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5-1. Enhancing model performance with gradient regularization

1. Large sample scenario (10K-Random)

Metric: DNN TasteNet RUM
Mean (SD) No GR No GR MNL o % lej DNN (I’]OGR) > MNI_
Panel 1: CMAP data, sum-XGF | @:I_
Log-likelihood —-1351.9 -1438.3 -1426.3 %ﬁ’ ‘J : D N N (n O G R> < M N L
(4.697) (5.834) (0) o g -
Accuracy 0.729 0.713 0.718 jE}_I_ /'\J i f&&'b\
(0.003)  (0.003) () - accuracy&F1 scored)% T — X DIRY KT
F, score 0.691 0.654 0.669
(0.005)  (0.006)  (0) « TasteNet|ZFR A} n %/,\J TE B
Strong regularity 0.888 0.998 0.998
(0.066) (0.002) ()]
Weak regularity 0.922 0.999 1.000 -
(0.061) (0.002) (V)] | — i\:lc:]
Panel 3: LTDS data, sum-XGR 0.84 — Active
Log-likelihood —1292.0 —1305.8 -1366.9
(7.894) (2.226) (0) 20.61
Accuracy 0.729 0.732 0.730 F
(0.005)  (0.003)  (0) £ 041
F, score 0.727 0.728 0.726
(0.004) (0.003) (0) s
Strong regularity 0.950 0.942 0.993 '
(0.034) (0.021) 0)
Weak regularity 0.969 0.966 1.000 0.0 . . . . |
(0.027) (0.019) (D)) 10 20 30 40 50
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5-1. Enhancing model performance with gradient regularization

1. Large sample scenario (10K-Random)

Metric: DNN TasteNet RUM

Mean (SD) No GR PGR UGR LGR No GR PGR UGR LGR ReLU Exp MNL

Panel 1: CMAP data, sum-XGR
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(0.005) (0.004) (0.004) (0.004) (0.006) (0.005) (0.005) (0.005) (0.002) (0.004) 0)

Strong regularity 0.888 0.990 0.982 0.991 0.998 0.999 0.999 0.999 0.426 0.999 0.998
(0.066) (0.003) (0.012) (0.003) (0.002) (0.001) (0.001) (0.001) (0.320) (0.001) (0)

Weak regularity 0.922 0.999 0.996 0.999 0.999 1.000 1.000 1.000 1.000 1.000 1.000
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5-1. Enhancing model performance with gradient regularization

1. Large sample scenario (10K-Random)

Metric: DNN TasteNet

Mean (SD) No GR PGR UGR LGR No GR PGR UGR LGR

Panel 1: CMAP data, sum-XGR

Log-likelihood -1351.9  -13443  -1350.2 -13474 -1438.3  -1438.4  -1439.0 —1438.4 e SuUM —X G R Cj: % },E\IJ j] &f%&fﬁ L: ‘tj_' "9*— L: %ﬁ, EIJ ’|¢ |_|:'T_| J:
(4.697) (5.521)  (5.803) (5.110) (5.834) (6.027) (5.992) (6.099)
Accuracy 0.729 0.730 0.729 0.729 0.713 0.713 0.713 0.713 . — 31 NE] >
(0.003) (0.002)  (0.002) (0.002) (0.003) (0.002) (0.003) (0.002) D N N L" j:‘) L T ‘i %”‘J jj IJETJ J: :6 %’ e *L %
F, score 0.691 0.698 0.694 0.696 0.654 0.654 0.654 0.654
(0.005) (0.004) (0.004) (0.004) (0.006) (0.005) (0.005) (0.005) e SuUum- P G R > sum- U G R, sum- LG R
Strong regularity | 0.888 0.990 0.982 0.991 0.998 0.999 0.999 0.999
(0.066) (0.003)  (0.012) (0.003) (0.002) (0.001) (0.001) (0.001)
Weak regularity 0.922 0.999 0.996 0.999 0.999 1.000 1.000 1.000
(0.061) (0.001)  (0.006) (0.001) (0.002) (0.001) (0.001) (0.001)

Panel 2: CMAP data, norm-XGR

—— Auto

Log-likelihood -1351.9 —1353.9 -1362.0 -1354.0 —-1438.3 -1439.1 —-1469.5 —-1440.8

