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RESEARCH INTERESTS
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* Decision-making: choice at each moment of the most
appropriate behavior for an agent’s survival, to solve a task.

* Reinforcement Learning (by trial/error): adaptation of this
choice to maximize a particular reward function.

 Complex problems: noise, partial representation of states,
non stationarity of the environment.

* Modular/hierarchical structure ot different learning levels,
enabling a better flexibility and autonomy of decision in
animals and robots.



Global organization of learning in the

brain (according to Doya 2000)
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Outline
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1. Model-free Reinforcement Learning
- Temporal-Difference RL Algorithm

- Dopamine activity
- Wide application to Neuroscience of decision-making

2. Model-based Reinforcement Learning

- Off-line learning / Replay during sleep

- Dual-system RL

- Online parameters tuning (meta-learning)
- Link with Neurobehavioral data

_ Applications to Robotics



TDRL Model
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REINFORCEMENT LEARNING
& DOPAMINE ACTIVITY



TDRL Model

THE ACTOR-CRITIC MODEL

Sutton & Barto (1998) Reinforcement Learning: An Introduction
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From Takahashi, Schoenbaum and Niv, Frontiers in Neurosciences, pp. 85-97  july 2008

The Actor learns to select actions that maximize reward.
The Critic learns to predict reward (its value V).

A reward prediction error constitutes the reinforcement signal.



TDRL Model

REINFORCEMENT LEARNING

Learning from delayed reward

Reward




TDRL Model

REINFORCEMENT LEARNING

Learning from delayed reward
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TDRL Model

REINFORCEMENT LEARNING
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Learning from delayed reward

Value estimation (“reward prediction”): V(St)
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TDRL Model

REINFORCEMENT LEARNING
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. Temporal-Difference (TD) learning

Value estimation (“reward prediction”): V(St) /St +1)

»
I I =

actions:

Reward
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Ot =T TV V(Se) = V() (¥ <1)

reinforcement \
Sutton and Barto (1998). reward



TDRL Model

REINFORCEMENT LEARNING
In @ Markov Decision Process
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01 = Feg T Y - V(Serp) — V(S V() =V(s)+ a.d,,

discount factor (=0.9) learning rate (=0.9)



TDRL Model

REINFORCEMENT LEARNING
In @ Markov Decision Process
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0=0+ 0 -0 0= 0 +09*0
01 = Feg T Y - V(Serp) — V(S V() =V(s)+ a.d,,

discount factor (=0.9) learning rate (=0.9)



TDRL Model

REINFORCEMENT LEARNING
In @ Markov Decision Process

slide # 14 / 141

1 =1 + 0 -0 09 = 0 + 09*1
01 = Feg T Y - V(Serp) — V(S V() =V(s)+ a.d,,

discount factor (=0.9) learning rate (=0.9)



TDRL Model

REINFORCEMENT LEARNING

In a Markov Decision Process
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“——— Color
indicates
value
1 =1+ 0 - 0 09 = 0 +09*1
Oy =T 7Y - V(S¢41) — V(S V() =V(s)+ a.d,,

discount factor (=0.9) learning rate (=0.9)



TDRL Model

REINFORCEMENT LEARNING
In @ Markov Decision Process
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0=0+ 0 -0 0= 0 +09*0
01 = Feg T Y - V(Serp) — V(S V() =V(s)+ a.d,,

discount factor (=0.9) learning rate (=0.9)



TDRL Model

REINFORCEMENT LEARNING
In @ Markov Decision Process
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081=0+09*09 - 0 0.72= 0 + 0.9*0.81
01 = Feg T Y - V(Serp) — V(S V() =V(s)+ a.d,,

discount factor (=0.9) learning rate (=0.9)



TDRL Model

REINFORCEMENT LEARNING

In a Markov Decision Process
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U “——— Color
indicates
value
0.81=0+09*09 - 0 0.72= 0 + 0.9*0.81
01 = Feg T Y - V(Serp) — V(S V() =V(s)+ a.d,,

discount factor (=0.9) learning rate (=0.9)



TDRL Model

REINFORCEMENT LEARNING
In @ Markov Decision Process
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01=1 + 0 - 09 0.99= 0.9 + 0.9*0.1
01 = Feg T Y - V(Serp) — V(S V() =V(s)+ a.d,,

discount factor (=0.9) learning rate (=0.9)



TDRL Model

REINFORCEMENT LEARNING

In a Markov Decision Process
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O r *———— Color
L/ indicates
value
01 =1 + 0 - 0.9 0.99= 09 + 0.9*0.1
01 = Feg T Y - V(Serp) — V(S V() =V(s)+ a.d,,

discount factor (=0.9) learning rate (=0.9)



TDRL Model

REINFORCEMENT LEARNING

In a Markov Decision Process
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O,
\\
After \
N simulations \\ /
Very long! \\\ //
01 = Feg T Y - V(Serp) — V(S V() =V(s)+ a.d,,
discount factor (=0.9) learning rate (=0.1)

N
usually small for stability



TDRL Model

REINFORCEMENT LEARNING

In a Markov Decision Process
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0,
\\
After \
N simulations \\
Very long! \\\\
01 = Feg T Y - V(Serp) — V(S V() =V(s)+ a.d,,

discount factor (=0.9) learning rate (=0.1)



TDRL Model

REINFORCEMENT LEARNING

In a Markov Decision Process
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0,
\\
After \
N simulations \\
Very long! \\\\
01 = Feg T Y - V(Serp) — V(S V() =V(s)+ a.d,,

discount factor (=0.9) learning rate (=0.1)



