B8 & NU S ENEEN NANYANG
TECHNOLOGICAL
e, UNIVERSITY

SINGAPORE

7N, / National University

International Conference On ”) :
. of Singapore

Learning Representations

"3 ICLR

Highly Efficient Self-Adaptive Reward Shaping
for Reinforcement Learning

Haozhe Ma*!, Zhengding Luo*?, Thanh Vinh Vol, Kuankuan Simal, Tze-Yun Leong!

* Equal contribution, ! National University of Singapore, 2 Nanyang Technological University

Corresponding: haozhe.ma@u.nus.edu




Motivation

Sparse-Reward Challenge in Reinforcement Learning
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« Sparse and delayed rewards: one of the main challenges in Reinforcement Learning.
o Binary rewards: {0,1}.
o Only indicating the completion of the overall task.
o All Os (no information) for all in-process states.
o The agent cannot discriminate the values among different states, without getting any immediate feedback.

o Common: usually don’t have any heuristics, prior knowledge or expertise to define an informative reward function.
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Motivation

Reward Shaping
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« Reward Shaping (RS): Reshape/rebuild the sparse environmental reward to more informative rewards.
RNeW — yRENV 4 ﬁRSha

« Main problem: how to find/learn/maintain a shaped reward RS"¢
o Transfer/decompose/re-assign sparse rewards to dense rewards.
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Sparse rewards: Q . 1
R(key) =0 R(door) =0
Expected dense 0.1 0.1 0.2 0.2 0.2 0.3 0.3 0.3 1
rewards: > ? .
R(key) = 0.5 R(door) = 0.8
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Previous Work and Inspiration
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Inspiration from Previous Work

* Inspiration from a previous work ReLara [1]:
o A mechanism to naturally balance exploration and exploitation from reward shaping perspective:
designing shaped rewards evolving from stochastic to certain.
o Converge to a meaningful reward.
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meaningful reward

[1] Haozhe Ma, Kuankuan Sima, Thanh Vinh Vo, Di Fu, and Tze-Yun Leong. 2024. Reward Shaping for Reinforcement Learning with An Assistant Reward Agent. In Proceedings of the 41st
International Conference on Machine Learning, PMLR, 33925-33939.
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Methodology

Thompson Sampling

* Beta distribution
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1. Tested 10 times, 6 of which succeed.
2. Tested 100 times, 60 of which succeed.
3. Tested 1000 times, 600 of which succeed.

The estimated probabilities of success are all 0.6, but the confidence is different.
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Methodology

Thompson Sampling

« Thompson sampling is a commonly used algorithm in multi-armed bandit.
o Balance the exploration-exploitation
o Adaptively update the posterior distribution based on observations.
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Methodology

Thompson Sampling
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* Beta distribution

Beta Distribution

Beta Distribution

Beta Distribution

Beta Distribution

— Beta(l, 1) 2.5 —— Beta(6, 4) 8 —— Betal60, 40) 25 —— Betal600, 400)
1.04
74
2.0 1 207
61
1.02
z z z Zz
a @ @ s @
§ § 1354 §° g
h-1 -} -l °
£ 100 g £ 44 £
5 3 5 3
8 £ 104 3 3] 8 104
< <) 2 <)
o 0.98 a [N a
2
0.5 54
0.96 Eh
0.0 0 R
: T - r - r T T T T T T T T T T T T T T T T T T
0.0 0.2 0.4 0.6 0.8 1.0 0.0 02 0.4 06 0.8 10 0.0 0.2 0.4 0.6 0.8 L0 0.0 0.2 0.4 0.6 0.8 10

x

X

X

X

Beta(600 + 1,400 + 1)

Beta(0+1,0+1) Beta(6+1,4+1) Beta(60 + 1,40 + 1)

SN o N N

converge to
meaningful reward

Highly Efficient Self-Adaptive Reward Shaping for Reinforcement Learning

6/4/2025



Self-Adaptive Success Rate (SASR) based Reward Shaping EENUS
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« Assume there is a hidden bandit under each state, and the underlying success rate is the shaped reward.

« Success or Failure can be easily indicated by environmental sparse rewards.

* Proposed method: Self-Adaptive Success Rate (SASR) based reward shaping.

Beta Distribution
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Methodology

SASR In Tabular Environments
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* |f the state space is discrete with limited states:
o Use a table to record the success and failure counts for each state

o For each state, sample a shaped reward from a Beta distribution:
r® ~ Beta(S[s;], F[s;])
o The counts can be updated after each trajectory

>
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Methodology

SASR in High-Dimensional Continuous State Space
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« |f the state space is high-dimensional, continuous with unlimited states.

« |dea: maintain a Beta distribution for each state:
o However, we require the counts for success and failure for each state

o We can’t count and record by tabular approach.

 To estimate the counts, use Kernel Density Estimation (KDE)
o Estimate the density given some data points.
o Non-parametric approach.
o An example of KDE using Gaussian kernel function:

estimated density f X total number N = estimated “count”
/ 1 ) A
A S — S
=— > K
& =552, ( . )
=1

|
|
: where h is the bandwidth, K (+) is the kernel function.
|
|

— state space
S1 S2 53 Sa | Ss

to query a new sample: $
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RFF for KDE NUS
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 Estimate counts by Kernel Density Estimation (KDE):
o Non-parametric approach, avoiding learning models/networks.

N
. 1 § — Si
f®) = N_th< " >
=1
o Limitation:

» For each new sample, need to compute the kernel function for all samples in the buffer.
» For Gaussian kernel, there is nonlinear calculation (exponent).