(4.697) (5.018) (3.110) (4.451) (5.834) (5.836) (6.287) (5.804) 0.8 -
Accuracy 0.729 0.729 0.725 0.727 0.713 0.713 0.710 0.712

(0.003) (0.004) (0.004) (0.003) (0.003) (0.003) (0.003) (0.003)
F, score 0.691 0.688 0.677 0.683 0.654 0.653 0.643 0.652

(0.005) (0.007) (0.009) (0.007) (0.006) (0.005) (0.005) (0.005) 2 0.6
Strong regularity 0.888 0.857 0.706 0.815 0.998 0.998 0.929 0.997 i

(0.066) (0.069) (0.051) (0.068) (0.002) (0.002) (0.030) (0.004) 3
Weak regularity 0.922 0.893 0.756 0.851 0.999 0.999 0.941 0.998 g

(0.061) (0.067) (0.051) (0.069) (0.002) (0.002) (0.026) (0.003)

Panel 3: LTDS data, sum-XGR

Log-likelihood -12920  -12886  —12886  -1305.0 | -1305.8 -13086 -1317.6  —1308.3
(7.894)  (9.668)  (3.765) (7.316) (2.226)  (2.795) (4.280)  (2.670)
Accuracy 0.729 0.729 0.727 0.724 0.732 0.730 0.728 0.730
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F, score 0.727 0.728 0.725 0.721 0.728 0.726 0.723 0.726 0 10 20 30 40 50
(0.004)  (0.004)  (0.002) (0.006) (0.003)  (0.002) (0.004)  (0.002) auto_cost ($)
Strong regularity 0.950 0.994 0.994 0.997 0.942 0.964 0.987 0.972
(0.034)  (0.004)  (0.009) (0.003) (0.021)  (0.013) (0.008)  (0.012)
Weak regularity | 0.969 0.999 0.998 1.000 0.966 1.000 1.000 1.000 (b) DNN, sum-PGR
(0.027)  (0.001)  (0.004) (0.000) (0.019)  (0.000) (0.000)  (0.000)




5-1. Enhancing model performance with gradient regularization

1. Large sample scenario (10K-Random)

Metric: DNN TasteNet
Mean (SD) NoGR  PGR UGR LGR NoGR  PGR UGR LGR
Panel 1: CMAP data, sum-XGR ° norm—XGRci %;E]Jj] :E) %EE\'J’I@E:E) I_EIHJ:@ L/
Log-likelihood ~1351.9  -13443  -1350.2  -13474  -14383  -14384  -1439.0  -1438.4 Ly
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Accuracy 0.729 0730 0729 0.729 0.713 0.713 0.713 0.713
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F, score 0.691 0.698  0.694 0.696 0.654 0.654 0.654 0.654 o AFICHT L TEFHTE L
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Strong regularity  0.888 0.990 0.982 0.991 0.998 0.999 0.999 0.999 e AINMKEELKBIZONT EIEIE] %7? HIE 9 5
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Weak regularity ~ 0.922 0999  0.99 0.999 0.999 1.000 1.000 1.000
0.061)  (0.001)  (0.006)  (0.001)  (0.002)  (0.001)  (0.001)  (0.001)