TDRL Model

REINFORCEMENT LEARNING

In a Markov Decision Process
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® )4 \\
May converge L—/\) \—
to a sub-
7N
optimal v / N
solution! (_// ;/
01 = Feg T Y - V(Serp) — V(S V() =V(s)+ a.d,,

discount factor (=0.9) learning rate (=0.1)



TDRL Model

REINFORCEMENT LEARNING

In a Markov Decision Process
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N
N{
Exploration-
Exploitation
trade-off
01 = Feg T Y - V(Serp) — V(S V() =V(s)+ a.d,,

discount factor (=0.9) learning rate (=0.1)



TDRL Model

REINFORCEMENT LEARNING

In a Markov Decision Process
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O
Finds best
solution after
infinite time!
01 = Feg T Y - V(Serp) — V(S V() =V(s)+ a.d,,

discount factor (=0.9) learning rate (=0.1)



TDRL Model
How can the agent learn a policy?

How to learn to perform the right actions



TDRL Model
How can the agent learn a policy?

How to learn to perform the right actions
§ : state space
A : action space

Policy function #: S — A4

What we have learned so far:

Value function V:S — &



TDRL Model

The Actor-Critic model
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How can the agent learn a policy?

How to learn to perform the right actions

a solution: parallely update a policy and a value function

NN YNNI
\ RN F \cjl)\ n
b l " Critic

Actor Units
Actor e
error ective Renforcement  O;
¥t
Dopaminer gic neuron

P™(a/s,) = P™(a s) + a . 0, V(s) =V(s) +a.o.,



TDRL Model

The Q-learning model
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How can the agent learn a policy?

How to learn to perform the right actions

other solution: learning Q-values (qualities)

state / action| al:North | a2 :South a3 : East a4 : West
Q N (S,A) — = K Q—table,' s1 0.92 0.10 0.35 0.05
s2 0.25 0.52 0.43 0.37
s3 0.78 0.9 1.0 0.81
s4 0.0 1.0 0.9 0.9




TDRL Model

The Q-learning model
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How can the agent learn a policy?

How to learn to perform the right actions

other solution: learning Q-values (qualities)

state / action| al:North | a2 :South a3 : East a4 : West
Q N (S,A) — = Rj Q-table,' s1 0.92 0.10 0.35 0.05
s2 0.25 0.52 0.43 0.37
s3 0.78 0.9 1.0 0.81
s4 0.0 1.0 0.9 0.9




TDRL Model

The Q-learning model
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How can the agent learn a policy?

How to learn to perform the right actions

other solution: learning Q-values (qualities)
Q : (S,A) o K Q_l'able.' state ilaction al(:).l\;;rth a2(:).51%uth a30:.::st a4(;.\(l)\/5est
s2 0.25 0.52 0.43 0.37
s3 0.78 0.9 1.0 0.81
s4 0.0 1.0 0.9 0.9
P(a) = exp(P . Q(s,2)) The B parameter regulates the exploration —

2. exp(p . Q(s,b)) exploitation trade-off.



TDRL Model

Different Temporal-Difference (TD)

methods

« ACTOR-CRITIC
V(st) < V(st) + afrevr + vV (se+1) — V(st)]

B

State-dependent Reward Prediction Error

(independent from the action)



TDRL Model

Different Temporal-Difference (TD)

methods

« ACTOR-CRITIC
Vi(st) < V(se) + afris1 + vV (se+1) — V(s

—~+
| A
| W

State-dependent Reward Prediction Error

(independent from the action)

Also used to update
the ACTOR

P(a;ls) < P(a,ls) + a d,4



TDRL Model

Different Temporal-Difference (TD)

methods

« ACTOR-CRITIC
V(st) < V(st) + afrevr + vV (se+1) — V(st)]

. SARSA

O(Sta 3t) T Q(St: at) + Oé[ft+1 5 f}/-Q(St—H: 3t+1) - Q(Sta 3t)]

Reward Prediction Error dependent on the action

chosen to be performed next



TDRL Model

Different Temporal-Difference (TD)

methods

« ACTOR-CRITIC

V(st) < V(st) + afrevr + vV (se+1) — V(st)]
« SARSA

Q(se, ae) + Q(se,ar) + afress + YQ(Ser1, aev1) — Q(se, ac)]

. Q-LEARNING

Q(st,at) + Q(st,at) + afrera + v max Q(st+1,a) — Q(st, at)]

Y

Reward Prediction Error dependent on the best action
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Links with biology

Activity of dopaminergic neurons



Dopamine

CLASSICAL CONDITIONING
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TD-learning explains classical conditioning (predictive
learning)

BEFORE CONDITIONING

UCs (food cife
in mouth)

Meutral stimulus
(tone)

isalivation) salivation

An unconditioned stimulus (UCS) produces an unconditioned response (UCR). A neutral stimulus produces no salivation response,

DURING CONDITIONING AFTER CONDITIONING

Neutral
]‘ . UCS (food \\ ﬂ -
W s o Wy —
Cs 0 ;
: UCR (tone) (R v | \
(salivation) (salivation)

The unconditicned stimulus is repeatedly presented just after the neutral stimulus.
The unconditioned stimulus continues to produce an unconditioned response.

The neutral stimules alone now produces a conditioned response
(CR), thereby becoming a conditioned stimulus ([C5).

