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| REINFORCE ParN,C

 The REINFORCE algorithm is a policy gradient method,
it directly update the policy weights, without learning a
value function.

ETNp(T) :Zle T(St, a’t)] : T is the trajectory

 1s the policy

VQETNP(T) :Zg;l ?‘(St, at)] model parameterized
i T by 0
= [ Vop(7) (i (815 ar))dr
The likelihood |
ratio trick = [p(7) Vg logp(r) (3o, (51, a¢))dr

= Lirop(r) [V@ logp('r) 22121 T(Sta at)]

\Y’ IOSP(T) — 23;1 Vy log We(at\st)
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I Background ParN E

 Quantifying the VALUE of data is important.

1. Incorrect label (e.g. human labeling errors).

2. Input comes from a different distribution (e.g.

different location or time).

3. Input is noisy or low quality (e.g. noisy

capturing hardware).

4. Usefulness for target task
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e Related works:

1. Leave—One—Out

 Computational expensive

* Fail when there are two equal data

2. Data Shapley

 Computational expensive

 Less effective with Monte Carlo approximation

3. Meta—Learning Based Methods

 Model dependent 1. Meta—Weight—Net
* Decoupled from predictor 2. Learning to Reweight
model training 3. MentorNet
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e Overall framework

Reinforcement Signal

| |
I Selection Selection I
A batch of | Probabilities Vector o I
training samples v t - - tT T T Back-propagation ~ Validation data
Data Value I I | I r======= RCH570)
(X1, y1) Estimator | 1 [ | M I I
! 1 | Predictor I I
O O. O |/ 1 o] I | I
(%2, 72) ' amper ' '
2Y2 @ 8 O > (Multinomial |— »  Loss S, Reward
| distribution) I ] I
I T I
h ( D) | I ] I B Weighted D
(st’yBs) (P | | 1 {(xi‘yi)}i=1 Optimization Moving Average of
! | | A batch of Prev. Losses (8)
—_——— - -
training samples f Z]
w; € [0,1] s; € {0,1}
is the importance is the selection
score vector

s is sampled from 14 (D, s) = Y, hg(x,y:)°t - (1 — hy (x;, ¥i)) 5
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e Overall framework

Algorithm 1 Pseudo-code of DVRL training

1: Inputs: Learning rates «, 3 > 0, mini-batch size By, By > 0, inner iteration count Ny > 0,
moving average window T > 0, training dataset D, validation dataset DV = {(x¥,y?)}H-_,

2: Initialize parameters 6, ¢, moving average 6 = 0
Outer loop 3: while until convergence do
4: Sample a mini-batch from the entire training dataset: Dp = (x;,y;) }5:81 ~D
5 forj=1,.., Bsdo
6: Calculate selection probabilities: w; = hs(x;,y;) | h & predict scores
7: Sample selection vector: s; ~ Ber(w;)
Inner loop 8: fort=1,..., N;do
9: Sample a mini-batch (X, , ¥, §m)ﬁp=1 ~ (X, 9j, sj)f;sl
10: Update the predictor model network parameters ¢
1 2 o Update prediction model
00— “B, mZ::l SmVoLy(fo(Xm), Gm)) \yith sampled data
11: Update the data value estimator model network parameters ¢

L
¢—o¢—f E Z[ﬁh(fe(xz), yo)] — 5} Vg logmy(Dp, (51, ..., 58,)) Update policy
k—1 model h¢ with

12: Update the moving average baseline (§): § + %5 4o Zgzl[[.h(fg (x}), yp)] validation set
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I Update policy ParN E

« Target of the policy model

Hﬁin E(xv,yvy~pr [ﬁh(fe(xv)ayv)}

s.t. fo =argmin;_zExqy)p |:h(;’)(xy y) - Ef(f(x)a ZJ)}
* Apply the REINFORCE method
1(6) = Eqwe oy [Bonryo) [£0(fo(x"). 5]

:/pt(xv)[ Z T6(D,s) - [Ch(fe(xv),y”)]}dxv,

se[0,1]N

we directly compute the gradient nglA (¢) as

Vsl(¢) = ]P*(x”)l > | Vore(D.s) [ﬁh(fa(xv),y”)]}dx” The likelihood

selo. 1% ratio trick
:]Pt(xv)l Z Vo log(my(D,s)) - my(D, ) [ﬁh(fg(xv),y”)”dxv
s€[0,1]NV