Panel 2: CMAP data, norm-XGR A
Log-likelihood -13519 —1353.9  -1362.0 -1354.0 -1438.3  -1439.1 -1469.5 -1440.8 K < /N
(4.697) (5.018)  (3.110) (4.451) (5.834) (5.836) (6.287) (5.804) o i
Accuracy 0.729 0.729 0.725 0.727 0.713 0.713 0.710 0.712 o Neeeeee——— | o, = —
(0.003) (0.004)  (0.004) (0.003) (0.003) (0.003) (0.003) (0.003) - e \ ——
F, score 0.691 0.688 0.677 0.683 0.654 0.653 0.643 0.652 —we [ F — | F = | e
(0.005) (0.007)  (0.009) (0.007) (0.006) (0.005) (0.005) (0.005) scte e | Fos aave | § g | — acive
Strong regularity f 0.888 0.857 0.706 0.815 0.998 0.998 0.929 0.997 Ll = — | ——— ) p— o
(0.066) (0.069)  (0.051) (0.068) (0.002) (0.002) (0.030) (0.009) . " ——— T |2 S———
Weak regularity 0.922 0.893 0.756 0.851 0.999 0.999 0.941 0.998 T T T T T T T T T T w @ R &
(0.061) (0.067)  (0.051) (0.069) (0.002) (0.002) (0.026) (0.003)
(e) A =100, norm-PGR (f) A =1, norm-PGR (g) A =102, norm-PGR (h) A =10"*, norm-PGR
Panel 3: LTDS data, sum-XGR
Log-likelihood -1292.0 -1288.6  -1288.6 -1305.0 -1305.8 -1308.6 -1317.6  —1308.3
(7.894) (9.668)  (3.765) (7.316) (2.226) (2.795) (4.280) (2.670)
Accuracy 0.729 0.729 0.727 0.724 0.732 0.730 0.728 0.730
(0.005)  (0.004)  (0.002)  (0.004)  (0.003)  (0.002)  (0.004)  (0.002) norm-XGRIZ ﬁ&\j‘] TlIAE L
F, score 0.727 0.728 0.725 0.721 0.728 0.726 0.723 0.726 e R . N
(0.004) (0.004)  (0.002) (0.006) (0.003) (0.002) (0.004) (0.002) — X D J:I: EX 75\ 5 ‘j: A <
Strong regularity 0.950 0.994 0.994 0.997 0.942 0.964 0.987 0.972
(0.034) (0.004)  (0.009) (0.003) (0.021) (0.013) (0.008) (0.012)
Weak regularity 0.969 0.999 0.998 1.000 0.966 1.000 1.000 1.000

(0.027) (0.001) (0.004) (0.000) (0.019) (0.000) (0.000) (0.000)




5-1. Enhancing model performance with gradient regularization

2. Small sample scenario (1K-Random)

Metric: DNN TasteNet RUM

Mean (SD) No GR PGR UGR LGR No GR PGR UGR LGR ReLU Exp MNL

Panel 1: CMAP data_sum-XGR

Log-likelihood -375.1 -367.9 -374.2 —369.7 —389.3 —385.2 —-383.1 —386.6 —386.3 -378.0 -380.2
(3.096) (4.181) (3.298) (3.304) (2.838) (3.351) (3.139) (3.447) (2.506) (4.123) ()]

Accuracy 0.705 0.703 0.676 0.696 0.700 0.679 0.686 0.677 0.696 0.707 0.718
(0.002) (0.007) (0.010) (0.011) (0.005) (0.012) (0.010) (0.012) (0.005) (0.004) (0

F, score 0.648 0.645 0.559 0.619 0.619 0.563 0.580 0.559 0.610 0.637 0.665
(0.004) (0.018) (0.027) (0.030) (0.012) (0.028) (0.023) (0.028) (0.011) (0.010) 0)

Strong regularity 0.664 0.985 0.985 0.985 0.659 0.979 0.983 0.979 0.461 0.999 0.996
(0.173) (0.009) (0.011) (0.011) (0.129) (0.015) (0.013) (0.013) (0.195) (0.001) (0

Weak regularity 0.728 0.999 0.997 0.999 0.685 0.997 0.995 0.992 1.000 1.000 1.000
(0.162) (0.001) (0.005) (0.002) (0.128) (0.004) (0.006) (0.009) (0.000) (0.000) ()}

Panel 2: LTDS data,Jsum-XGR

Log-likelihood —322.6 -328.8 -317.8 —-335.2 —-345.1 -339.7 —-343.5 -340.1 -341.0 -335.5 -331.2
(3.455) (8.146) (3.440) (11.30) (2.337) (2.023) (3.035) (1.974) (2.572) (2.951) 0)

Accuracy 0.737 0.720 0.740 0.717 0.725 0.734 0.724 0.733 0.729 0.733 0.746
(0.007) (0.013) (0.007) (0.021) (0.004) (0.006) (0.009) (0.006) (0.006) (0.008) 0)

F, score 0.732 0.703 0.734 0.694 0.711 0.720 0.705 0.718 0.715 0.725 0.740
(0.007) (0.020) (0.008) (0.038) (0.005) (0.006) (0.013) (0.005) (0.007) (0.009) 0)

Strong regularity 0.904 0.999 0.992 0.997 0.939 0.964 0.999 0.965 0.924 0.999 0.998
(0.069) (0.002) (0.014) (0.008) (0.023) (0.013) (0.002) (0.01) (0.046) (0.002) 0)