Taken from Bernard Balleine’s lecture at Okinawa Computational Neuroscience Course (2005).



Dopamine

REINFORCEMENT LEARNING
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« Analogy with dopaminergic neurons’ activity

Mo prediction S R
Reward occurs

+1
~—~

6t+1 = Iy + Y- +1) %St)

/

reinforcement \

Schultz et al. (1993); reward
Houk et al. (1995); Schultz et al. (1997).




Dopamine

REINFORCEMENT LEARNING
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« Analogy with dopaminergic neurons’ activity

Mo prediction S R

+1

Birt = DK 7 - Viseen) X5

/

reinforcement \

Schultz et al. (1993); reward
Houk et al. (1995); Schultz et al. (1997).




Dopamine

REINFORCEMENT LEARNING
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« Analogy with dopaminergic neurons’ activity

Mo prediction S

Reward predicted =
Reward occurs

0
~—~
O =rt Y. %+1) - V(sy)

/

reinforcement \

Schultz et al. (1993); reward
Houk et al. (1995); Schultz et al. (1997).




Dopamine

REINFORCEMENT LEARNING
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« Analogy with dopaminergic neurons’ activity

Mo prediction S

Reward predicted E
Reward occurs

Reward predicted .
Mo rewar d occurs E

1
B = 57 . Phear) ~ V(5)

fm |

AT R reinforcem
Schultz et al. (1993); reward
Houk et al. (1995); Schultz et al. (1997).




The Actor-Critic model

Barto (1995); Montague et al. (1996); Schultz et al. (1997); Berns
and Sejnowski (1996); Suri and Schultz (1999); Doya (2000); Suri
et al. (2001); Baldassarre (2002).
see Joel et al. (2002) for a review.
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TO error = Effective Renforcement rt

Dopaminergic neuron

Dopamine
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Houk et al. (1995)




The Actor-Critic model Dopamine
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Which state space as an

| input?
; il Temporal-order input also called:
& o5 1 [0010000] Tapped-delay line
1gue stimulus / *
\5'}“@%@% .
Tima K -
A WA VAR, o
\1/ NI/ \ /\ u
Prediction Unit
Vi
Voo l Critic

Actor Units

Actor

TO error = Effective Renforcement  0;

Dopaminergic neuron

Montague et al. (1996); Suri & Schultz (2001)
Daw (2003); Bertin et al. (2007).



The Actor-Critic model Dopamine
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or spatial or visual
information

Modifiable Modifiable
Connecnoni- / Connections

] Prediction Unit
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Actor Units
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Dopamine
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Wide application of RL models to
model-based analyses of behavioral
and physiological data during
decision-making tasks



Dopamine

Typical probabilistic decision-making task
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P (left choice) = 0.2 P (right choice) = 0.8

Katie Ris

Niv et al. (2006), commentary about the results presented in Morris et al. (2006) Nat Neurosci.



Dopamine

Typical probabilistic decision-making task
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P (left choice) = 0.2 P (right choice) = 0.8

Preward =0.25 Preward =1.0

Prediction error (dopamine)

Left choice Right choice
V learning A A
Q learning A A
SARSA —A\ A %

Niv et al. (2006), commentary about the results presented in Morris et al. (2006) Nat Neurosci.



Dopamine

Typical probabilistic decision-making task
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P (right choice) = 0.8

P (left choice) = 0.2

"0 400 800
(ms)

Prediction error (dopamine)

Left choice Right choice
V learning A A
Q learning A A

Katie Ris

SARSA A\ A

Niv et al. (2006), commentary about the results presented in Morris et al. (2006) Nat Neurosci.




Model-based analysis of brain data TD Applications
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Sequence of observed trials : Left (Reward); Left (Nothing); Right (Nothing); Left (Reward); ...

fMRI scanner

il W«MWW

RL model

\

Prediction error

J?,"WWW {W %@”JMMW

1
cf. travail de Mathias Pessiglione (ICM)

W\

ou Giorgio Coricelli (ENS)



Model-based analysis

Work by Jean Bellot (PhD student)

100

[+)] ©
(=] (=}

Action left (%)
B

20 |

+~—4 Actor Critic
*=--+ Q-learning
=—u SARSA

e—e rat's behavior|| —— Behavior of the animal

} TD-learning models

blockichange

15 10 5 0 5 10 15 20 25 30
Trials
Gamma = 0.6 Gamma = 0.7
0.1 xX1l0e3
el 24 ) . ]
© «— High fitting error
! o
o 0.5} 21
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0.9 - i l1s
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= 1
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< |l «— Low fitting error
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0.1

Bellot, Sigaud, Khamassi (2012) SAB conference.



Model-based analysis

TD Applications

My post-doc work
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lo Dic} elle ol r,f-—m]'
> 4 . |
| ’ D aﬂ} {:} E} ‘J:- CJ D - | R_f |
ERR ERR COR1 COR COR COR PCC
Searcl Repeat Searc

Analysis of single neurons recorded 1n the monkey
dorsolateral prefrontal cortex and anterior cingulate
cortex

Correlates of prediction errors? Action values? Level
of control/exploration?

Khamassi et al. (2013) Prog Brain Res; Khamassi et al. (in revision)



Model-based analysis

My post-doc work

TD Applications
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r=0.57,p< 107

Multiple regression analysis with bootstrap

Khamassi et al. (2013) Prog Brain Res; Khamassi et al. (in revision)



TD Applications
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This works well, but...