= Exv yv)~pt [Esww(’D,-) [Lr(fo(x"),y")| Vg log(my (D, S))} :
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we directly compute the gradient V¢,5 (¢) as

Vallg) = [P Y VamalDis) - [£a(a(x) )] o

-SE[O,l]N

— fPt(xU) _ Z Vg log(my(D,s)) - my(D,s) - [ﬁh(fe(xv),y”)ﬂdxv

se[0,1]N

= E(xv yv)~pt [ESNM(D,-) (L1 (fo(x"),y")] Vg log(my (D, S))} :
where V; log(my (D, s)) is

Vi log(my(D,s)) = Vg Zlog [h¢(xzayz) (1 - hff,(xz,yz))l_s’i}

1=1

ZS V4 log h¢ X%,y@)} + (1 —5;)Vy log [(1 — hqb(x%—,yi))].
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e GCompared methods
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0 Random assigned weights O Learning to Reweight ICML’ 18)
O Leave—One—Out (LOO) O MentorNet (ICML’ 18)
O Data Shapley Value (ICML’ 19) O Influence Function ICML’ 17)

e Datasets

0 Blog O Flower

O Adult O Fashion—-MNIST
O Rossmann O CIFAR-10

O HAM 10000 O CIFAR-100

O MNIST 0 Email Spam

O USPS 0 SMS Spam

Settings

O Removing high/low
value samples

0 Noisy setting

O Transfer setting

INECHY . https://github.com/google-research/ google-research/tree/master/dvrl
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I Removing samples

e (Clean data
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Figure 2: Performance after removing the most (marked with ()) and least (marked with x) impor-
tant samples according to the estimated data values in a conventional supervised learning setting.
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* Noisy data (20%)
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Note that Influence Function is a computationally—efficient approximation of LOO; thus,
the performance of Influence Function is similar or slightly worse than LOO in most cases
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* Noisy data (20%)
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CIFAR-10 Dataset
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X—axis: The fraction of data with the lowest scores

Y—-axis: How many noisy examples are discovered
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 |earning from a different domain

Source Target Task Baseline | Data Shapley | DVRL
Google | HAM10000 | Skin Lesion Classification 296 378 448
MNIST USPS Digit Recognition 308 391 472
Email SMS Spam Detection .684 .864 903
Predictor Model | Store Train on All Train on Rest Train on Specific

(Metric: RMSPE) | Type | Baseline | DVRL | Baseline | DVRL | Baseline | DVRL

0.1736 | 0.1594 | 0.2369 | 0.2109 | 0.1454 | 0.1430
0.1996 | 0.1422 | 0.7716 | 0.3607 | 0.0880 | 0.0824
0.1839 | 0.1502 | 0.2083 | 0.1551 | 0.1186 | 0.1170
0.1504 | 0.1441 | 0.1922 | 0.1535 | 0.1349 | 0.1221

0.1531 | 0.1428 | 0.3124 | 0.2014 | 0.1181 | 0.1066
0.1529 | 0.0979 | 0.8072 | 0.5461 | 0.0683 | 0.0682
0.1620 | 0.1437 | 0.2153 | 0.1804 | 0.0682 | 0.0677
0.1459 | 0.1295 | 0.2625 | 0.1624 | 0.0759 | 0.0708

XGBoost

Neural Networks

OQw» | TOQw»

Rossmann Store Sales dataset. Metric is Root Mean Squared Percentage Error (RMSPE,

lower the better). We use 79% of the data as training, 1% as validation, and 20% as testinE
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| size of validation set  ParN,C

Adult Dataset Blog Dataset Fashion-MNIST Dataset
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Figure 5: Number of validation samples needed for DVRL. Discovering corrupted samples in three
datasets (Adult, Blog and Fashion MNIST) with various number of validation samples.

DVRL achieves reasonable performance with 100 to 400 validation
samples. In the Adult dataset, even 10 validation samples are sufficient
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 This work propose a meta learning framework,
named DVRL, that adaptively learns data values
jointly with a target task predictor model.

* DVRL uses REINFORCE method to update the

policy model, and validate the effectiveness.

* DVRL is model agnostic, and even applicable to

non—differentiable target objectives.
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