Weak regularity 0.913 1.000 0.993 0.998 0.943 0.984 0.999 0.981 1.000 1.000 1.000
(0.067) (0.001) (0.014) (0.006) (0.024) (0.012) (0.002) (0.013) (0.000) (0.000) ()]

e BFICCMAPT —&IZXt9 Sregularity”'DNN (no GR) (£ A 78 ) /v & Ly

« MEEERZERY S TILDEZTLY HLERAMBRNEER D

e sum-XGRIZFAAD EHREME, MADRALEICFESELTWS
sum-XGR DNN{Z/Y > Z IV TIIMNLE REFEDREHN L EREZ1FD

KNy
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o
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©
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5-1. Enhancing model performance with gradient regularization

3. Out-of-domain generalization (10K-Sorted)

Metric: DNN TasteNet RUM

Mean (SD) No GR PGR UGR LGR No GR PGR UGR LGR ReLU Exp MNL

Panel 1: CMAP data, sum-XGR

Log-likelihood -1356.1 —-1243.5 -1167.9 —1232.4 —1485.9 -1873.7 -1901.4 -2003.9 -2315.4 —-1995.0 -2025.7
(134.1) (55.15) (27.64) (54.87) (47.92) (45.52) (36.62) (50.23) (395.4) (51.83) 0)

Accuracy 0.783 0.788 0.789 0.788 0.750 0.726 0.725 0.705 0.578 0.723 0.722
(0.011) (0.002) (0.003) (0.002) (0.014) (0.008) (0.006) (0.008) (0.134) (0.007) 0)

F, score 0.722 0.726 0.727 0.724 0.707 0.721 0.720 0.708 0.603 0.719 0.721
(0.010) (0.006) (0.003) (0.005) (0.006) (0.005) (0.004) (0.006) (0.112) (0.005) (®

Strong regularity 0.317 0.857 0.923 0.865 1.000 0.980 0.978 0.981 0.933 0.969 0.984
(0.240) (0.099) (0.087) (0.071) (0.000) (0.004) (0.004) (0.004) (0.169) (0.005) 0)

Weak regularity 0.487 0.974 0.983 0.977 1.000 1.000 1.000 1.000 1.000 1.000 1.000
(0.230) (0.037) (0.040) (0.023) (0.000) (0.000) (0.000) (0.001) (0.000) (0.000) 0)

Panel 2: LTDS data sum-XGR (public transit cost)

Log-likelihood -1137.9 —11104 -1108.4 -1112.1 -1221.1 -1170.2 -1171.1 -1175.0 -1182.3 -1150.1 -1301.6
(34.33) (23.86) (21.15) (26.67) (33.10) (27.01) (28.54) (30.25) (54.11) (29.62) )

Accuracy 0.777 0.784 0.794 0.782 0.776 0.786 0.785 0.783 0.782 0.781 0.780
(0.010) (0.007) (0.007) (0.006) (0.009) (0.008) (0.008) (0.007) (0.017) (0.008) 0)

F, score 0.768 0.776 0.778 0.776 0.765 0.772 0.772 0.772 0.769 0.768 0.770
(0.011) (0.006) (0.008) (0.006) (0.008) (0.008) (0.008) (0.007) (0.018) (0.008) )

Strong regularity 0.185 0.968 0.979 0.907 0.313 0.878 0.872 0.720 0.248 0.982 0.980
(0.075) (0.032) (0.029) (0.062) (0.007) (0.095) (0.095) (0.083) (0.084) (0.005) 0

Weak regularity 0.207 0.977 0.984 0.925 0.343 0.993 0.988 0.900 1.000 1.000 1.000
(0.080) (0.026) (0.025) (0.055) (0.008) (0.010) (0.012) (0.045) (0.000) (0.000) )

« KLETDNN (nho GR)IZMNLZ K= < E[B]> TWB A, regularityld% 5
o sum-XGRIFFH D EREIEDEEICHFESL TWD

« TasteNet (hard) ZLTDSTIZRAME & FRAICE EAR NS A, CMAPTIEZhER L
EIFNNIEETHSUM-XGRIZKZ LR ZFF2 / N— FHIFIOMRIZ 7 — X &TF

0.8 4
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5-2. Trade-off between predictive power and behavioral regularity

