BACKGROUND METHODS
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The successor representation (SR) is a predictive map that reflects the expected
visitations of future events & explains behavioral and neural decision-making data [1]

Replay: Fast, sequential reactivation of neural patterns reflecting experience [2]

Replay during short on-task pauses might reflect sampling from previously
experienced transition structure for learning, planning and decision-making [3]

Q1: Does SR learning occur on-task in a non-rewarded task domain?

Q2: Is SR learning linked to on-task replay?

Q3: Do SR learning and on-task replay link to conscious task knowledge?

Participants

n = 39 healthy young adults (mean age = 24.3 years, SD = 4.24 years, 23 female)
MRI data acquisition

3T, TR =1.25 s, TE = 25 ms, multiband factor 4, 2 mm? voxels, +20° tilt from AC-PC
fMRI data preprocessing

Standard preprocessing using TMRIPrep [4] (incl. slice timing correction, realignment,
distortion correction, coregistration, etc.), 4 mm smoothing, detrending, z-scoring

Study procedure
Two 90-mins. fMRI sessions (Day 1: Localizer task, Day 2: Main task)

EXPERIMENTAL DESIGN & HYPOTHESES
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ANALYSES & RESULTS

Successor representation (SR) modeling [1]

- Successor models learn multi-step expectations

Faster + more accurate after high vs. low probability transitions Graph change may trigger task knowledge

"Did you notice any "When did you notice

uni - bi bi - uni

5\'IOO- % Sequence - uni bi sequential structure?" 15sequential structure?" 1 00- _ Depth Of Iearning (hOI’IZOﬂ) depends on parameter
© ° © 25 - - '
5 : A = € .0.40- 1% - . .
3 90 ° £ 0.64- = 100- o 40 g | ® 1w & N - Learns trial-by-trial, updates after each experience
S S ol ° : £ £ 45 b
B B PP'S fo = -050- 210 H M, » = Mg, « +a[1,,., + M ~ M
S O © 401 2 ‘s o Stk Stk St4+1 ’Y St+1,% St,*¥
850l o . : 035 S 3 5], ¢
\@ 2] §0'56- % 0- T -0.60- g 5. § I I 0 1 . , , . , , .
& & D T ow High Low High Low High Low High 2 0! m ni55as - Model: RT when observing stimulus | in trial t is proportional
&> TS 3% (0.1) (0.7)  (0.1)(0.35) 0.1) (0.7)  (0.1)(0.35) 0- 12345 21 bi:12321 10 the surprise of the SR model when observing transition
Run Transition probability Transition probability no yes Run (Session 2) Node distance

(Re)activation during on-task pauses in visual cortex

Response times indicate multi-step knowledge

SUMMARY & CONCLUSIONS

SRs are useful to store multi-step knowledge for prediction; can be learned online, through replay, or both
Evidence of SR learning in an incidental sequence learning task, independent of conscious knowledge

Evidence for on-task sequential replay: (a) replay in visual cortex, but not motor cortex or hippocampus,
during brief on-task pauses, (b) replay seems to be fast-ish, (c) replay is not linked to conscious knowledge

On-task replay and SR learning are linked; SR replay is affected by changes in task transition structure
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