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Introduction
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3. Instance-based learning in dynamic decision making
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4.1. Dynamic decision-making task -Water Purification Plan (WPP) Fig. 2
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4.2. Structure of SDUs and the decision process in CogIBLT
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Fig. 3. An example of a 3DU for the WPP task. The situation is defined by: ime, tank, water amount, and chain.
The decision 1= to activate, and the utility 15 162 min.
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Fig. 5. Blending the utility into a new decision. The current situation in the bottom SDU compares to three SDUs
from the past with activation above threshold. The utility of the current sitwation is caleulated by Blending using
the utility of the previous three SD1s,
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Fig. 6. Participants’ average performance for 18 trials. The performance measure is the number of gallons of water
missed. The overall mean is 140.55 and the average standard deviation is 20.85.

5.2. Data collection from CogIBLT
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Fig. 7. Model 1. Random search of alternatives, utility determined by the time heunstic, no Blending, no necessity

Trial

value, and no feedback mechanisms.

Missed Water Gallons

2 208 8 ¢

=
==
e

—{—Human
—— Wodel2

1 2 34 6 B8 78 91010 1213141516 1718

Trial

oooi1o0o00

e 12=0.02

e RMSSD=1.64
0o0oUooooooooo

ooooooooooooooon

oooz2000

e 12=0.12

e RMSSD =2.02
000000D0@O 2000000

RMSSD O 14.67)

Fig. 8. Model 2. Sorted search of alternatives, unlity determined by the time heunistic, no Blending, no necessity
value, and no feedback mechanisms.
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Fig. 9. Model 3. Random search of alternatives in the first two trials, sorted search after Trial 3. Utility determined
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Fig. 1. Model 4. Random search of alternatives in the first two trials, sorted search after Trial 3. Utility determined
Blending with one similarity-rate, no necessity value, and no feedback mechanisms,
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Fig. 11. Model 5. Random search of alternatives in the first two trials, sorted search after Trial 3. Unlity determined
Blending with 0.01 similarity-rate, no necessity value, and no feedback mechanisms.
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Fig. 12. Model 6-High. Random search of alternatives in the first two trials, sorted search after Trial 3.
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Fig. 13. Model 6-Medium. Random search of alternatives in the first two trials, sorted search after Trial 3, Utility
determined Blending with 0.01 similanty-rate, 1h necessity level, and no feedback mechanisms.
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Fig, 14, Model 6-Low. Random search of alternatives in the first two trials, sorted search after Trial 3, Utility
determined Blending with (.01 similarity-rate, | min necessity level, and no feedback mechanisms.
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Fig. 15. Model 7, Random search of alteratives in the first two trials, sorted search after Trial 3, Utility determined
Blending with 0.01 similarity-rate, | min necessity level, feedback learning-rate of 1.0,

5.7. Summary of experiments
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Table 3

Summary of experimental conditions, and results from i* and RMSSD compared to human data

Recognition Judgment Choice Feedback r* RMSSD  #* model
COIMpArison

Model 1 Random Time heuristic, no similarity No stopping rule No 02 1.64 0.04
Maodel 2 Sorted Time heuristic, no similarity No stopping rule No —.12 202 013
Maodel 3 Random/sorted Time heuristic, no similarity No stopping rule No A6 173 .48
Model 4 Random/sorted  Blending, similarity-rate 1.0 No stopping rule No 64 232 0.63
Maodel 5 Randomfsorted  Blending, similarity-rate 0.01  No stopping rule No 81 171 .59
Model 6-High Random/sorted  Blending, similarity-rate (.01 Necessity level = 480 min = No 36 2.62 0.71
Model 6-Medium  Random/sorted  Blending, similarity-rate (.01 Necessity level = 60min =~ No A5 143 0.81
Maodel 6-Low Random/sorted  Blending, similarity-rate 0.01 Necessity level = 1 min No 90 1.26 0.75
Model 7 Random/sorted  Blending, similarity-rate (.01 Necessity level = 1 min Yes T8 1.57 1.00

6. Process analysis
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6.1. Average fit to decision rules
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Fig. 16. Average mle fit, companson between human data and Model 6-Low.
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Fig. 17. Percentage of judgments using the time heuristic by trial from Model 6-Low.

6.2. Instance similarity
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Fig. 18, Average similarity with o = 0.99,

09

08 4

e

06 4 { r.'-“‘-

05

Trlal

Fig. 19, Average similarity with o = 0.5,

6.3. Exploring individual data
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7. Discussion of results
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8. Concluding remarks
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