1. Large sample scenario (10K-Random)

~1340 4 2 ~1350 %

o czsecfeecTEsEmmegseo- - }1.0 ? 1350 1.0 g

P [ [

R -13604 * H -13759 % =
[ w Y RE o8y g
g 1380 F0.9. 2 8 -14001 . "~ s L2 &
o c o b T ]
2 -1400 3 3 _14254 3 &
- g = (069 o
8 -1420 Logs 3 - 9
$-1 08 g 2 -1450 g £
= & = & =
% ~1440 A % ~1475 - [0 %
o> w > w =
2 1460 0.7 o 2 = L2
% ) % -1500 A v 71
] © ] ro2 © O
= ~1480 5 F s

g ~1525 - g

© ©

—-1500 0.6 o | -

i ~1550 A 003

T T T T T T T - T T T T T T T [

-4 -3 -2 -1 0 1 2 -4 -3 -2 -1 0 1 2
Ig(A) Ig(A)
—+— Log-likelihood Strong regularity —— Log-likelihood Strong regularity
+«— Accuracy -«~- Weak regularity «— Accuracy -+~ Weak regularity
—e— F; score —e— F; score

(a) DNN, sum-PGR (CMAP) (b) DNN, norm-PGR (CMAP)

-13004 - --ze=~
»

|
-
w
wn
o

—-1400 -

-1450 A

—-1500 -

|
-
wn
wn
o

-1600 A

-4 -3 -2 -1 0 1

Ig(A)
—+— Log-likelihood Strong regularity
+— Accuracy -«~ Weak regularity

—e— F; score

(¢) DNN, sum-PGR (LTDS)

2

c ADKELBRBICONTAEIFKRKELIETLTEY ., accuracyXF1 scored Y B

¢« BIIA=10D R TZDENHIBEETH D> A<01TIEFHIOKEZDET ZBA T ICARAER E% EIR
e« norm-PGRICEWNT, 1&x KZ < L7z & Zweak regularity X122 = strong regularitylZ0iZ¥rD <

— /IILLIERMBIC &K Y . AEEAFIEfLINTWBE Z EAhh B

KUY 7L TRBEOEEICFHNHETZ24#F 5 KEHRE (substitution effects) HEoLN 3

A KELLTELRVWEVLWS TRAMDE

T
o o g
) © =)

Test accuracy, F; score, regularities (average)

T
e
~

T
o
o



I 5-2. Trade-off between predictive power and behavioral regularity

2. Small sample scenario (1K-Random)
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5-2. Trade-off between predictive power and behavioral regularity

3. Out-of-domain generalization (10K-Sorted)
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I 5-3. Summary of empirical findings

1. Large sample scenario
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I 6. Conclusions
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I 6. Conclusions

Future work
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Appendix

1. Large sample scenario (10K-Random)

Metric: DNN TasteNet RUM

Mean (SD) No GR PGR UGR LGR No GR PGR UGR LGR ReLU Exp MNL

Panel 1: CMAP data, sum-XGR

Log-likelihood -1351.9 -13443 —1350.2 —1347.4 —1438.3 -1438.4 —1439.0 -1438.4 -1463.0 —1439.7 -1426.3
(4.697) (5.521) (5.803) (5.110) (5.834) (6.027) (5.992) (6.099) (20.05) (6.073) 0)

Accuracy 0.729 0.730 0.729 0.729 0.713 0.713 0.713 0.713 0.712 0.717 0.718
(0.003) (0.002) (0.002) (0.002) (0.003) (0.002) (0.003) (0.002) (0.002) (0.003) 0)

F, score 0.691 0.698 0.694 0.696 0.654 0.654 0.654 0.654 0.650 0.664 0.669
(0.005) (0.004) (0.004) (0.004) (0.006) (0.005) (0.005) (0.005) (0.002) (0.004) 0)

Strong regularity 0.888 0.990 0.982 0.991 0.998 0.999 0.999 0.999 0.426 0.999 0.998
(0.066) (0.003) (0.012) (0.003) (0.002) (0.001) (0.001) (0.001) (0.320) (0.001) 0)

Weak regularity 0.922 0.999 0.996 0.999 0.999 1.000 1.000 1.000 1.000 1.000 1.000

(0.061) (0.001) (0.006) (0.001) (0.002) (0.001) (0.001) (0.001) (0.000) (0.000) 0)

