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Turing test -
* The Turing Test 1s one of the most well-known benchmarks to evaluate
whether an agent can perform intelligent behavior that 1s
indistinguishable from a human
* To pass the Turing Test, agents are designed not only to achieve the goal of the
given task but also to behave in a human-like manner

 However, most of these benchmarks are in text, not in RL
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Human-Like Reinforcement Learning

* Most RL research focuses on designing reward-
driven agents

* The behavior 1s unnatural, not human-like

Reward-driven RL agents




* Most RL research focuses on designing reward-
driven agents

e The behavior 1s unnatural, not human-like

Reward-driven RL agents

* Human-Like Reinforcement Learning seeks both
human-like behavior and optimal performance
* Remains underexplored in the RL community

* Most of the previous methods rely on pre-defined
behavior constraints or rule-based penalties

€ @- Human-like RL agents (Ours)




Human-likeness

* We introduce the concept of human-like sequence, which 1s a set of
human-generated action sequences

 Human-likeness can be enforced by constraining the search space of action
sequences

* The longer the action lengths are, the more human-like it 1s

* To achieve the human-like sequence:

* Distill human behavior into macro action — sequences of actions — from human
demonstrations

* Then, select macro actions to interact with the environment at each timestep
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Macro Action Quantization (MAQ)

* MAQ consists of two stages
« @ Human behavior distillation
« ® Reinforcement learning with macro actions

@ 12

codebook
Encoder Decoder Online policy g
AL
r ™
€1(€2|€3 €4
St
i N
e
\ e : Macro Action
—| . .
/" : Quantization
PCTTETY - e ya . :
\ﬁé}@:@%g\' v *ke{l..K}— / A : Decoder




T R R—

Macro Action Quantization (MAQ)

e Human behavior distillation

* We train a Conditional-VQVAE to distill macro action from human
demonstration to learn a discrete codebook
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Macro Action Quantization (MAQ)

e Human behavior distillation

* We train a Conditional-VQVAE to distill macro action from human
demonstration to learn a discrete codebook

codebook
Encoder Decoder

me = (Ag, A1, 05 Aeti-1)
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Macro Action Quantization (MAQ)

e Human behavior distillation

* We train a Conditional-VQVAE to distill macro action from human
demonstration to learn a discrete codebook
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Macro Action Quantization (MAQ)

e Human behavior distillation

* We train a Conditional-VQVAE to distill macro action from human
demonstration to learn a discrete codebook
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Macro Action Quantization

* Reinforcement learning with Macro Actions

* We train an online policy (7y) that acts in the learned discrete code space by
selecting codebook indices

Online policy mg
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Macro Action Quantization

* Reinforcement learning with Macro Actions

* We train an online policy (7y) that acts in the learned discrete code space by
selecting codebook indices

Online policy mg
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Experiments

* We train three off-the-shelf RL algorithms (w/ and w/o MAQ) on four
Adrotit tasks and evaluate their human-likeness and performance

* Human-likeness: MAQ-based agents significantly outperform original RL
* Performance: MAQ-based agents also achieve comparable success rates

Tasks I BC | IQL MAQ+IQL |  SAC MAQ+SAC | RLPD MAQ+RLPD
DTW..(1) 0.18+£0.09 | 043+0.06 0.84+0.06|-039+0.10 0.80+0.08 | -006+004  0.76 + 0.04

DTW,(1) | 042+£013 | 061 £004 095+0.01 | 025+0.04 091+0.03 | 028008 091 % 0.05

Door WD. (1) 032+005| 048 +0.05 075+0.05 | 028+002 071+008 | -0.14+0.04  0.71 £ 0.03
WD, (1) 041 +0.08 | 050 +0.02  0.81 +0.03 | 0.15+0.02 077 +0.07 | 0.10+0.02 __ 0.76 + 0.03

Success(1) || 0.02£001 | 016 £0.06 093 +0.04 | 043023 0.56+0.50 | 096007 093 +0.05

DTW,.(1) | -0.16 £0.07 | 0.14 £0.34 064+ 0.17 | -1.10£0.35  0.61 £0.21 | 003 £0.14  0.68 = 0.17

DTW,(1) | 047+002 | 0454020 0.92+0.06 | 033+0.11 091+010| 037+0.08 094+ 0.07

Hammer |WD.(1) 011006 | 012£0.13 075003 | 044 £ 009 064012 | -003+0.08  0.76 = 0.04
WD, (1) 030003 | 030+0.10 0.84+0.02 | -019+004 078+ 0.11 | 020+003  0.85+0.03

Success(1) || 0.00£0.00 | 0.01£0.01 000000 | 001001 000+000| LO0£000 056+ 0.37

DTW..(1) 053+013 ] 034+009 055+017 | 006+020 0.58+0.17| 048+024  0.54+0.18

DTW,(1) | 058+005| 0514005 058+0.09 | 034+0.16 058+011| 040+0.17 059 +0.13

Pen WD. (1) 059 +012| 054+0.11 059+013 | 029+0.10 0.61+012| 049+0.08  0.59+0.12
| 06520141 063012 066015 | 02245015 0672014 | 0442012 0,66 5014 |

