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Out-of-distribution Challenges TaU

* Problem: Neural metrics were trained on . * Uncertainty Estimation:
* Potential Risk: Neural metrics may have o Use Monte-Carlo Dropout (Gal et. al, 2016; Glushkova et.
when evaluating the out-of-distribution (OOD) text. al, 2021) method to estimate the uncertainty during inference.
X Dilemma: Collecting multi-domain annotation data is . o Uncertainty = Variance of K-times prediction
¢ Main Research Goal: u((h,s,-)) = Var({M((h, s, -); 91«)}5:1)
Can we alleviate OOD problem without annotated data? Input1Data |

Metric Model (w/ Dropout)

* Test-time Adaptation:
Why Uncertainty Minimization? o Objective function: minimize the uncertainty

. : : . , . o Do not deviate far from original parameters! Only optimize
 Epistemic uncertainty reflects the risk of model’s predictions. & P y Op

. | _ o S artial parameters (Layerwise Attention + Scaling Factor).
* Observation: Model's uncertainty positively correlates with its P P (Lay & )
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prediction errors. Also observed by Glushkova et al. (2021). 0" = arg ngln Y (h,s,-) €D u((h,s,-))]
= 200 |
5 p=0.47 p<0.001 : Optimization of partial modules
> e COMET: A neural metric.
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> ¢« MQM: Human scores.
5 o | How Does TalU Work?
s 100  Prediction Error: Absolute Diff- | _
5 . * Improved system-level Pearson’s correlation performance on
g sof erences between metric scores | |
5 WMT21 MQM multi-domain benchmark.
N and human scores.
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Baselines

v Motivation: TER 930 416 -41 74 85 -289 506 421 697 292

- | - o BLEU 937 310 507 132 -152 43 620 324 828 385

Minimize the uncertainty " Minimize the prediction errors CHRF 898 302 783 17 143 123 471 363 825 404

BERTSCORE 93.0 542 629 74 95 -123 506 306 831 42.1

COMET-DAsggs0 814 511 676 658 221 556 788 251 859 593

COMET-MQM-QEqgs; 711 529 632 792 619 681 694 209 884 593

) COMET-MQMogo; 771 628 659 720 336 685 818 266 841 63.6

O u r P roposal . Ta U Reproduced Results and Our Methods

. . . .. & COMET-DA 81.5 511 675 580 264 568 788 250 859 590

* Test-time Adaptation by Uncertainty Minimization (TaU). T LIAU 857 535 710 480 274 545 859 283 873 602

o _ - COMET-MQM-QEgp1 712 530 688 792 619 681 694 -208 817 592

v Key Ildea: Make the model correct the predictions by itself || +TAU 628 574 703 720 652 781 829 257 807 661

& COMET-MQMago; 772 628 659 698 487 697 818 266 841 652

th rough red ucing the uncertainty. +TAU 765 692 672 754 678 715 875 245 849 69.4
v Key Research Questions:

Why Does TaU Work?

1) How can we estimate the uncertainty for metrics’ model?

2) How can we reduce the uncertainty by test-time adaptation? * Validity: Reduced the uncertainty of OOD samples.

News (COMET) 1000 - L News (COMET)
3 - News (TalU) News (TalU)
) u  Calculate 600 TED (COMET) TED (COMET)
Ve — o -
ar ( ) Uncertainty u 30 Gradient ) w= TED (TaU) ) 800 w= TED (TaU)
§= §=
Monte Carlo Dropout Optimizer % 400 % 600
r Update % § 400 -
Q Q
200
(s,7, h) Score Estimator Score Estimator 200 -
s: Hello World! R
r: Ola Mundo! ‘ Layerwise Attention + Scaling Layerwise Attention + Scaling q 0 0.02 0.03 0.04 0.05 0.06 0 2 0.03 0 0 0 '0 5
h: Ol4 Mundial? : : : : : : : : : :
Ola Mundia Dropout Dropout COMET Uncertainty COMET Uncertainty
Input Pre-trained Encoder Pre-trained Encoder Inference (a) English-German (COMET-DA2020) (b) Chinese-English (COMET-MQMa2021)
Uncertainty Estimation Test-Time Adaptation .
* Future work: 1) Explore segment-level TaU for diverse data.
Model/Procedure retive Module e 2) Apply test-time adaptation method to LLM.
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