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https://jordy-vl.github.io/pages/working_papers/UDL2020-paper-133.pdf

Predictive uncertainty is a key enabler for reliable ML

From: jack.dunn@gmail.com
To: customer admin@insurco.com

Subject: stop car policy|12-3456-T89

In-distribution

Dear,

| would like tolend the policy for my vehiclef1-CHA-123.] The car has been sold and the

license plate returned to the authorities (proof attached).
Kindly refund the unused portion of my premium.

Best,
Jack

Decision-making under Predictive Uncertainty

prediction confidence

car policy

rocess .
P cancellation

policy number 12-3456-789

licenseplate 1CHA123

From : jeff.smith@gmail.com
To : customer_admin@insurco.com
Subject : Jeff Smith hobby drone coverage

Novel class

My car is already coygre gnolicy with number 23-4567-890|
DJI Mavic 2LBZ-5487.
low an Illustration of the device and components.

Dear,

Now, | would like tojbuy insurance coverage for my new hobby drone|
dbe i

See attached the purchase recelp

® 5%

Will you send me a proposal with monthly coverage fees?
Kind regards,

Jeff

prediction confidence

car policy

rocess
B contract start

policy number 23-4567-890

licenseplate 21LBZ-548
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Predictive Uncertainty in practice

Monte Carlo Dropout (Gal & Ghahramani 2016)

Algorithm 1: MCdropout
Input: data z*, encoder g(-), prediction network h(-),
dropout probability p, number of iterations B3
Output: prediction 3, ., uncertainty

1: for b= 1 to B do I. Regularization(dropout, L2 weight decay)
2: e}, + VariationalDropout(g(z*), p) . .

3 2y + Concatenate(e?, extFeatures) Il. Stochastic output layer MIFGORZICIOD)

z: Yo D, h(z,,),

oo (M) Ill. Attenuated learned loss

/ prediction -
- 1 -
6 Ume & 5 bel Y
/ model uncertainty and misspecification
noe ) 1 5B rea T say2
TME g Zb:](y(z,) )
8: return @, 7

Uncertainty quantification

Residual heteroscedasticloss & extensions

Quantity Formula
(Kendall & Gal 2017; Xiao & Wang 2019) exp f; . (z7)
N . Softmax-score S = argmax — ’ -
ﬁ:u{l‘i] = Z lu-g% ZI‘X]_J (u:r: - Iup;z exp u:::) +logT {1} x k ZiZl ?Xp fé,z(g" ) R
=1 =1 * Predictive Entropy | H = — ), | P(yx|z*,0)log P(yx|z*,0)
with NV the number of training examples passing through
an instance { of the model f; (z) + o't to generate for Model Uncertainty Omodel = % 23;1 (ﬁt — ]5)2
example i a sampled logit vector u!, where predicted value X LT 1 K )
for class &, uﬂ, and ¢ the index of the ground truth class. Data Uncertainty Odata = T Zt:l K Zk:l i (LC*)

ith logits(y_true, sampled[t]l) t

sses led_loss)
od_loss t nean (batch_losses) tf.math.log(tf.cast(T, "fleoat32")) 4
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Methodology & experiments

Research question:

How reliable are Monte Carlo Dropout-based uncertainty estimates for unsupervised detection of
novel class data in text classification?

corpus task D K I W Vv

SemEval-2017 4A  message polarity 64,772 3 0.09 19 64,405
IMDB movie review 348415 10 0.03 3256 115,073

M et h Od 0 I Ogv: Reuters ApteMod*  newswire topic 9,120 48 028 112,55 57420

* 3 real-world multi-class news and sentiment classification datasets

* 1-D ConvNets for text classification (Kim 2014)

Monte Carlo dropout

° 5 unce rta i nty q ua ntifl CatIO nm Od el S et u ps Architecture  deterministic  stochastic  *no dropout

softmax 2 3 1
heteroscedaste 4 5

* Robustness protocol of leave-one-class-out
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Key findings (1/2)

* Necessary regularization for uncertainty estimation proves to not
always guarantee increase in model performance.

