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Confidence Calibration in Deep Learning Dilemma of Accuracy vs Confidence in DA

Transferable Calibration: Variance Reduction

» A Transferable Calibration (TransCal) method, achieving » A model should output a prediction probability reflecting » DA models yield high acc at the cost of poorly-calibration. > Serial Control Variate: Var[u™] < Var[u*] < Var|u]
more accurate calibration with lower bias and variance in a the true frequency of an event: D e ut = u+n(ti — 71) (9)
unified hyperparameter-free optimization framework. P(Y=Y|P=c)=c, VceloI] (1) o=\ L § Transferable U™ = u" 4+ m(t, — )
. . . . . ~ ~ 0.30 1 \\\ x . ¢ MDD . ImageNet Calibration Sketch . . . ~ .
> A .d||.emma in -the open Problem cif lCallbr;ajch:n in DA]c | where Y is the class prediction and P is its confidence. omf o T R} — » First, use importance weight W(XS) as a control covariate
existing domain adaptation models carn higher classi cation » DNNs learn high accuracy at the cost of over-confidence. L e e Py / e L e o ~ 1 Cov(L¥ g, w
accuracy at the expense of well-calibrated probabilities. 5 R U 5oty B ) tq(y, y) =E.(y,y) E [W — 1.
> E tens' e e er'ments on ar'O S DA methOdS datasets R R 0:05_ o . . T U The existence of dataset shift between § and T. nS Val”[W
X |Y Xp | | V. (018 | y y TOp-l ACC Confidence Confidence 0.3 0.4 OchurzO:cy 0.7 0.8 Ttr_\{(xtr)} The lack of labeled examples in the target domain. (10)
and calibration metrics, while the effectiveness of our 30.0% o> 98.0% |O> 80.0% T - -
NS - . o > Calibration in DA is challenging due to the existence of » Second, use the prediction correctness r(x ) as another one
method has been justified both theoretically and empirically. R ' s
| | domain shift and the lack of target label
» (Code available @ github.com/thuml/TransCal e o~ (o 1 COV( neps
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Domain Adaptation (DA) P P (11)
B | ey » Estimate the target ECE by importance weighting
» Deep learning across domains: (P # Q) ¢ | Scale E : t< and Result
» Non independent and identically distributed distributions (Non-IID) L— 50 Ex~q [[’(-)(¢(X)v y)} — £(-)(¢(X)a y)q(x)dx XPErments an ESHILS
Source Domain L Target Domain Dy = {(Xl i)} D, = 1(xi,y{)} Die = {(Xte)} T Table 2: ECE (%) vs. Acc (%) via various calibration methods on Office-Home with CDAN
D¢,, D,,, D¢: independent and 1dentically distributed datasets. — —E(.)(gb(x), y)p(x)dx — EXNP [W(X)ﬁ(.)(¢(X), y)] ; Metric |Cal. Method A—C A—P A—R C—A C—P C—R R—A R—C R—P|Avg
p P(X) Before Cal. 494 684 755 57.6 70.1 704 689 544 812 |68.3
(4) Acc |MC-dropout [12] 472 662 714 571 657 70.6 683 53.6 80.7 |66.7
_ _ . | | | o | . TransCal (ours) 494 684 755 57.6 70.1 704 689 544 812|683
Calibration Metric » Estimate density ratio from a logistic regression classifier B ol 109 264 178 358 935 919 248 364 145 1263
_ _ _ MC-dropout [12) 330 213 150 242 205 132 256 142 22.419.6
> Expected Calibration Error (ECE) W (x) = q(x) _ v(x|d = 0) _ P(d =1)P(d = 0[x) (5) Matrix Scaling 447 288 197 361 254 241 38.1 157 29.5|29.1
P T o(x) vixld=1) P(d=0)P(d = 1[x) Vector Scaling 347 180 113 234 154 115 273 85 20.018.9
P = — — cop | Temp. Scaling 283 17.6 101 212 132 82 260 88 18.1|16.8
‘Bm‘ CPCS [38] 350 29.4 83 213 290 5.6 199 9.1 203198
£ECE — § ) _ <C‘(Bm)| _ _ _ . TransCal (w/o Bias) 217 108 58 276 92 6.0 274 52 1691145
Transferable Calibration: Bias Reduction TransCal (w/o Variance)| 312 164 65 31.1 147 161 275 4.1 200 |18.6
! TransCal (ours) 229 93 51 217 140 64 21.6 4.5 15.6 13.5
A(B,,) = \Bm\ g 1(y; =yi;) (Accuracy) (2)  » Bias between the estimated ECE and the ground-truth one Oracle 58 81 48 100 77 42 55 39 62|62

Mainstream Approaches to DA i€B,
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» Numerous deep DA methods can be mainly grouped into i€ By, = Exwp: w(x)Lrce(@(x), ¥)] — Exwp [W(X)Lrer(P(x), y)|
two categories: moment matching and adversarial training. = |Exp [(W(x) — W(X))Lrcr(P(x), )]
» Most of DA methods focus on improving the accuracy in ' ' ' (6)

Temperature Scaling for IID Calibration

the target domain but fail to estimate the predictive > The discrepancy between w(x) and w(x) can be bounded by o Beor Caaion ()11 Caltrion ) Transta @ o
_ _ _ _ _ » Fix th | del trained the traini t D - 5] Figure 2: Reliability diagrams from Clipart to Product with CDAN [30] before and after calibration.
uncertainty, falling short of a miscalibration problem. IX the neural model tralned on the training Set Ly, 2y [(W(x) — W(x))] < (M4+1)*E (P(d —1|x) — P(d = 1\X))
. . » Attain the optimal temperature T* by minimizing r - r
' (7)
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_ _ o » Transform Zie INTO calibrated proba bilities Pte — O (Zte / T*) T Figure 3: The estimated calibration error with respect to different values of temperature 7" and meta
(a) Moment Matching: DAN (b) Adversarial Training: DANN (8) parameter \ (both are learnable), showing that different models achieve optimal values at different \.
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