Most experiments are single-step

All these cases are discrete

Very small number of states, actions

We supposed a perfect state identification



Continuous reinforcement learning D Appliations
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X-#4 pilote EE i
o | Sensory input
Run 3 I
N
| « 2 |
L 14
@
5 reward

TD-Learning model applied to spatial navigation behavior learning
in a robot performing the bio-inspired plus-maze task

Khamassi et al. (2005). Adaptive Behavior.
Khamassi et al. (2006). Lecture Notes in
Computer Science



Continuous reinforcement learning D Applications
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Coordination by a self-organizing map
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Continuous reinforcement learning D Appliations
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Hand-tuned Autonomous Random



Continuous reinforcement learning D Applications

Autonomous
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Two methods :

1. Self-Organizing Maps (SOMs)

2. specialization based on performance
(tests modules' capacity for state prediction)
Baldassarre (2002); Doya et al. (2002). Within a
particular subpart of the maze, only the module
with the most accurate reward prediction is
trained. Each module thus becomes an expert
responsible for learning in a given task subset.



Continuous reinforcement learning D Appliations
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Continuous reinforcement learning D Applications

: : slide # 60 / 141
Nb of iterations required

(Average performance during the second
half of the experiment)

1. hand-tuned 94
2. specialization based on performance
3. autonomous categorization (SOM)
4. random robot

llGO STRAIGHT [39] !!!
Expert : winner 39 , error 0.029Z




Continuous reinforcement learning D Appliations
slide # 61 /141
Nb of iterations required

(Average performance during the second
half of the experiment)

1. hand-tuned 94
2. specialization based on performance 3,50
3. autonomous categorization (SOM) 404

4. random robot / 30,000




Outline
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1. Model-free Reinforcement Learning
- Temporal-Difference RL Algorithm

- Dopamine activity
- Wide application to Neuroscience of decision-making

2. Model-based Reinforcement Learning

- Off-line learning / Replay during sleep

- Dual-system RL

- Online parameters tuning (meta-learning)
- Link with Neurobehavioral data

_ Applications to Robotics



Model-based RL
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Off-learning (Model-based RL) and
hippocampal & prefrontal cortex activity
replay during sleep



REINFORCEMENT LEARNING

Model-based RL
slide # 64 / 141

@
After
N simulations
Very long!
01 = Feg T Y - V(Serp) — V(S V() =V(s)+ a.d,,

discount factor (=0.9) learning rate (=0.1)



TRAINING DURING SLEEP

Model-based RL
slide # 65 / 141

Method in Artificial Intelligence:
o Off-line Dyna-Q-learning
o (Sutton & Barto, 1998)



Model-based Reinforcement Learning

Model-based RL
slide # 66 / 141

To incrementally learn a model of transition and reward

functions, then plan within this model by updates “in
the head of the agent” (Sutton, 1990).

§ : state space N
A : action space

P > Internal model
Transition function T:S5x4 — S

Reward function R:Sx4 —R )




Model-based Reinforcement Learning

Model-based RL
slide # 67 / 141

s : state of the agent (o)




Model-based Reinforcement Learning

Model-based RL
slide # 68 / 141

s : state of the agent (o)




Model-based Reinforcement Learning

Model-based RL
slide # 69 / 141

s : state of the agent (o)

a : action of the agent (go east)




Model-based Reinforcement Learning

Model-based RL
slide # 70 / 141

s : state of the agent (o)

a : action of the agent (go east)

stored transition function T
proba(—) = 0.9

proba( 7 ) = 0.1
proba( ™\ ) =0




Model-based Reinforcement Learning

Model-based RL
slide # 71 / 141

s : state of the agent (o)

a : action of the agent (go east)

stored transition function T
proba( —) = 0.9
proba( 7 ) = 0.1

proba( ™\ ) =0 o
Q(s,a) + R(s,a) + ”}/Z T(s'|s,a) max Q(s',a’)

CL,

0.6 0 0.9*0.7+0.1*0.9 + 0*0.3 + ...



Model-based Reinforcement Learning

Model-based RL
slide # 72 / 141

No reward prediction error!
Only:

Estimated Q-values

Transition function

Reward function

This process 1s called Value Iteration or Dynamic prog.

Q(s.a) ¢ R(s.a) +7 3 T(s'|s, a) max Q(s', o'



Model-based Reinforcement Learning

Model-based RL
slide # 73 / 141

Links with neurobiological data

Activity of hippocampal place neurons



Hippocampal place cells

Model-based RL
slide # 74 / 141
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Mature Reviews | Neuroscience

Nakazawa, McHugh, Wilson, Tonegawa (2004) Nature Reviews Neuroscience



Hippocampal place cells

Model-based RL
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PRE RUN POST

High
correlations
- L . - L}

\f
K\
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- A g

. Reactivation of hippocampal place cells during sleep
(Wilson & McNaughton, 1994, Science)



Hippocampal place cells

Model-based RL
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Rat 1 Session 13 Rat 2 Session 7

Pre-Task Sleep
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Forward replay of hippocampal place cells during
sleep (sequence is compressed 7 times) (Euston et
al., 2007, Science)



Sharp-Wave Ripple (SWR) events

« "Ripple” events = irregular
bursts of population
activity that give rise to
brief but intense high-
frequency (100-250 Hz)
oscillations in the CA1
pyramidal cell layer.