Success(1) || 0.40+£003 | 040+005 042007 | 032+£009 041+001 | 062009 042005

DTW..(1) 009+0.14 | 0204020 0.52+0.06 | -055+020 025+0.19| 003+013  027+0.14

DTW,(1) | 047+0.15 | 051 +0.11 0.82+0.01 | 0.10+0.16 0.66+0.09 | 032+0.13  0.69 + 0.10

Relocate | WD, (1) 027 +0.15 | 036+006 047007 |-022+006 040+0.07 | 002+007  0.38+0.09
WD, (1) 045+ 012 | 0504+0.04 0.65+0.03 | 005+003 061 +003 | 020+003  0.55+ 0.08
G- % Success(1) || 0.01£0.02 | 000+000 020010 | 0.00+£000 0.14+007 | 014003 017 +0.10

DTW: Dynamic Time Warping
WD: Wasserstein Distance

.. state distance between agent and humans
.. action distance between agent and humans
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Experiments

* We train three off-the-shelf RL algorithms (w/ and w/o MAQ) on four
Adrotit tasks and evaluate their human-likeness and performance

* Human-likeness: MAQ-based agents significantly outperform original RL
* Performance: MAQ-based agents also achieve comparable success rates

Tasks I BC | IQL MAQ+IQL |  SAC MAQ+SAC | RLPD MAQ+RLPD
DTW.(t) || 0.18£0.09 | 043 £0.06 0.84=0.06|-039=0.10 0.80+0.08 | -006+004  0.76 £ 0.04
DTW,(1) | 042+£013| 061 +004 095£001 | 025+004 091+003| 028+008  0.91=0.05
Door WD, (1) 0324005 | 048+005 075+005 | -028+002 0.71+0.08 | -014+004 071+ 0.03
WD, (1) 041+ 008 | 050002 081+0.03 | 0154002 0774007 | 010002 076 = 0.03
[Success(1) || 0.02£001 | 016 006 093004 ] 043023 0.56+0.50 | 0.96+007 093005
DTW,(1) || 0.16 £0.07 | 0.14 £0.34 064 =0.17 | -1.10 035 0.61£021 | -003£0.14  0.68 £ 0.17
DTW, (1) | 047+£002| 045+020 092£006| 033011 091+0.10 | 037008  0.94+0.07
Hammer WD, (1) 0.014£006 | 012+0.13 0.75+003 | 044+ 009 0.64+0.12 | -003 008  0.76 = 0.04
WD, (1) 030003 | 030010 084+002| 0194004 078+011| 020003 085+ 0.03
[Success(1) || 0.00£0.00 | 0.01+0.01 0.00+000] 0.01+0.01 000+000[ 1.00+000 056+037
DTW.(1) || 053£0.13 | 034+£009 055+017 | 0.06+020 058017 | 048024 054 £0.18
DTW, (1) | 058+£005| 051+005 058£009| 034+016 058+0.11| 040+0.17 059 +0.13
Pen WD.(1) 0594012 | 054+0.11 059+013| 0294010 0.61+0.12| 049+008 059+ 0.12 C )
WD, (1) 0,65+ 014 | 063£012 0.66=015| 022+015 0.67+014 | 0424012 oe6+014 DTW: Dynamic Time Warping
[Success(1) [ 040 £0.03 [ 0402005 042007 [ 032£0.09 041£0.01] 0622009 042:005| WD: Wasserstein Distance
DTW.(t) || 0.09£0.14 | 020£020 052006 | -055+020 025+£019 | 003013 027 £0.14
DTW,(1) || 047£0.15| 051 £011 082=001|-0.10+0.16 066009 | 032013  0.69 £ 0.10 _
Relocate WD, (1) 027+0.15 | 036£006 047007 | 022+006 0.40+007 | 002007 038009 state distance between agent and humans
WD, (1) 045 £0.12 | 050 £0.04 _0.65 = 0.03 | 0.05+0.03 061 +0.03 | 020003 055+ 0.08 - action dist bet t and h
[Success(t) | 0.0 £0.02 [ 0.00=000 020010 | 0.00£0.00 0.14+0.07 | 0.14+003 017010 a- action distance between agent and humans 14




uman Study

* We further evaluate the human-likeness of the agents through a human
evaluation study

* We conduct a two-stage 2AFC questionnaire

* Turing Test: evaluators are shown two videos, one from a human
demonstration and the other from the trained agent

5@5
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Experiments

* MAQ-based agents achieve higher win rates compared to non-MAQ-
based agents MAQ+RLPD gets the highest win rate overall
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Experiments (Turing

