 (0.18)
5 pose estimation. - 3.84 (0.04)  6.74 (0.20) Prediction error (pixel) of euclidean 7
5 TA+DA+MR 1345  10.54 (0.37) 8.28 (0.17) distance in the 2D image plane for Prediction error on ShapeNet2D.
14.44  10.76 (0.30) 8.04 (0.10) Distractor.
- Prediction error(°) on ShapeNet1D.
p CNPs onl id tation-invariant task tati the context .
< Orders. only consider permutation-invariant task representations over the contex Accuracy vs context number: CONPs vs finetuned classical model: Analysis of data efficiency:
] he{ DDD. } — he { DD.D } 10 ‘1‘1‘1 i EjﬂMaixFCL 5025_ —CC . —— Fine-tuned model w0l | —— Fine-tuned model Mothods CAS CAM CAL MaXS MaXM MaXL
> 3 . Max 8 Z 60- No Aug  18.60 (0.78) 12.08 (0.44) 8.19 (0.30) 30.44 (0.82) 18.86 (0.34) 14.97 (0.37)
Z . . . 5 6 : g% S 20 E Lo 19.95 (1.08) 12.62 (0.87) 9.13 (0.18) 30.59 (1.14) 21.78 (0.47) 18.09 (0.21)
o We consider one step further on the connections among different sets and tasks, 0 E ” TA 18.69 (0.87) 10.70 (0.98) 7.92 (0.25) 21.67 (0.66) 13.69 (0.27) 10.89 (0.27)
5 A1 ' ' * A 10° 20- 19.24 (0.79) 12.05 (0.73) 9.18 (0.50) 23.60 (0.88) 16.76 (0.62) 14.43 (0.55)
namely yleldmg closed rep.resentatlons rom sets of th.e same task and! compelling 2 . N 0- N TA+DA  7.86 (0.21)  6.32 (0.11)  5.81 (0.23) 11.00 (0.16) 8.23 (0.34)  7.66 (0.18)
the representations from different tasks over the functional space. This also helps 1 T 50 o N o5 w15 @ o 5 L @ % 7.49 (0.35)  6.48 (0.41)  6.23 (0.12) 12.98 (0.48) 9.65 (0.40)  8.66 (0.19)
e Predict the position of the queried object, where the queried object is identified | to learn consistent representation during training: . .dx_num . e o ) . .
by giving the position in the context images (Distractor). (a) Prediction error (pixel) vs context number on (a) Comparison between CNP (Max) and Performance on ShapeNet1D using small (S), medium (M) and
® PrediCt the aZimU.th angle requireS tO ldentlfy the CanOniCal pose Of eaCh SpeCiﬁC hg{ L LI J. } E h9 { .L .. } he{ uuu. } i he { .L DlStraCtor a»nd (b) ShapeNetZD ﬁnetuned ClaSSlcal mOdel oIl DlStTaCtOr and (b) large (L) tralnlng dataset S17Z.eS for CNP
. 1 ) 1 ) 1 ) 1 ) ShapeNet1D.
object from the context set (ShapeNetlD). 1 1 ] ' Visualizations:
e Predict both azimuth and elevation angle of the object with random background t1 tq L1 t,
(ShapeNet2D). Key takeaways:

e Prior work on PascallD uses inappropriate loss function for train-
ing, also PascallD lacks diverse object variations.

e CNPs outperform MAML with notable data/training efficiency
with increasing task diversity.

e DA alleviates both types of overfitting while TA alleviates mem-
orization overfitting but requires tailored design.

e CNPs surpasses fine-tuned models especially on the few-shot do-
main.

e Use max aggregation for non-positional encoding tasks and cross
attention (CA) for object-centric tasks with positional informa-
tion, mean aggregation shows poor performance.

To achieve this, we employ the contrastive learning loss over the functional space
between context and target sets:

Assume all tasks are under the same distribution p(7), each task 7; includes
a context set DS = {(rc1,yc1), - (xok,yokx)}i and a target set DL =
{(xr1,y71), s (@7 0,y 1) }i Where K and M are the number of samples in each
set. Training dataset is denoted as D = {D%, D% }:*; where N is the number of
tasks sampled for training. During inference, the model is tested on a new task
T* ~ p(T) given a small context set, from which it has to infer a new function

f* (Dg, ) = i

2~ exp(sim(z - 2”)/7)
»CFCL — T X7 ZlOg (t) (1)
D(zo")D(z7")

where N denotes the number of tasks per batch, D(z!) sums the similarity of all
positive and negative pairs for z!:

sim (2] - 27)
Z > Litezeyviii exp( )

k1 e (C.T) T e F'CL can alleviate overfitting and increase the performance but

requires finetuning the temperature term. In our toy tasks, using

Memorization Overfitting ‘ where 1ip2i1v (21 € 10,1} is an indicator evaluating to 1 only if the representa- a small temperature value and FCL between context and target
2" =he(Dg); U = go(x,2") = 9 = go(2),t € Tirain tions are sampled from different tasks or different sets. or: (139.0, 23.0) or: (87,0, 11.0) or: (38.0, 18.0) or: (103.0, 25.0) or: (160.0, 26.0) or: (115.0, 5.0) set normally gets good performance.

Learner Overfitting Examples of predicitons on novel objects from unseen categories.
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