Model-based RL
slide # 77 / 141

Forward Reverse

13+1 i TRRERRNNI ] I 1
H - I RN I

o 10 F

Z ot

o 8¢

W] 7F
6 =
5k 110 immn I
2 N I 1110 0 [ I
3l | | | 1 |
2hoall 0 ot
TEL TN | L, rmnm_ ! ! ] -

0 250 1,544 1,546 1,548 1,550 1,552 1,554 1,556 1,558 0 250
Time (ms) Time (s) Time (ms)



Selective suppression of SWRs

Impairs spatial memory Model-based RL
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. Girardeau G, Benchenane K, Wiener Sl, Buzsaki G,
Zugaro MB (2009) Nat Neurosci.



Contribution to decision making (forward

planning) and evaluation of transitions = Modebaseare
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inactive _ active exampte
feader trigger zone feeder trigger zone
(producing silence) (producing audible click) from Mulitple-T
S O “Eeet task 120 ms
: ; : : . :
g choice ol 160 ms 200 ms 240 ms 280 ms
@ : @ r
qg" low-cost 2
| choice L 320 ms 360 ms 400 ms 440 ms
=) | il 5 g e e B e By
reward Fo) reward
sites -g *owtoost ‘.?‘.i sites
2 choice 480 ms 520 ms 560 ms 600 ms
(1)
Z | low-cost .
. choice start-point Y f.

Figure 1.  The multiple-T maze. The task consists of four T choice points with food reward
available at two sites on each return rail. Only feeders on one side of the track were rewarded in

each session. Johnson & Redish (2007) J Neurosci



Hippocampal place cells

Model-based RL
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SUMMARY OF NEUROSCIENCE DATA

Replay their sequential activity during sleep (Foster &
Wilson, 2006; Euston et al., 2007; Gupta et al., 2010)

Performance 1s impaired 1f this replay 1s disrupted
(Girardeau, Benchenane et al. 2012; Jadhav et al.
2012)

Only task-related replay in PFC (Peyrache et al., 2009)

Hippocampus may contribute to model-based navigation
strategies, striatum to model-free navigation strategies

(Khamassi & Humphries, 2012)



Applications to robot off-line learning

Work of Jean-Baptiste Mouret et al. @ ISIR b fL
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How to recover from damage without needing to identify the damage?




Applications to robot off-line learning

Work of Jean-Baptiste Mouret et al. @ ISIR ol bsa
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The reality gap

Self-model vs reality: how to use a simulator?

v

Solution: Learn a transferability function (how well does the simulation
match reality?) with SVM or neural networks.

Idea: the damage 1s a large reality gap.
Koos, Mouret & Doncieux. IEEE Trans Evolutionary Comput 2012



Applications to robot off-line learning

Work of Jean-Baptiste Mouret et al. @ ISIR Model-based RL
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Experiments

Koos, Cully & Mouret. Int J Robot Res 2013



Meta-Learning
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META-LEARNING
(regulation of decision-making)
. Dual-system RL coordination
.. Online parameters tuning



Multiple decision systems

Model-based RL
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Skinner box (instrumental conditioning) Model-based system Model-free sys.
a “ .. b
.-"s A s
Initial state Initial state
Press Enter Press Enter
lever magazine lewer magazine

4 : Q=1 Q=0
By
."s‘I

SS n
) lewer magazi
Food delivered Mo reward | Q=0 O 1
Press Enter
lever magazine R=0
. )i \ S,
Mo rewar d
Q=0
s ’s
3 S,
Mo reward Food obtained Food obtained
R=0 R=1 0=1

(Daw Niv Dayan 2005, Nat Neurosci)

Behavior is initially model-based and becomes model-
free (habitual) with overtraining.



Habitual vs goal-directed: sensitive

to changes in outcome Model-based RL
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behavioural
asymptote

600
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Cumulative number of rewards

o
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Number of trials

Yin et al. 2004; Balleine 2005; Yin & Knowlton 2006



Habitual vs goal-directed: sensitive

to changes in outcome Model-based RL
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behavioural
asymptote

600

500 -
400 -
300 -
200

\

100 - | ——  Devalue

Cumulative number of rewards

o

0 200 400 600 800 1000
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Yin et al. 2004; Balleine 2005; Yin & Knowlton 2006



Habitual vs goal-directed: sensitive

to changes in outcome Model-based RL
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behavioural
asymptote
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Yin et al. 2004; Balleine 2005; Yin & Knowlton 2006



Habitual vs goal-directed: sensitive

to changes in outcome Model-based RL
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behavioural
asymptote
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Yin et al. 2004; Balleine 2005; Yin & Knowlton 2006



Model-free vs model-based:
outcome sensitivity
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Model-based RL
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Change R: fast to update

Goal-directed
Daw et al 2005 Nat Neurosci



Multiple decision systems

Model-based RL
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Keramati et al. (2011): extension of the Daw 2005 model
with a speed-accuracy trade-off arbitration criterion.

