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Introduction



Motivation

« Metacognition: key skill to adapt to one’s environment and goals.
« Current Al systems still limited in that area.

- Doorway to metacognition: confidence (subjective estimate of a
decision’s quality).

= New, metacognitive models of decision-making and learning inspired
by natural cognition.



Related work

 Decision-making as sequential accumulation of evidence until a
threshold is crossed [1], [2], [3], [4].

« Joint models of reinforcement learning and evidence accumulation
[5], [6].

« Confidence as probability of decision correctness [7], distance from
the decision criterion [8] or between accumulators [9].
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Figure 1: Difference between single- and multi-accumulator models of sequential decision-making.



Methodology



Architecture

Observation | Perception
L Feature encoder

)

—— Forward signal

,,,,,,,, + Value update

1 NS i
] k.?’b" '

! . State !

E Learning Learning rate a :

E Q-values / Q-values for all actions ‘ :

E update 5_ i
!oQeQiad |

E B Q-values E
Decision-making Decision |

. ' Metacognition i
Action ! Evidence accumulation threshold 8 g :
i o . R Hyperparameters i

' for pairwise action . '

: adjustment '

' advantages ;

Figure 2: Proposed architecture for a metacognitive agent interacting with its environment.



Learning

Action values estimations updated via Q-Learning (Equation 1) using
the reward prediction error ¢ (Equation 2).

Q(Saa’) <—Q(S,a)—|—a5

0 =r+7-maxQ(5,a) - Q(S, a)



Architecture

Decision-making

+ Race between pairwise accumulators X, ; for each action 7 over
actions j = 1.

+ Dritt rates v, ; (speed of evidence accumulation) defined as a weighted

sums between the advantage (difterence) and sum terms for action
values (Equation 4).

»J

v; = wd(Q(S, a;) — Q(S, aj)) + w, (Q(S, a;) + Q(S, aj)) + vy(4)



(i,j) = accumulator for i over j
=== (0,1) solid - (0,2) dashed
— (1,7) coral - (2,) teal
last to cross = win-all!

0
0.8
vidence
confidence =
1 - completion
of runner-up
0.4
0

accumulation time t*

Figure 3: Illustration of the evidence accumulation dynamics for decision-making. Each of the three possible
actions is associated with two accumulators representing the pairwise advantages over other actions. The
confidence is computed as the normalised distance between winner’s and runner-up’s slowest accumulators at
decision time.



Architecture

Metacognition

Exploits the confidence ¢ computed at decision time to dynamically
adjust the decision threshold 6 (Equation 5) and the Q-value learning
rate o (Equation 6).

0 < 60— yr: (C - ctarget) (5)

Q< o —1), (C - Ctarget) (6)



Test environment
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Figure 4: The collaborative object sorting task between a deterministic (top) and a cognitive (bottom) agent.




Preliminary results

Figure 5: Cumulated rewards at the end of training for the metacognitive (magenta) and Q-Learning agents.

|

Figure 6: Cumulated rewards at the end of training for the metacognitive (magenta) and DQN agents.



Conclusion



Discussion

« Work at the crossroads of Al and cognitive computational
neurosclence.

« Model for a metacognitive artificial agent using its own confidence
levels to dynamically adjust its decision- making and learning
functions.

 Dedicated testbed: collaborative object sorting task.

« Much work needed to refine architecture and test environment.
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