» The states are usually high-dimensional.

» Although can use GPU for vectorized calculation, but still very time consuming.

» Using Random Fourier Feature (RFF) [2] to estimate the Gaussian kernel.

[2] Ali Rahimi and Benjamin Recht. 2007. Random features for large-scale kernel machines. Advances in neural information processing systems 20, (2007).
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RFF for KDE CERINUS

« Random Fourier Feature (RFF) [2]: ;

of Singapore
o Approximates the kernel function as the inner product of two vectors.
Kxy) ~ z(x)"z(y)
where z: R¥ —» RP, and usually D > k
w ~ p(w),b ~ Uniform(0,2m)
Zyw(X) = V2cos(wTx + b)

k(z —y) = / d p(w)e™ @Y dw (1) (1) Inverse Fourier Transform
— E,[e/™ @ V)] (2) (2) Bochner's Theorem
= E,cos(w! (z — y))] (3) (3) Euler's Formula
= Ey[cos(w” (z — y) + 2b)] + Ey[cos(w’ (z — y))] (4) (4) The expectationis 0
= Ey[v/2 cos(w? z + b)y/2 cos(w’ y + b)] (5) (5) Sum-to-Product Formulas
= Eu[20(Z) 20 (y)] (6) (6) Define the mapping z
D
= %mz_l 2w, (T) 2w, (Y) (7) (7) Monte Carlo Method
= 2(z)" 2(y) (8)

[2] Ali Rahimi and Benjamin Recht. 2007. Random features for large-scale kernel machines. Advances in neural information processing systems 20, (2007).
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Methodology

Self-Adaptive Reward Shaping (SASR)
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Comparison with Baselines =ERANUS
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RobotReach RobotSlide

Tid

Pitfall

MontezumaRevenge

-

HumanStand HumanKeep RobotPush RobotPickPlace Solaris Freeway MountainCar

 Baselines

o DRND (Yang et al., 2024) o SAC (Haarnojaetal., 2018)
RelLara (Ma et al., 2024) o TD3 (Fujimoto et al., 2018)
GFA-RFE (Zhang et al., 2024) o PPO (Schulman et al., 2017)
ROSA (Mguni et al., 2023)
ExploRS (Devidze et al., 2022)
#Explo (Tang et al., 2017)
RND (Burda et al., 2018)
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Comparison with Baselines

AntStand AntFar RobotReach RobotSlide PitFall Frogger MontezumaRevenge
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Table 1: The average episodic returns and standard errors of all models tested over 100 episodes.

SASR

0

200 400 600 BOO 1000 0

DRND-online

200 400 600 BOD 100D

ReLara GFA-RFE

0

1000 2000 3000 4000

ROSA ExploRS

200 400 60D DO 1000

#Explo RND

0

200 400 600 8DO 100D

SAC TD3 PPO

200 300

Tasks SASR  DRND-online ReLara ~ GFA-RFE ~ ROSA  ExploRS  #Explo RND SAC TD3 PPO
AntStand 949400 673400 905417 542400 3.8404  51£04 179400 40402 31.64+00 00400 4.940.1
AntFar 139.840.0 932400 1157400 864400 1.0400 120442 751400 46416 253400 1.04+00 7.840.0

HumanStand ~ 79.84£2.0 506400 762407 582400 88400  93+£00 727400 93401 99400 55400 9.040.1
HumanKeep 195.8+0.0 1545400 1949400 1415400 169.740.0 182.840.0 1950400 180.74£0.0 25400 1.040.0 138.140.0
RobotReach  170.240.0  99.8400 187.9+£0.0 421400 01400 07£00 46400 693400 156.540.0 0.04£0.0 79.54+0.0
RobotSlide ~ 1323+£1.3 1272400 1116420 1158420 112409 43£0.1 35400 48402 07402 05404 02402
RobotPush ~ 167.14£0.0 1222400 1669400 49.1400 00400  00+00 37400 00400  00+00 0.040.0 0.040.0

RobotPickPlace  1.040.0  1.0£0.0 10400 05400  00£00  00£00 00400 00400 00400 0.0£00 0.040.0
Pitfall 93.04+0.0 920400 403400 894400 00400 57.64£0.0 00400 00400 46400 05400 0.040.0
Frogger 142400 117400  11.64£00 79400 98400 83400 119400 105400 08400 07400 0.0+0.0
Montezuma ~ 6737.940.0 6828.540.0 2421.94:0.0 4755340.0 4294.440.0 3971.540.0 1400.1£0.0 5494.3+£0.0 0.040.0 0.04£0.0 0.0£0.0
Solaris 421400 213407 203400 263400 0.14£00  17.04£00 12408 98400 60400 04400 1.540.0
Freeway 224400 198400 215400 101400 180400 175400 69400 13.0400 0.1400 02400 0.040.0

MountainCar 10400 ~ 1.04£0.0  1.0+£0.0 10400 09400 -1.04£00 1.04£00  1.0£0.0 -0.14£00 00400 0.9+0.0
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Experiments

Self-Adaptive Exploration-Exploitation Balance
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Figure 4: Distributions of the shaped rewards over the height of the ant robot in the AntStand task at
different training stages. Red diamonds represent the estimated success rate, while the blue polylines
show the actual shaped rewards sampled from the Beta distribution.
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Self-Adaptive Exploration-Exploitation Balance NUS
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Algorithms Steps 0~25k Steps 25~50k Steps 50~75k Steps 75~100k
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