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Motivation and Problem Definition

Background

Taxi service is a vital component in public transportation systems in
both urban and suburban settings.
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Motivation and Problem De�nition

Observations

The taxi operation e�ciency di�ers signi�cantly over di�erent drivers.

Some taxi drivers can learn faster than others.

(a) The distribution of hourly earnings in
July 2016. (Diversity)

(b) Average hourly earnings over
months. (Dynamics)

What did taxi drivers learn over time?
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Motivation and Problem De�nition

Background

Decisions that taxi drivers make when idle:
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Motivation and Problem De�nition

Taxi driver decision making process

Taxi drivers make decisions based on their preferences to the features.

Single step decision example:
Features: [distance to home, time to �nish, tra�c condition, request
likelihood]

Preference1 = [high, high, low, low]
Preference2 = [low, high, high, high]
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Motivation and Problem De�nition

Questions to answer

Recover decision-making preferences of taxi drivers.

Evaluate the preference dynamics over time.
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Methodology

Solution framework

Pan, Li, Zhou, Liu, Song, Lu, Luo. Learning Curve of Taxi Drivers May 4, 2019 9 / 27



Methodology

Solution framework

Pan, Li, Zhou, Liu, Song, Lu, Luo. Learning Curve of Taxi Drivers May 4, 2019 10 / 27



Methodology
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Methodology

Stage 1 Data Preprocessing

Feature Extraction: each feature is de�ned as a numeric characteristic of
a speci�c spatial-temporal region.

e.g., Distance to home and distance to train station.
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Methodology

Stage 1 Data Preprocessing

Pro�le features
Related to the unique personal pro�le information.

P1 Personal visitation frequency.

P2 Distance to home.

P3 Time from start.

P4 Time to �nish.

The distribution of visitation frequency to di�erent regions of a driver:
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Methodology

Stage 1 Data Preprocessing

Habit features
The objective characteristics which are the same for di�erent drivers.

H1 Number of pickups.

H2 Average trip distance.

H3 Average trip time.

H4 Tra�c condition.

H5 Distance to Shenzhen train station.

H6 Distance to Shenzhen Airport.

(a) H1: #pickups (b) H2: mean distance (c) H3: mean time
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Methodology

Stage 2: Inverse Preference Learning

Input

Observed trajectories of a taxi driver.

Decision-making Features.

Output

The preference function of the driver regarding to the features.

Method: Relative Entropy Inverse Reinforcement Learning.[1]
[1] A. Boularias, J. Kober, and J. Peters. Relative entropy inverse reinforcement learning. In Proceedings of the Fourteenth
International Conference on Arti�cial Intelligence and Statistics, pages 182189, 2011.
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Methodology

Stage 3: Preference Dynamic Analysis

Goal: examine if the change in each dimension of the preference
vectors over time is signi�cant or not.

Method: Two-samplet -test.
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Evaluation

Driver Group Selection

Group #1 (Self-improving Drivers):200 drivers whose earning
e�ciencies increase the most.
Group #2 (Stabilized Drivers):200 drivers whose earning e�ciency
gaps are small, i.e., close to 0.
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Evaluation

Key Results for Group #1

t -values for Group #1:

� = 0 :05, fail: jt j > 1:96

The signi�cantly changed preferences comparing 12/16 with 07/16:
H1: Number of pickups
H3: average trip time
H4: tra�c condition
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Evaluation

Key Results for Group #2

t -values for Group #2:

� = 0 :05, fail: jt j > 1:96

The preferences to all pro�le and habit features stay unchanged over the
half a year.
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Takeaways

Takeaways

1. Each driver has its unique preferences to their pro�le features, which
tend to be stable over time.

2. Drivers while learning the environments, may change their preferences
to habit features.
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