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Problem Statement

Many real world robotics tasks require complex and detailed
calculations in order to accomplish the simplests of tasks. When a
robot is successful in these tasks it is solely limited to that specific
task. Through reinforcement learning, Robotic tasks such as
reaching can be trained and applied to real world robots such as the
URS to reduce the need for rigorous math and control loops.
However, poor documentation and extensive software dependencies
hinder the replicability of such projects.
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Configuration
Action (At € A)
6(dot)(1,2) € [-0.3, +0.3]
State/Observation
0, 6(dot), At-1, dt
Reward (Rt € R)
Rt = —-dt + exp(—-100d2t)

State Dynamics

Z—i(t, q(t),q(t)) — %%(t,q(t),@(t)) —0,
i=1,...,n.

Values and info from (1)
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(0,-0.25)

Configuration

Boundary

0.7m by 0.5m, with origin (0,0) in
center of the rectangle

Episodes

Start at origin, random target, 4
seconds, reset to Origin

Values and info from (1)



Software Setup

Ubuntu 64 bit (16.04,20.04)
- Virtual Machine (VirtualBox)
Python3.7, Tensorflow 1.15

Github: OpenAl Baselines, SenseAct,

SenseActExperiments”®
- Docker*
UR5 v 3.3.4.310




Physical Virtual
Hardware Setup e ' —

Physical (Our Project) vs
Virtual Environment

- Ethernet connection
- |P address dependant

OpenAi FetchReach (3)
and Reacher (4)



TRPO and PPO

Trust Region Policy Optimization (TRPO)

mo(als)
q(als)
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Proximal Policy Optimization (PPO)

LgLIP — Es,awﬂ'eold [min<r9(a‘S)A901d (CL, 8)7 Clip(T9<CL|S), 1— <, 1+ g)Aeold (S’ CL))] ?



Running Experiments e e a0 s

¥ et Layers Size Size Size ! OKL
1 158.56 2 64 4096 0.00472 0.96833 0.99874 0.02437
2 138.58 1 128 2048 0.00475 0.99924 0.99003 0.01909
3 131.35 4 64 8192 0.00037 0.97433 0.99647 0.31222
4 123.45 4 128 4096 0.00036 0.99799 0.92958 0.01952
3 122.60 4 32 2048 0.00163 0.96801 0.96893 0.00510

- I P a d d re S S re q u i re d Table 3: Hyper-parameter configurations found by random search: The table presents the top-5
configurations found for TRPO in [8].
- Hyperparameters

Average  Hidden  Hidden Batch Step

Opt.

- o Return Layers Size Size Size v X Bm‘Ch

- Can easily change

1 176.62 3 64 512 0.00005 0.96836 0.99944 16

. 2 150.25 1 16 256  0.00050 0.99926 0.98226 64

- Run traln py 3 137.92 1 2048 512 0.00011 0.99402 0.90185 8
. 4 137.26 4 32 2048 0.00163  0.96801 0.96893 1024

5 136.09 1 128 2048  0.00280 0.99924  0.99003 32

Table 4: Hyper-parameter configurations found by random search: The table presents the top-5

= EaCh fU” eXpel’Iment takeS configurations found for PPO in [8].
25 hOurS Wlth no fa”ure Appendix A3 from (2). Hyperparameters

are not given in (1), however Lynnerup
experimented and documented the top 5
for PPO and TRPO
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https://docs.google.com/file/d/1eHTnXa8o7QILTMqspgYBz7EF0iGBu3sL/preview
https://docs.google.com/file/d/1CHt0fQ0tgW0HDLVy0BLOQx9tvMGJZuZd/preview
https://docs.google.com/file/d/1H4c_WzGdbxrwATXigWfk1VjA_gIBi9MX/preview
https://docs.google.com/file/d/1eHTnXa8o7QILTMqspgYBz7EF0iGBu3sL/preview

PPO
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PPO Reward = -50, Timestep = 17000



https://docs.google.com/file/d/1YF1Leubz4t9qoFSCzsiKvLRtoVFlCZi1/preview
https://docs.google.com/file/d/1tY1w6uj3tbu0Cq8wlx8V9m1wDc0i5YS0/preview
https://docs.google.com/file/d/1_ie9XRYyftBkDVKgh6JMbqZPIG3hhIvS/preview

Results Comparison

TRPO Configuration 1 - Same Seed
Real-World Robot

Figure 2 from (2).

Using TRPO
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Reward

Results Comparison

Episodic Reward for best PPO and best TRPO runs
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Figure 6 from (1)
(states ‘best hyperparameters’
used, but these are never given)
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Discussion and Conclusion

- Software dependencies and documentation
- virtual vs physical environment
- Communication and failed runs

- Replicated Results
- Easy to run once started



Next Steps

6 Actuators (3D)
- Another PPO run

- New Hyperparameters Gg,%)
- 6 DOF °.

dg
/V,e_c_ _’( /v'\'ﬁféu

()
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Questions?



https://docs.google.com/file/d/1uVB-bQ1Bqn8zghi9sXYDDiaQgf_zOGI0/preview