Panel 2: CMAP data, norm-XGR

Log-likelihood -1351.9 —13539 -1362.0 —-1354.0 —1438.3 -1439.1 —1469.5 —1440.8 —-1463.0 —-1439.7 -1426.3
(4.697) (5.018) (3.110) (4.451) (5.834) (5.836) (6.287) (5.804) (20.05) (6.073) (0

Accuracy 0.729 0.729 0.725 0.727 0.713 0.713 0.710 0.712 0.712 0.717 0.718
(0.003) (0.004) (0.004) (0.003) (0.003) (0.003) (0.003) (0.003) (0.002) (0.003) (0)

F, score 0.691 0.688 0.677 0.683 0.654 0.653 0.643 0.652 0.650 0.664 0.669
(0.005) (0.007) (0.009) (0.007) (0.006) (0.005) (0.005) (0.005) (0.002) (0.004) (0)

Strong regularity 0.888 0.857 0.706 0.815 0.998 0.998 0.929 0.997 0.426 0.999 0.998
(0.066) (0.069) (0.051) (0.068) (0.002) (0.002) (0.030) (0.004) (0.320) (0.001) (0)

Weak regularity 0.922 0.893 0.756 0.851 0.999 0.999 0.941 0.998 1.000 1.000 1.000

(0.061) (0.067) (0.051) (0.069) (0.002) (0.002) (0.026) (0.003) (0.000) (0.000) @

Panel 3: LTDS data, sum-XGR

Log-likelihood —1292.0 —1288.6 —1288.6 -1305.0 —1305.8 -1308.6 -1317.6 -1308.3 -1335.5 -1312.9 -1366.9
(7.894) (9.668) (3.765) (7.316) (2.226) (2.795) (4.280) (2.670) (20.45) (2.706) 0

Accuracy 0.729 0.729 0.727 0.724 0.732 0.730 0.728 0.730 0.725 0.736 0.730
(0.005) (0.004) (0.002) (0.004) (0.003) (0.002) (0.004) (0.002) (0.006) (0.002) (0)

F, score 0.727 0.728 0.725 0.721 0.728 0.726 0.723 0.726 0.721 0.733 0.726
(0.004) (0.004) (0.002) (0.006) (0.003) (0.002) (0.004) (0.002) (0.006) (0.002) 0)

Strong regularity 0.950 0.994 0.994 0.997 0.942 0.964 0.987 0.972 0.933 0.990 0.993
(0.034) (0.004) (0.009) (0.003) (0.021) (0.013) (0.008) (0.012) (0.043) (0.002) 0

Weak regularity 0.969 0.999 0.998 1.000 0.966 1.000 1.000 1.000 1.000 1.000 1.000

(0.027) (0.001) (0.004) (0.000) (0.019) (0.000) (0.000) (0.000) (0.000) (0.000) (0)




Appendix

2. Small sample scenario (1K-Random)

Metric: DNN TasteNet RUM

Mean (SD) No GR PGR UGR LGR No GR PGR UGR LGR ReLU Exp MNL

Panel 1: CMAP data, sum-XGR

Log-likelihood -375.1 -367.9 -374.2 —369.7 —-389.3 —385.2 —383.1 —-386.6 —-386.3 -378.0 —-380.2
(3.096) (4.181) (3.298) (3.304) (2.838) (3.351) (3.139) (3.447) (2.506) (4.123) (0)

Accuracy 0.705 0.703 0.676 0.696 0.700 0.679 0.686 0.677 0.696 0.707 0.718
(0.002) (0.007) (0.010) (0.011) (0.005) (0.012) (0.010) (0.012) (0.005) (0.004) (0)

F, score 0.648 0.645 0.559 0.619 0.619 0.563 0.580 0.559 0.610 0.637 0.665
(0.004) (0.018) (0.027) (0.030) (0.012) (0.028) (0.023) (0.028) (0.011) (0.010) (0)

Strong regularity 0.664 0.985 0.985 0.985 0.659 0.979 0.983 0.979 0.461 0.999 0.996
(0.173) (0.009) (0.011) (0.011) (0.129) (0.015) (0.013) (0.013) (0.195) (0.001) (0)

Weak regularity 0.728 0.999 0.997 0.999 0.685 0.997 0.995 0.992 1.000 1.000 1.000

(0.162) (0.001) (0.005) (0.002) (0.128) (0.004) (0.006) (0.009) (0.000) (0.000) (0)

