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ABSTRACT
Numerous species of animals are known to have magnetoreception, 
or the ability to detect the Earth’s magnetic field, for orientation and 
navigation. However, more research is needed to confirm the un-
derlying mechanics of magnetoreception in animals. Compelling ev-
idence has suggested that dogs align to the Earth’s magnetic field 
during excremental activity if the nearby magnetic field declination, 
or the difference between true north and magnetic north, is stagnant. 
Nonetheless, this phenomenon needs a robust source of experimen-
tal data before it can be established. We are compiling a large image 
dataset of urinating and defecating dogs with citizen science and 
automating the analysis of geomagnetic metadata embedded within 
these images. We hope to verify whether canine alignment in uri-
nation and defecation depends on magnetic field declination. Initial 
results from a low sample size indicate dogs face random directions 
even when the percent change magnetic field declination is less than 
1%. However, the project will require more image submissions from 
across the world to yield more refined results. If dogs demonstrate 
magnetoreception in the course of this project, their potential role as 
experimental subjects will be pivotal in developing future magneto-
reception research.
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ABSTRACT
Analysis of the relative orderings of the differences between model 
predictions as opposed to a quantitative method is often required in 
cases such as customers expressing their preferences instead of 
giving numerical scores. The purpose of this research project is to 
use an algorithm based on the alternating direction method of mul-
tipliers (ADMM) to solve large-scale non-metric multidimensional 
scaling (NMDS) problems. The NMDS problem seeks to optimize 
the Gram matrix of the calculated position vectors by minimizing vi-
olations of the inequality constraints that express the ordering rela-
tions of their pairwise distances. ADMM is a method for large-scale 
optimization which splits variable x into two parts and performs al-
ternating optimizations over each part. The problem is coded using 
Python and Matlab, allowing us to see what fraction of the ordering 
of the original distances is preserved. We are working with randomly 
generated datasets. We are also working with more interesting data, 
including Swiss Roll and S curve data generated using Python, and 
real-world data such as sets of related images. For our initial results, 
which did not include any code for ADMM, the fraction of the order-
ing of distances preserved was quite high, indicating that the relative 
ordering of the original distances was preserved overall.
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Introduction

• As an imperfect information game, players in Liar’s
Dice are not omniscient.

• To find optimal strategies and models in dynamic
Markov Decision Process (MDP) environments that
require sequential decision making, we coded and
tested out various agents to find key aspects.

• We applied reinforcement learning (RL), particularly
Q-learning, to assist us with producing results
regarding the most effective methods.

Key Terms

• Q-learning is an off-policy RL algorithm, and it
learns from outside the policy taking random
actions.

• SARSA is State-Action-Reward-State-Action
on-policy RL algorithm and it updates the policy
based on taken actions.

Game Rules

Within the scope of our work, Liar’s Dice is a two-player
game, where each player rolls 5 dice and has visual access
solely to their own hand.

The first player begins bidding
and announces any face value
(max of 6) and the number of dice
(max of 10). The other player
has two choices: they may make
a higher bid with a larger face or
quantity, or they may call "liar,"

whereupon all dice are revealed to examine the bid. The
winner is determined by the validity of the latest bid.

Objectives

We aim to employ reinforcement learning methods, par-
ticularly Q-learning and SARSA algorithms, to attempt to
outperform fixed strategies and, ultimately, beat a human
player.

Methods

Project Diagram

Program a LD Game in Python Language

Characteristics of StrategiesTraining RL Methods

Naive

Aggressive

Honest

Trust

Probabilistic

Q-Learning Algorithm SARSA Algorithm

• Set up a sequential environment where an agent’s
current actions influences its future moves across
different episodes.

• Generate a series of game strategies as a baseline.

• Establish two reinforcement learning algorithm
methods, tabular and meta-RL, to learn to play
against other bots.

Tools

Baseline Bots (Fixed Strategies Agents)

1 Naive: Makes a valid random bid.

2 Honest: Calls the smallest honest bet in its hand.

3 Aggressive: Calls the highest honest bet in its hand.

4 Trusting: Makes a bid based on the opponent’s call
or calls the lowest bid in its hand.

5 Probabilistic: Calculates the probability of calls and
makes a move based on the results.

A Reinforcement Learning Bot

Start

Initialize random Q-values
to the Q-Table

Begin the episode

Choose an Action a

in a State s using ǫ-greedy policy

Perform that Action

Measure Reward

Move to the new State s’

Update the Q value of the previous state
by the learning function

Is a terminal state?