A
So Pr
L Adn | - ﬁ)‘
/ """"" l """"" \ 2" (s )
a, a, a
B

VPI(sy,a;) < R.7T
VPI(sy,a;) < R.t
VPI(sy,a3) > R.t

Pra

0(s,a) (s, @)



Progressive shift from model-based

navigation to model-free navigation Model-based RL
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Khamassi & Humphries (2012) Frontiers in Behavioral Neuroscience



Model-based and model-free

navigation strategies Model-based RL
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Model-based navigation Model-free navigation

Distal Cues Distal Cues Distal Cues Distal Cues

_ o -

Q- o
Q K ?@ o, © 7o
S of | e
o ] P 0. _Q ©
o O O o O Oy
ad

Benoit Girard 2010 UPMC lecture



Old behavioral evidence for

Place-based model-based RL Model-based RL
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Martinet et al. (2011) model applied to the Tolman maze



Old behavioral evidence for

Place-based model-based RL Model-based RL
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Martinet et al. (2011) model applied to the Tolman maze



MULTIPLE NAVIGATION STRATEGIES
IN THE RAT Model-based RL
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Rats with a lesion of
the dorsal striatum

Rats with a lesion
of the hippocampus

s Packard and Knowlton, 2002 UOtation 180°

Previous

platform location

Devan and White, 1999



MULTIPLE DECISION SYSTEMS IN A

NAVIGATION MODEL

Planning

Taxon
Model-based ‘ [ : ' ]
system Gati ng Visual Input Model-free system
(hippocampal (basal ganglia)
place cells)

Exploration

Work by Laurent Dollé:
Dollé et al., 2008, 2010, submitted



MULTIPLE NAVIGATION STRATEGIES

IN'A TD-LEARNING MODEL Model-based RL
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Task with a cued platform (visible flag) changing location every 4 trials

Pearce : Original resulis Taxon vs. Control
| | | | | ' Control-1
160 CONOk] e | Control-4 reeseees
Controk4 ~ =======x i Taxon-1 — |
140 - Hippocampakl o= ] 600 Taxon-4 <

Hippocampak4  ©===="0

Escape latency (seconds)

= &5 8 8

=

Task of Pearce et al., 1998 Session
Model:

Dollé et al., 2010



PSIKHARPAX ROBOT

Work by:
Ken Caluwaerts (2010)
Steve N’Guyen (2010)
Mariacarla Staffa (2011)

Antoine Favre-Félix 2011) | =

- o=y Bl
P P 3T

R, TR
= - oo e

Caluwaerts et al. (2012) Biomimetics & Bioinspiration




PSIKHARPAX ROBOT

Model-based RL
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Planning strategy only Planning strategy +

(b)

Caluwaerts et al. (2012) Biomimetics & Bioinspiration



CURRENT APPLICATIONS TO

THE PR2 ROBOT

Travaux de :

Erwan Renaudo

Omar Islas Ramirez
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CURRENT APPLICATIONS TO
HUMAN-ROBOT INTERACTION o e K1
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Travaux de : - =

Erwan Renaudo

Collaboration :

Alami et al (LAAS) |8

j j Hi 1 j , j Hi
WALLE TAPE, TABLE) WALLE TAPE, PINK_TRASHBIN) GREY TAPE, TABLE) GREY TAPE, PINK_TRASHBIM) LOTR_TAPE, TABLE} LOTR_TAPE, PINK_TRASHBIM)
) — — - - ! ! _ _ —
Task: Clean the table

Current state: A priori given action plan K/J\/\/ N
(right image) M\
000

PutObjectVisibleAndReachable PutObjectVisibleAndReachable

Goal: Autonomous leamlng by the rObot TakeObject (R0B0T, (RCEOT, GREY TAPE, TABLE}  TakeObject (RoBOT,  (RCEOT, LOTA TAPE, TABLE)
GREY_TAPE, TABLE LOTR_TAPE, TABLE




Pavlovian autoshaping

Sign-trackers

Lever (CS) — P -
Food (US) ' - >

Flagel et al. (2011). “A selective role for dopamine in stimulus-reward learning”. Nature,
469:53:7.



Pavlovian autoshaping

Meta-Learning
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Sign-trackers Goal-trackers
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Fast Scan Cyclic Voltammetry (FSCV) in the ventral striatum.

Flagel et al. (2011). “A selective role for dopamine in stimulus-reward learning”. Nature,
469:53:7.



Pavlovian autoshaping
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Sign-trackers Goal-trackers
i 1 1 1
i i |2U”’\" i i |20nM -
1 ! 1@ cs 1 "—-M oo
| H — O Uus i i = < us
2 . g . . 2 Py -
i = il ** M : 20
4 1 [ 5 g e [ 5
Tl M T g D 4 : : g 10 &&u
1 [=3 M\‘ =
z i i 5 g i ! g
I 1 £ |P\~’1f\"‘\ & 0
0 1 i 7
6 ‘-N\,\ T3 456 P NG TTEI IS
cs us Session cs us Session
< 20s > -« 20s

Fast Scan Cyclic Voltammetry (FSCV) in the ventral striatum.

Flagel et al. (2011). “A selective role for dopamine in stimulus-reward learning”. Nature,
469:53:7.
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Pavlovian autoshaping

Meta-Learning
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Sign-trackers Goal-trackers

Lever-CS Food Tray
Directed Behavior Directed Behavior
“Sign-tracking” “Goal-tracking”

a bHRs d bLRs
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== [ bHR-Saline [ bLR-Saline
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Systemic injection of flupentixol prior to each session.

Flagel et al. (2011). “A selective role for dopamine in stimulus-reward learning”. Nature,
469:53:7.
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Model
a vy a7y
(1-w) MB + W FMF
R ~
4 5 A VY

v,

» [ [ [
~~ ~ ~ ~
= = =) =)
= [RV) w —_

SoftMax ﬁ*

Lesaint, Sigaud, Flagel, Robinson, Khamassi (2014) PLOS Computational Biology.



