Adaptlve Control of Episodic Memory During
Story Listening

Cody Dong’', Samuel Nastase’, Kenneth Norman’

1| VET | NOV |
TES | TAM
11 EN | TVM]|][

Poster PDF 1. Princeton University
N, =7, Nhigh = 35; data collection not complete yet
IntrOdUCtion MethOdS Resu Its (target N = 14 per condition)
. . L We train an encoding model° to predict participants’ brain responses Pk =mberding Model = 5P T2 MPFC
Prior work has shown people automatically use episodic memory to . . . 0-150° . —4— high pred 0.150° —4— high pred
. . . . - . using embeddings from an LLM that was presented with the words ¥ low pred low pred
predict upcoming words when listening to familiar stories.’ heard (so far) in the story 0.125- 0.125-
' 0.100- 0.100-
Can people learn to adaptively stop making episodic memory-based Erbeddin Encoding Model Voxels = 0075 = 0075
predictions in environments where memory is misleading? J EEED We DB B @ 050- @ 0050

NEEE - uclel | | | | 0.0251 Ilf I O'OZSMI
on NN = 0.000 %% X % 0.000 [ Tl\Tf{“’/%\U

\\\ ,’ A 1 I
@ ~0.025- % —~0.0251
= 5 10 15 5 10 15

‘l" Time (TR) from Story Onset Time (TR) from Story Onset
However, participants listen to the stories twice, meaning that they

Experimental Paradigm
i) Session 0

1))l||||||

- i . . T . Cun SecAud
Multi-session fMRI can retrieve the session 1 story from episodic memory in order to _— & — _— —
: : : : : ' I\gh pre ' Igh pre
Session 0: Participants listen to a set of predict ahead during session 2. R_eﬂectlng this, wg can gene.rate - % low pred 0195 % low pred
podcast episodes? while in the scanner. memOry-lnfOrmed echo embeddmgs" by promptlng LLMs with a 0100 1 0100
Used as training data for an encoding model summary of the original, complete story from session 1 plus the | |
current story-text heard so far in session 2. w 0 w O
. : : A : ) _ g _
‘ )) Session 1 l g:;st;l;gr?e.sPartlmpants listen to a set of 78 2 0.050 9 0.050
| Summary: Echo Embeddings 0:0251 = VTN TSN [ T4t 00251 i lh o T
Trader Joe’s West Hollywood. Your total is $20.69,” . _ _ . . Two strangers met onia tr?in to | A L4 E%a 1 "1\ | ¢ 8 N S AP \
announces the cashier... | entertain another Session 2: After a day, hlgh predlCtab”'ty fﬁ,ﬁf,‘;’;’g’j;, i@iﬁegxah’:’ﬂfgf’a‘fd We . . 0-000 }X 3 ] 0000 % %
universe -- one where I'm not gay -- and smile wide. participants listen to the exact same stories planned to reunite in Paris, but the met | [N _0.025- - % _0.025 1 i
Then | say, “Good night. again. Low predictability participants listen apart. Trusting fato, they hadit. Context: on /IS : . . : . L
: : . : . . : h d ph bers, leavi
We met on a train from Paris to Barcelona. Sitting to the _S’[OFIGS again, but -- while the stories iheir potential fove story o hold. Summar v Time (TR) from Story Onset Time (TR) from Story Onset
next to one another, we argued over who could use b th th b h off t U y
the power outlet... we hadn’t exchanged mobile eg_m In the Sa_me_way -- ey l'an.C. Off 10 L LM EnCOdin MOdel PL
numbers. Sometimes a romantic plan isn’t enough. a different ending instead of the original T 9 007
. . . . | ¢ High Pred. ' hiah d
X 78 short stories ending. Memory Retrieval Current Audio l 0.140 : EEEE o E e
Pred. Voxels 0.120+ Low Pred.
‘ )) Sess|on 2 \/\ We We ... . (:8 0.100. = 1 1 = (:3 0.05
(1 day later) Between Participants met met I 9 L 0.04
on 20'080 -
Trader Joe’s West Hollywood. Your total is $20.69,” Trader Joe’s West Hollywood. Your total is $20.69,” ‘») on ... . T 0.060 E 0.03
announces the cashier... | entertain another announces the cashier... | ponder the odds, "'C"D > 0.02
universe -- one where I'm not gay -- and smile wide. amused. “Only if we split the winnings,” | reply, 5: 0.040 5:
Then | say, “Good night winking 0.020. L L 0.014 L | 1 N
We met on a train from Paris to Barcelona. Sitting We met on a train from Paris to Barcelona. Sitting —_— | .j h 0.001 1 Ly
next to one another, we argued over who could use next to one another, we argued over who could use Neu ral Reca" — Ses 2 [Cor(EChO) - COF(CU rr)] - >0 | | | | % |
the power outlet... we hadn’t exchanged mobile the power outlet... Six weeks later, amidst shelves of pCun mPEC  SecAud 1 2 3 4 5 6
numbers. Sometimes a romantic plan isn’t enough. poetry, our story resumed. SeS 1 [CO r(EChO) - CO r(CU rr)] ROI Block # in Ses 2

+ X 78 repeat short stories e X /8 branched short stories

Neural recall is operationalized as the difference in brain prediction Conclusion

- Story accuracy using echo embeddings (which reflect information in the Preliminary results indicate that participants in the low predictabillity
emories o . " : : .
full original story) compared to embeddings that only reflect current condition learn to suppress episodic memory retrieval, as shown by a
Retrieved o /'\ High Predictabilit | information. Session 1 serves as a baseline since it is their first time lower degree of neural recall compared to high predictability
memory g g Vs Y R,ﬁg”n?;’fyd participants at story onset. The effect was larger for stories presented
ac:::é'?;tesly ~ - . mismatches IIStenlng to the stories (l e., NO paSt epISOdIC memory to retrleve later in session 2. These results demonstrate that peop'e may
ending ~ Low Predictability ending . : : -
- L - adaptively modulate memory retrieval based on the predictability
— Neural recall is computed over patterns @ @ of the environment.
ﬂm PartiCipantS in the low prediCtabi”ty condition will learn to -Of a(-:tIVIty Ir-] brain regins preVIOUSIy ﬁeh;ﬁ:?e?n?ae;, S., et al., Nat. Commun. (2021) 5. Zadbood, A., et al., Cerebral Cortex (2017)
suppress episodic memory retrieval during the repeated, implicated in memory-based 2. Lebel, A., et al., Scientific Data (2023) 6. Baldassano et al., Neuron (2017)
pre-branch part of the stories. processing of naturalistic stimuli®®. Z gg:rngpércfl I\G/It. a(le.{ g?tg£;i$/2?21062)4)

Funding Acknowledgment: CD was supported by Seed Grant 2005-32 from the Princeton Laboratory for Artificial Intelligence.



