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Training deep learning models requires large datasets, but data Monotonic Variational Gaussian Process Theorem 3.4. Suppose Assumption 3.2 and 3.3 hold. Then

Introduction Theoretical Analysis

collection iIs costly.

> Joint inducing variables couple function values and coordinate-wise derivatives.
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: : Consequently, V.S(n) approaches —Vu(n) as a(n) — oo.
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The data collection problem is to decide how much data to collect from each J K . .
Dataset Task Metric Full data set size
source to reach a target performance at minimal cost. + A > Bty llogp(sik | gix) CIFAR-10 (Krizhevsky, Hinton, et al. 2009) Classification Top-1 Accuracy 50,000
: J=1k=1 CIFAR-100 (Krizhevsky, Hinton, et al. 2009) Classification Top-1 Accuracy 50,000
* Ateach stage t, we choose a cumulative labeled-count vector n; from K sources. KL (q(u) || p(w)) ImageNet (Deng et al. 2009) Classification Top-1 Accuracy 1281 167
o . < < e & - VOC-Seg (Hariharan et al. 2011; Everingham et al. 2015) Semantic Segmentation Mean IoU 10,582
More dlftfa fromlany SOhurCe should not worsen performag(l:e Mo =Ny = = nr . . VOC-Det (Everingham et al. 2015) Object Detection Mean AP 16,551
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L Task D T LOC E GP MOVE
taset xact
Li,....,np)=) ¢ (ny —ny_1) (1 —F(n;1)) — wE
’ 7 75:21 EXpeCted Shortfall ObJeCtlve Acc. ratio Cost ratio Acc. ratio Cost ratio Acc. ratio Cost ratio
_I_/y(l_F(nT)). "“IIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIII.." CIFAR_lo 3 0.04 0.0568 0.04 0‘0640 0.01 0.0433
: The full multi-stage objective replaces the failure probability penalty with % O 0.03 0.0484 0.03 0.0565 0.02 0.0423
Where F(n) = P(V(n) = V™) is estimated via a parametric learning curve. : expected shortfall S(n): :  Z 2 0.19 0.0633 0.19 0.0638 0.07 0.0404
. = 5 CIFAR-100
Challenge: - - : 5! 0.16 0.0525 0.20 0.0592 0.07 0.0334
« Parametric forms are valid only over restricted data ranges and extrapolate E = Z ! — Ny _ - : 0.03 0.0016 .02 0.0144 .02 0.0117
| 4 J P : L ¢; (ny —ny—y)R(ne—y) +75(n7) : tmageRet 5 04 0.0034 0.02 0.0107 001  0.0099
noorly. : t=1 :
: ] . . . . - oD 3 0.06 0.1516 0.08 0.1647 0.00 0.1045
« In multi-source settings, each source exhibits different and unknown scaling - & VOGC-beg
. 5! 0.05 0.1308 0.07 0.1465 0.01 0.1041
hehavior, making a single parametric form even more restrictive : Sm) = (V7 — a)®(a) + 5p(a) :
o N _ oo | - :‘ : + VOC-Det 3 0.54 0.1538 0.18 0.0587 0.19 0.0633
« The failure probability penalty induces vanishing gradients, providing no ° o - - 5 0.40 0.1159 0.26 0.0785 0.21 0.0614
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optimization signal when performance is far below the target.

Algorithm MOVE
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Contribution Input: initial labeled set Dy, target V™, cost c & ]R{f, Horizon T’ 35 N — 0.12- -"
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repeat for each staget =1,...,T = b 3 ==
+ We propose a monotonic variational GP with virtual-derivative factors, Maximize ELBO to fit monotonic variational GP =T TS ~e o g
: : : : . . : : - oA A s o @
enabling tractable posterior inference without requiring derivative Obtain fi(-), 6(-) from g(u) = N(m, S) S 105~ ~< 0.08-
- Minimize £ over (ni,...,ny) via projected SGD g [~~~/ T
observations. . 0.90- 006] L mm e ————————
o | Collect labels; train model; observe V(ny) N1 | | | | | | | | |
*  We develop an expected shortfall objective for target-driven data until t = T or V* achieved 2% 5 27 2% % 5 27 2%
collection, with theoretical guarantees of non-vanishing gradient signals. Output: plan (n{,...,nyp)
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