Computational model

Meta-Learning
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Model
& a7y

McClure et al. (2003);
Humphries et al. (2012)

Lesaint, Sigaud, Flagel, Robinson, Khamassi (2014) PLOS Computational Biology.



Computational model

Meta-Learning
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Modelling the task as a Markov Decision Process

A So S

=0 So,-~ Tl
o 'l- -
A 1) 2 '
close to Magazine -------- 5@- = 50 =1 -
B
Lever (CS) — e— i % -
Food (US) 1 .. -

Lesaint, Sigaud, Flagel, Robinson, Khamassi (2014) PLOS Computational Biology.
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(1 —w) MB + W FMF
R 7 =
T—— 4 5 V
[ Pyor(s1) = (I—-w) (Qgor(s1) — max Qu(s1)) + w V(L)
<
| Poom(s1) = (I-w) (Quom(s1) —max Q,(s1)) + w V(M)

with w = 0.499 (STs), w = 0.048 (GTs), w = 0.276 (IGs)

Lesaint, Sigaud, Flagel, Robinson, Khamassi (2014) PLOS Computational Biology.
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(1 —w) MB + w FMF
R\ 7 .
- A

T

 Pgor(s1) = (1-w) (Qgor(s1) — Hgx Qu(s1))  + w V(L)

\ Pgom(s1) = (1-w) (Qgom(s1) — max Qu(s1)) + w V(M)

with w = 0.499 (STs), w = 0.048 (GTs), w = 0.276 (IGs)

Lesaint, Sigaud, Flagel, Robinson, Khamassi (2014) PLOS Computational Biology.



Computational model

Behavioral results

Sign-Tracking

Goal-Tracking

Experimental data

A Approach to lever Approach to magazine

1.0 1.0
0.8 0.8

2

506 4 ST 0.6

3 S IG

004 0.41

o 9 GT
0.2 0.21
0'012345678 C12345678

Sessions Sessions
Simulation data
c Approach to lever Approach to magazine

1.0 1.0
0.8 0.8

2

T‘Eu 0.6 # ST 0.6

S 0.4 w16 0.4{

o # GT
0.2 ; 0.21
0'012345678 c1:2345678

Lesaint, Sigaud, Flagel, Robinson, Khamassi (2014) PLOS Computational Biology.

Sessions

Sessions

Meta-Learning
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Computational model
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Physiological results

Sign-Trackers Goal-Trackers

Experimental data

Lesaint, Sigaud, Flagel, Robinson, Khamassi (2014) PLOS Computational Biology.
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Physiological results

Sign-Trackers Goal-Trackers Sign-Trackers Goal-Trackers
Experimental data Experimental data
A B A B
~30 =30
% 4 CS E 4 CS
gzo gzo
5 15 5 15
3 10 g_ 10
X 5 %5
2 g
12 3 456 12 3 456
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Time Time
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c . - b - G D
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1_.‘._i_ 1_I_L 1.0* - 1.0 & cs
|
2 _l_l_ Z_I_L 0.814# US 0.814# US
5 3 5 3 l | u"z"_o.e %0.6
& 4 ! ® 4 l . = £
d‘,)’ 3 ;;0.4 ;;04
5 ' 5 l i 0.2 0.2
6 ! 6 l .
0.0 12 3 456 0.0 12 3 456
CS us CS us Sessions Sessions
Time Time

Lesaint, Sigaud, Flagel, Robinson, Khamassi (2014) PLOS Computational Biology.
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Pharmacological results

Experimental data

A Approach to lever B Approach to magazine
"Sign-Trackers" bHRs "Goal-Trackers" bLRs
1.01 . Oven 0] CVeh
0.8- EFlu o8- EFlu
2
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Flu Flu
0.0--'! ...... T 0.0--! ...... T
1234567 8 1234567 8

Sessions Sessions

Simulation data

C D
107 . Oven 19 CVeh
0.8+ EFlu o384 EFlu
=
= 061 0.61
8 |
S 0.4 0.4 g EHHH g m
0.2{4Veh 0.24{1+Ven
FI Fi
0.0--!. - S— . o,o--!. - — -
1234567 8 1234567 8
Sessions Sessions

Lesaint, Sigaud, Flagel, Robinson, Khamassi (2014) PLOS Computational Biology.
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Summary of the simulation results

Model-Based / Feature-Model-Free

V1 : Model-Free / Feature-Model-Free

V3 : Symmetrical

V2 : Asymmetrical

e | yes . no

Lesaint, Sigaud, Flagel, Robinson, Khamassi (2014) PLOS Computational Biology.
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Experimental predictions

DA dip at each magazine visit during ITI.
DA patterns in the intermediate group.
Shortening the ITI should change DA pattern in GTs.

Removing the magazine during ITI should abolish the
difference in DA patterns between STs and GTs.

Reducing the ITI duration should increase the
tendency to goal-track in the overall population.