Panel 2: LTDS data, sum-XGR

Log-likelihood —322.6 -328.8 -317.8 -335.2 —345.1 -339.7 -343.5 -340.1 -341.0 -335.5 -331.2
(3.455) (8.146) (3.440) (11.30) (2.337) (2.023) (3.035) (1.974) (2.572) (2.951) (0)

Accuracy 0.737 0.720 0.740 0.717 0.725 0.734 0.724 0.733 0.729 0.733 0.746
(0.007) (0.013) (0.007) (0.021) (0.004) (0.006) (0.009) (0.006) (0.006) (0.008) (0)

F, score 0.732 0.703 0.734 0.694 0.711 0.720 0.705 0.718 0.715 0.725 0.740
(0.007) (0.020) (0.008) (0.038) (0.005) (0.006) (0.013) (0.005) (0.007) (0.009) (0)

Strong regularity 0.904 0.999 0.992 0.997 0.939 0.964 0.999 0.965 0.924 0.999 0.998
(0.069) (0.002) (0.014) (0.008) (0.023) (0.013) (0.002) (0.01) (0.046) (0.002) (0)

Weak regularity 0.913 1.000 0.993 0.998 0.943 0.984 0.999 0.981 1.000 1.000 1.000

(0.067) (0.001) (0.014) (0.006) (0.024) (0.012) (0.002) (0.013) (0.000) (0.000) (0)
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3. Out-of-domain generalization (10K-Sorted)

Metric: DNN TasteNet RUM

Mean (SD) No GR PGR UGR LGR No GR PGR UGR LGR ReLU Exp MNL

Panel 1: CMAP data, sum-XGR

Log-likelihood —-1356.1 -1243.5 -1167.9 —12324 —1485.9 -1873.7 -1901.4 —2003.9 -2315.4 —-1995.0 —-2025.7
(134.1) (55.15) (27.64) (54.87) (47.92) (45.52) (36.62) (50.23) (395.4) (51.83) 0)

Accuracy 0.783 0.788 0.789 0.788 0.750 0.726 0.725 0.705 0.578 0.723 0.722
(0.011) (0.002) (0.003) (0.002) (0.014) (0.008) (0.006) (0.008) (0.134) (0.007) (0)

F, score 0.722 0.726 0.727 0.724 0.707 0.721 0.720 0.708 0.603 0.719 0.721
(0.010) (0.006) (0.003) (0.005) (0.006) (0.005) (0.004) (0.006) (0.112) (0.005) (0)

Strong regularity 0.317 0.857 0.923 0.865 1.000 0.980 0.978 0.981 0.933 0.969 0.984
(0.240) (0.099) (0.087) (0.071) (0.000) (0.004) (0.004) (0.004) (0.169) (0.005) (0)

Weak regularity 0.487 0.974 0.983 0.977 1.000 1.000 1.000 1.000 1.000 1.000 1.000

(0.230) (0.037) (0.040) (0.023) (0.000) (0.000) (0.000) (0.001) (0.000) (0.000) (V)

Panel 2: LTDS data, sum-XGR (public transit cost)

Log-likelihood -1137.9 -11104 -1108.4 -1112.1 -1221.1 -1170.2 -1171.1 -1175.0 -1182.3 -1150.1 —-1301.6
(34.33) (23.86) (21.15) (26.67) (33.10) (27.01) (28.54) (30.25) (54.11) (29.62) (0)

Accuracy 0.777 0.784 0.794 0.782 0.776 0.786 0.785 0.783 0.782 0.781 0.780
(0.010) (0.007) (0.007) (0.006) (0.009) (0.008) (0.008) (0.007) (0.017) (0.008) (0)

F, score 0.768 0.776 0.778 0.776 0.765 0.772 0.772 0.772 0.769 0.768 0.770
(0.011) (0.006) (0.008) (0.006) (0.008) (0.008) (0.008) (0.007) (0.018) (0.008) (0)

Strong regularity 0.185 0.968 0.979 0.907 0.313 0.878 0.872 0.720 0.248 0.982 0.980
(0.075) (0.032) (0.029) (0.062) (0.007) (0.095) (0.095) (0.083) (0.084) (0.005) (V)

Weak regularity 0.207 0.977 0.984 0.925 0.343 0.993 0.988 0.900 1.000 1.000 1.000

(0.080) (0.026) (0.025) (0.055) (0.008) (0.010) (0.012) (0.045) (0.000) (0.000) (V)
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