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Figure 1 The paradigm of the sequential decision task
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Figure 2 Reinforcement learning system for sequential

decision in pigeons
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Table 1 Statistics of data information for all pigeons
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Figure 3 Behavioral performance of subject pigeons

during the learning process of sequential decision making
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Figure 4 Comparison of BIC values of two RL models in sequential decision learning process
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Figure 5 Behavioral choices of pigeons and RL model estimation results during learning process

R2=0.5155 p<0.0001 ***
R2=0.6928 p<0.0001 ***

0.6 0.8
SIMEFH
(a) PO90

R?=0.2098 p=0.0142 *
R*=0.8698 p<0.0001 ***

of7 ofs
SRR
(b) PO14

[ila ) sl

R?=0.2733 p=0.0105 *
R*=0.6707 p<0.0001 *%**

0 e e @

Yo S SO L RO BT Y B A%
1 1 1 1
04 0.6 08 1.0
SITHERER
(c) PO21

Ee6 MHBHEEERE MFEIEBSHERER

Figure 6 Regression results of pigeon dominant action selection rate with MF learning model parameters
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Figure 7 Regression results of dominant action selection rate of pigeons and MB learning model parameters
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Dynamic Reinforcement Learning Modeling and Strategy Evolution in

Pigeon Sequential Decision-making

LI Zhihui'®, MA Ying"?, SHANG Zhigang'*>, YANG Lifang'*""

(1. School of Electrical and Information Engineering, Zhengzhou University, Zhengzhou 450001, China; 2. Henan Key Laboratory of
Brain Science and Brain Computer Interface Technology, Zhengzhou 450001, China; 3. The Affiliated Encephalopathy Hospital of
Zhengzhou University, Zhumadian 463000, China)

Abstract: To maximize future rewards, organisms must flexibly adjust their learning strategies within complex envi-
ronments. To investigate how learning strategies dynamically evolve during sequential decision-making, we used pi-
geons—a model species with robust cognitive capabilities—in a two-step sequential decision-making task. Behav-
ioral data were collected throughout the entire learning process, from initial exploration to proficient performance.
We developed two dynamic reinforcement learning ( RL) models: a reward prediction error-driven Model-Free
(MF) model and a state-transition relationship-driven Model-Based (MB) model. Using experimental data, we fit-
ted these models and systematically analyzed the dynamic changes in key learning parameters, including learning
rate (reflecting the speed of new information acquisition) , discount factor (indicating the valuation of future re-
wards) , and the inverse temperature parameter (representing choice certainty ). Model comparisons revealed that
pigeons predominantly utilized an MB strategy in early learning stages, focusing on acquiring relationships between
states to form accurate value representations. With accumulated experience, pigeons progressively shifted toward
the MF strategy, directly utilizing established value predictions for decision-making. Furthermore, analysis of model
parameters showed that the learning rate gradually decreased, while both discount factor and inverse temperature in-
creased over the learning period. These changes indicate that pigeons progressively place greater emphasis on future
rewards and decision certainty, illustrating a natural shift from environmental exploration to exploitation of acquired
knowledge. This study not only elucidates the mechanisms underlying adaptive strategy adjustments in biological
systems during sequential decision-making but also provides valuable biological insights for parameter optimization
in artificial reinforcement learning models.
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