Lesaint, Sigaud, Flagel, Robinson, Khamassi (2014) PLOS Computational Biology.
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.. Online parameters tuning



META-LEARNING
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Q(s,a) € Q(s,a) t o . 8 Action values update
o0 =r+vy.max[Q(s’,a’)] — Q(s,a) « Reinforcement signal
_exp(B.Q(s,2)) Action selection

P(a) =

% exp(f . Q(s,b))

Dopamine: TD error 6
Acetylcholine: learning rate a

Noradrenaline: exploration 3
Serotonin: temporal discount y

Doya, 2002
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1 i Doya, 2002
exp(P . Q(s,a))
% exp(p . Q(s,b))

Boltzmann softmax equation: P(a) =




META-LEARNING
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Meta-learning methods propose to tune RL parameters as a
function of average reward and uncertainty (Schweighofer &

Doya, 2003).
T 06
E, 0.4} !
o 02F V
© 0 s ! 1 | L
2 100 200 300 400
© 20 i |i T ' u'“'l“ | |
PR, ]
B p el Mo ||
e 100 ' 200 | 300 | 400

‘. times steps
condition change ' P

—> Can we use such meta-learning principles to better
understand neural mechanisms in the prefrontal cortex ?



Back to my post-doc work

Meta-Learning
slide # 122/ 141

|e D@;c} elle o &
> o ' >
| oeffle ofle o] [ =]
ERR ERR COR1 COR COR PCC
Search Repeat ~earcl

Question: How did the monkeys learn to re-explore
after each presentation of the PCC signal?

Hypothesis: By trial-and-error during pretraining.

Khamassi et al. (2011) Front in Neurorobotics; Khamassi et al. (2013) Prog Brain Res



Computational model

Meta-Learning

Visual_in

—

Motor_out

===

Response

h 4
Rew_in

—Pp activation

-==-@ modulation

[*. exploratory variable used to modulate f

Khamassi et al. (2011) Frontiers in Neurorobotics
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Robotic model of monkey behavior
In this task Meta-Learning
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Computational model

Meta-Learning
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« Reproduction of the global properties of monkey
performance in the PS task.

monkey monkey monkey monkey robot  simu
G M R S

percentage of errors >

SR SR SR SR SR SR

o

4 monkeys robot simulation

number of trials

o
o

Khamassi et al. (2011) Frontiers in Neurorobotics
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Model-based analysis

My post-doc work

Meta-Learning
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111 LPFC neurons

i

B

pre-feedback (FB) periods  post-FB periods

™ | TORE | R

%

140

20

140

120

30 -

20 -

postFB mean firing rate
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Multiple regression analysis with bootstrap

Khamassi et al. (2013) Prog Brain Res; Khamassi et al. (2014) Cerebral Cortex



Meta-learning applied to Human-

Robot Interaction Meta-Learning
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| D@;c} elle ol :,—-H]
> < : -—b

| oeffle ofle o] || =

ERR ERR COR1 COR COR COR PCC

Search Repeat ~earcl

. In the previous task, monkeys and the model a priori
‘know’ that PCC means a reset of exploration rate
and action values.

. Here, we want the 1Cub robot to learn 1t by 1itself.



Application to simple learning in
humanoid robot Meta-Learning
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Khamassi et al. (2011) Frontiers in Neurorobotics



~ODOt Interaction - Meta-Learning
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Go signal Choice Reward Wooden board

Error Human’s hands Cheating Cheating



Meta-learning applied to Human-

Robot Interaction Meta-Learning
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meta-value(i) € meta-value(i) + a’. A[averageReward]

D
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CONCLUSION OF THE ACC-LPFC

META-LEARNING PART Meta-Learning
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« ACC is in an appropriate position to evaluate feedback
history to modulate the exploration rate in LPFC.

« ACC-LPFC interactions could regulate exploration
based on mechanisms capturable by the meta-
learning framework.

« Such modulation could be subserved via
noradrenaline innervation in LPFC.

« Such a pluridisciplinary approach can contribute both
to a better understanding of the brain and to the
design of algorithms for autonomous decision-making.



Meta-learning and motor learning

Meta-Learning
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. Can meta-learning principles be useful for the
integration of reinforcement learning and motor
learning”?



Structure learning

(Braun Aertsen Wolpert Mehring 2009) Meta-Learning
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Parameter 2

Parameter 1



Structure learning

(Braun Aertsen Wolpert Mehring 2009) Meta-Learning
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Structure learning

(Braun Aertsen Wolpert Mehring 2009) Meta-Learning
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Schmidhuber on meta-learning (1)
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« Recurrent neural-networks applied to Robotics

7
Knot Winding 1
Trajectories 1\

1 fitness

Mayer et al. (IROS 2006)



Schmidhuber on meta-learning (2)
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« RL with self-modifying policies (actions that can edit
the policy itself)

« Success-story criterion (time varying set V of past
checkpoints that led to long-term reward
accelerations)



Schmidhuber on motor learning
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« Learning maps of task-relevant motor behaviors under
specified constraints (e.g. maintain hands parallel ; do
not touch box nor table ; ...)

« How can these primitive constrained motor behaviors
be used by decision system and high-level goal-
directed learning?
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Stollenga et al. (IROS 2013)




SUMMARY

. Dopamine neurons encode a reward prediction error.
« Model-based analysis in Neurosci of Decision-making

. Reinforcement Learning models need to be refined to
explain behavior / neural activity:

. multiple parallel decision systems.
. Off-line learning during sleep.
« meta-learning (ACC-DLPFC interactions).

. These model improvements can produce testable
experimental predictions (Pavlovian autoshaping ;
Navigation ; L-DOPA in Parkinson disease ; ...)




CONCLUSION

« The Reinforcement Learning framework provides
algorithms for autonomous agents.

o It can also help explain neural activity in the brain.

« Such a pluridisciplinary approach can contribute both
to a better understanding of the brain and to the
design of algorithms for autonomous decision-making.
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