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Figure 1: The long-tail travel time distribution of real-world
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DTTE (Distributional Travel Time Encoding)
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Figure 3: An illustrative example of travel time label dis-
cretization. DTTE encodes long-tail classes in more coarse-

grained intervals, i.e., At < AT.
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ALLS, Adaptive Local Label Smoothing
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RWPR, Route-Wise Prior Regularization
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Figure 4: The probabilistic distribution of two different
routes, which can be well fitted by two different log-normal
prior distributions.



Overview

>IRKEREY (Joint Optimization)

> = + + = X : —

>
> =—— _  log™
>

Probability Output § Soft Label y
2 E:
5 — [ G— 2
= cla 3
= £
ATT
] —+ 1
Route
[ — 3? — 957 e
Trip 9
1= ’“ o
B ieiufs_l / e Lognormal Prior DTTE
States z
Regressive
Ouitpe § Lreg ATT y

Soft-Label
Generation



> HATRITE)F

»Travel time prediction
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Table 2: Overall performance of travel time predictiﬂn| on Beijing and Shanghai datasets.

Model Beijing Shanghai
MAE (sec)] RMSE (sec)] MAPE| SR(%)] | MAE (sec)] RMSE (sec)] MAPE] SR(%)]
RouteETA 153.29 250.06 0.1512 43.07 137.52 203.88 0.1728 38.64
GBDT 140.23 230.70 0.1401 46.22 125.02 189.19 0.1557 42.13
WDR 113.52 191.92 0.1258 25.82 97.35 146.79 0.1284 22.16
HierETA 115.59 194.62 0.1146 23.14 98.92 151.27 0.1579 21.76
ProsTTE 111.12 187.01 0.1111  56.48 96.04 145.09 0.1208 52.68
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Table 3: Ablation study on Beijing and Shanghai datasets.

Model variants - Beijing : Shanghai
MAE (sec)] RMSE (sec)] MAPE| SR(%)T | MAE (sec)] RMSE (sec)] MAPE| SR(%)T
PROBTTE -WoSR 112,46 190.67 0.1367 56.24 06.44 146.6 0.1453 52.49
PROBTTE -WLS 112.16 189.76 0.1372 56.19 97.07 147.64 0.1482 52.23
PROBTTE -WoR 112.42 190.56 0.1367 56.20 96.75 147.59 0.1461 52.40
PROBTTE -WND 111.68 189.03 0.1369 56.32 06.33 146.42 0.1461 e
ProTTE 111.12 187.01 0.1111 56.18 96.01 115.09 0.1208 52.68
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»WoDS: current order-dispatching without distribution score
»WDS: optimized order-dispatching incorporating distribution score
> ZA/Btest, BCRFTR&, %4its &L

Table 4: Improvement on order dispatching services.

| Servicel Service II

WoDs 3.04% 4.08%
WDSs 2.96% 3.7%

Improvement 2.8% 9.16%
P-value 0.03 0.01




Contributions (g

> BIRARTTERIBIEET X
»The first attempt to investigate the probabilistic travel time estimation for
the ride-hailing platform.

> PROBTTE

»We propose PROBTTE, a probabilistic framework to improve the accuracy
and utility of the TTE service. PROBTTE is agnostic to the prediction
model and can be easily integrated with existing TTE alternatives.

>{EDiDiEEEREPROBTTE

»We deploy PROBTTE at DiDi’s ride-hailing platform, which successfully
improves the travel time prediction accuracy and order-dispatching quality.

> SERGER SRIERRYS AR

» Extensive experiments on the real-world TTE datasets and two order-
patching services demonstrate the effectiveness of our proposed framework
against five baselines and the previous order-dispatching strategy.
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> B a ye S i a n F ra m ewo r k Figure 1: Illustrating the difference between aleatoric and epistemic uncertainty for semantic segmentation

on the CamVid dataset [8]. Aleatoric uncertainty captures noise inherent in the observations. In (d) our model
exhibits increased aleatoric uncertainty on object boundaries and for objects far from the camera. Epistemic

> 3]%‘ ﬁ %‘P Z\ Iﬁ }i’l]‘i %-—‘ uncertainty accounts for our ignorance about which model generated our collected data. This is a notably

different measure of uncertainty and in (e) our model exhibits increased epistemic uncertainty for semantically
and visually challenging pixels. The bottom row shows a failure case of the segmentation model when the
model fails to segment the footpath due to increased epistemic uncertainty, but not aleatoric uncertainty.
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