End

No

Yes

The Q-learning equation:

Q(s, a) = Q(s, a) + α[R+ γmaxaQ(s ′, a) − Q(s, a)]

(1)
The SARSA-learning equation:

Q(s, a) = Q(s, a) + α[R+ γQ(s ′, a ′) − Q(s, a)] (2)

Results and Analysis

Part 1: Examined Fixed Bots’ Performance

NaiveAg HonestAg ProbAg MixedAg

Human 90% 80% 60% 55%

Figure 1: By playing 25 games, we may evaluate the
strengths and weaknesses of each bot. A human can beat
the naive and honest agents easily after 3 to 4 games.
Since we programmed the various agents with a particular
functionality, we are able to quickly distinguish the strat-
egy that the bot employs. The mixed agent, an advanced
version of trust, honest, aggressive, and probabilistic agent
combined, is more effective against humans.
Part 2: RL Bots’ Performance

Figure 2: Q-learning agent begins with random actions
and learns effective strategies against the naive agent
over 1 million episodes of the game with constant epsilon
ǫ = 0.1. As this algorithm is a direct tabular Q-learning
approach with more than 2 million Q-values, its learning
curve is flat with a low slope value.

Figure 3: Within 100000 episodes, the meta/combination
agent quickly learns the optimal strategy to utilize in a
game with ǫ = 0.1.

Figure 4: Q-table visualization of the most effective
strategy that the meta agent learns to choose. It is
trained to determine that the naive agent is a poor selec-
tion, while the probabilistic and trust agents are optimal
choices. Lighter colors display lower Q-values, whereas
deeper colors represent higher values and the most suc-
cessful strategies.

Conclusion

The agent employing Q-learning generates a better perfor-
mance by learning to choose an optimal action compared
to other fixed strategies. However, this study indicates
that the true Q-learning model is slow and requires innu-
merable training episodes - at least 2 million - to learn
effectively.
In future work, we plan to explore counterfactual regret
minimization and the ReBeL Facebook algorithm to re-
verse the downsides of our model and ultimately apply re-
inforcement learning to other dynamic environments that
require sequential decision making, such as education.
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ABSTRACT
Reinforcement learning (RL) has been a growing subset of machine 
learning with increasing success and promise - but it has just be-
gun to be used in complex, multiplayer environments and games. 
An agent learns in a complex environment through trial and error, 
beginning from fully random trials and finishing with sophisticated 
actions. We apply RL to the imperfect information game known as 
Liar’s Dice, which presents a challenging mix of two-player dynam-
ics and partial information to explore. The game forces players to call 
bluffs and doubt opponents while reading others’ potential actions. 
Implementing reinforcement learning to imperfect information games 
allows us to find successful strategies and models in dynamic Mar-
kov Decision Process (MDP) environments that require sequential 
decision making. Utilizing both Python and MATLAB, we employed 
the popular Q-learning method of RL to train agents that begin with 
random actions or to use a combination of fixed strategies against 
others. An agent employing Q-learning improved its win rate from 
50% to only 65% within 1,000,000 episodes against a simple agent. 
On the other hand, an agent that made decisions based on various 
fixed strategies available increased its win rate from 11% to 77.7% 
with 100,000 episodes. Those varying speeds demonstrate the dif-
ficulty of learning and the variability of Q-learning in a game with 
partial information. In future work, we may compare counterfactual 
regret minimization and more state-of-the-art RL algorithms, which 
would expand our understanding of various methods of a partially 
observed, dynamic environment such as Liar’s Dice. By studying 
this game, we hope to one day broaden our results to the education 
space, a similar Markov process where individuals also make de-
cisions sequentially. Using intervention tools such as quizzes and 
lectures, the interactions between students and instructors may be 
refined to improve student learning outcomes.
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S U M M E R U N D E R G R A D U AT E 
R E S E A R C H P R O G R A M

SURP is an umbrella program that administers and scaffolds summer undergraduate research opportunities 
within UCLA Samueli Engineering. SURP participating sub-programs include National Science Foundation 
(NSF) Research Experience for Undergraduates (REU) Sites, Samueli Research Scholars (SRS) Program, Facul-
ty-funded grants, and Electrical and Computer Engineering Fast Track Program.

William Herrera, the director of SURP, is also director of UCLA Samueli Engineering's Undergraduate Research 
and Internship Program (URP/UIP) during the academic year. URP/UIP is committed to helping you find 
research/internship opportunities. Our Peer Advisors are trained to help you with any questions and concerns 
you may have, and appointments are available on our website. 

For any questions about these resources, please reach out to us at urp@seas.ucla.edu and uip@seas.ucla.edu, 
or scan the QR code on the next page to get to our website. 

We also encourage you to follow us on social media to stay updated on future professional development event 
and opportunities. 
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