Mo e Ace | MSE(l) | Flim) | FIM) | NLL()) | ECE(l) | Brieril) | Softmax (s | Entropy (u) | MU () | DU iz}
KemEval anJrnpnut L3831 L5389 0LSTah | 05618 | 0.00740 I (.5728 (1.7335 LIREIN N ! !
SemEval Baseline (568 | 05023 | 05652 | 05525 | 0.9158 | 0.0195 | 0.5491 {).583% 1.2820 ! !
SemEval Model Un-:crtamt:.' 0.5712 (.57K5 056606 | (L5526 | (0.9601 XL (L5653 DIt 1.765 1115 !
SemEval Diata !Jn-:ertamt:.' 56T (0508 | 05657 | 05554 | 09172 00245 | (.55 (15505 1.2718 ) (1Kl
SemEval DMU 5= (05501 | 057al | OLS63 1.Wdinh 00915 | 0558 LG714 1741 (LI5S 00143
IMDB No Dropout 0.4164 | 30908 | 03958 | 03563 | 14786 | 00139 | 0.6807 04208 2142 ! !
IMDEB Baseline a5 15007 | 03724 | 03287 1.5641 00671 | 00703 1.53379 el ! !
MDE Model Uncertainty I EH i 14787 0.3TRT ' (1,334 1.5247 00124 ' S 11,5954 22661 .1426 !
IMDE Data Uncertainty LT 33854 0 0377 ) 03358 1.55% 00556 | 07022 11.3531 2 4645 ) RS
IMDE DML (KT ] 13577 | 05774 ' (1.3371 |.5263 (L 148 ' e 04131 22104 (L0026 026
Keuters No Dropout u23 216K | (4l45 | (Lad4ad | 0.53249 0265 | IRRE ¥ DI E (1.5300% ! !
Heuters Baseline (92493 FeLT07 | R et ' 07193 | 053084 (0357 ' (1123 {LEYTE e ! !
Reuters Model Lincertamty 09277 T ETAG | (.80 ' 1.71351 1.3311 00147 | (1154 (1.035] (1.3667 (1052 !
Feuters Data Uncertainty (.9501 250099 D943 ' 07184 | 05286 00314 N e {100 {16535 ) 00246
Keuters AL 0932 T 008G | o255 ' {1.6%S7T 0319 (16 | 1023 {10354 (1.3530 (LI035 (LT

Table 3 This table reports on the effectiveness of the text classification using the 3 datasets.We report all metrics on the test data,
respectively classification scores: Accuracy, Mean-Squared Error, weighted and macro F1; calibration metrics: Negative Log Likelihood,
Expected Calibration Error (Guo et al., 2017) and Brier score {Brier, 1930); wncertainty measures when available and averaged over all
samples, Softmax-score, Predictive Entropy, Model Uncertainty and Data Uncertainty.
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Key findings (2/2)

* MC Dropout and extensions underestimate uncertainty

* Predictive entropy demonstrates superior performance
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Taking this forward

a. underrepresentation of NLP in Bayesian Deep Learning research

b. embedding in a theoretical framework

* What does uncertainty represent in an NLP task context?

* How does uncertainty manifest?

* What forms of uncertainty require capture?

* What architectures in combination with regularization methods are best suited?

c. extended uncertainty protocols for benchmarking
d. extended uncertainty quantification methods
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Thank you! Questions?

Poster #133

Predictive Uncertainty for Probabilistic Novelty Detection in Text Classification

Jordy Van Landeghem ' > Matthew Blaschko® Bertrand Anckaert®> Marie-Francine Moens '

Jordy Van Landeghem
jordy@contract.fit
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Backup slides
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Questions to be expected

Why so little datasets?

Why Reuters?

Softmax thresholding
and calibration

Little fine-tuning of
regularization
parameters

Why no MI?

contract

three real-world text corpora with differing number of classes and size of documents.
Additional focus was the classification complexity.

For novelty detection, shows easy separable classes. Multi-label annotations ensure class
separabilityinformation. Then why would uncertainty not be able to communicateon it?
Would expect it to go wrong for classification in a spectrum/ordinal scale.

-> going for semi-synthetic experiment

not as good as an “MNIST” for NLP ©

-> perfect calibration requiresless uncertainty quantification.
Yes, but data uncertainty can communicate on label noise, which might be captured less
by calibration.

Admittedly, we would have done more fine-tuning on these parameters. However,
striving for SoTa was not the goal here. We tried to find an OK out-of-the-box setting.
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Research Question & Contributions

We investigate the reliability of Monte Carlo Dropout-based
uncertainty estimates for unsupervised detection of novel class data
in text classification and find that the studied methods underestimate
uncertainty.

* We experimentally demonstrate on real-world text classification datasets that
uncertainty modelling with Bayesian DL methods does not guarantee
performance increase on classification and calibration metrics.

* We propose a methodology of leave-one-class-out to empirically compare the
robustness of uncertainty quantities under novel class distribution shift.
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Backup pictures

TensorFlow Probability
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