* MAQ-based agents achieve higher win rates compared to non-MAQ-
based agents

RLPD and SAC, reward-driven RL agents achieve nearly 0% win rates
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'Human Study

* We further evaluate the human-likeness of the agents through a human
evaluation study

* We conduct a two-stage 2AFC questionnaire

* Turing Test: evaluators are shown two videos, one from a human
demonstration and the other from the trained agent

 Human-likeness ranking test: Similar to the Turing Test, but both may be
trained agents

i



Experiments (Human-likeness Ranking

est

* Reward-driven agents are easy to distinguish from their play by a

computer
Agent A Win Rate

Human -BONFE=INIL 0.8240.07 0.68+0.09 0.834+0.08 0.70+0.09 0.77+0.08 0.624+0.09 0.74=£0.08

MAQ+RLPD(Ours) -EIKEE NI} 0.88+0.10 0.64+£0.15 0.95+0.07 0.58+0.21 0.73£0.16 0.38+0.09 0.71£0.20

NRSRE BROISSSE0NIS 0.324+0.17 0.33+0.18 0.78+0.12 | 0.384+0.16 0.27+0.16 0.2340.08 0.38+0.18
MAQ-+SAC(Ours) -IIN(E=IRY] 0.81£0.15 | 0.51+0.17 | 0.84+0.11 0.63+0.16 0.42+0.21 0.30+0.09 0.61+0.21

SAC4 0.11+0.10 0.19+0.15 0.05+0.07 0.16+0.11 0.22+0.12 0.05+0.07 0.1740.08 0.14+0.07

MAQ+IQL(Ours) -SINYE= NI 0.80£0.14 0.95+0.07 0.49+£0.17 0.67£0.18 0.36+0.15 0.324-0.09 0.61+0.23
le]ae 050017 0.20+0.14 0.81+£0.15 0.194+0.15 0.68+0.17 0.12+0.10 0.184+0.07 0.384+0.28
BC - 0.50£0.17 0.33+0.16 0.8940.10 0.24+0.14 0.63+0.18 0.17+0.13 0.234+0.08 0.43+0.26

Agent A

1 1 1 1 1
BC IQL MAQ+IQL(Ours) SAC MAQ+SAC(Ours) RLPD MAQ-+RLPD(Ours) HUMAN Avg

Agent B

Value (Mean)

0.9
0.8
0.7
0.6
0.5
0.4

0.3
-0.2

-0.1
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Experiments (Human-likeness Ranking

* MAQ+RLPD achieves a 71% win rate across all agent pairs, achieving

performance comparable to the human demonstration’s 74% win rate
Agent A Win Rate

Human -SSR0} 0.8240.07 0.68+0.09 0.834+0.08 0.70+0.09 0.77+0.08 0.62+£0.09 0.74=£0.08
MAQ+RLPD(Ours) -EIKEE NI} 0.88+0.10 0.64+£0.15 0.95+0.07 0.58+0.21 0.73£0.16 0.38+0.09 0.71£0.20
RLPD - (0fSteia0liie] 0.324+0.17 0.33£0.18 0.78+0.12 0.384+0.16 0.27+0.16 0.2340.08 0.38+0.18

MAQ+SAC(Ours) -BON{E= 0N 0.81£0.15 0.51+0.17 0.63+0.16 0.42+0.21 0.30+0.09 0.61+0.21

0.05+0.07 0.16+0.11 0.22+0.12 0.05+0.07 0.1740.08 0.14+0.07

0.9540.07 0.4940.17 0.67+0.18 0.36+0.15 0.324-0.09 0.61+0.23
0.20+0.14 0.81+0.15 0.194+0.15 0.68+0.17 0.12+0.10 0.184+0.07 0.384+0.28

0.33+0.16 0.89+0.10 0.24+0.14 0.63+0.18 0.17+0.13 0.234+0.08 0.43+0.26
I A:/g

MAQ+IQL Ours) MAQ+SAC(Ours) RLPD MAQ+RLPD(Ours) HUMAN

Agent B

Value (Mean)

SAC- 0.1140.10 0.19+0.15

VXSO 0.67:0.16 | 0.80-:0.14
T 0.50-0.17
0.5040.17
IQL

Agent A

-0.2

-0.1

BC -

BC
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Summary
* We investigate Human-Like Remnforcement Learning, which seeks both
human-like behavior and optimal performance

* An important direction for the future
* Benefit to human-AI collaboration/interaction and trust in the future

* We propose MAQ, which learns macro actions from human demonstration
* Directly use human actions to interact with the environment
* Without the need to predefine behavior constraints or rule-based penalties

* Our results show that MAQ achieves comparable performance and strong
human-likeness

. lljn the human evaluation study, MAQ-based agent 1s nearly indistinguishable from
umans

21
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Thank You for Your Attention

Our code and data are available at
https://rlg.11s.sinica.edu.tw/papers/MAQ
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