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Proactive and reactive construction of
memory-based preferences

Jonathan Nicholas 1,2,3, Nathaniel D. Daw 4,5 & Daphna Shohamy1,2,6

We are often faced with decisions we have never encountered before,
requiring us to infer possible outcomes before making a choice. Computa-
tional theories suggest that one way to make these types of decisions is by
accessing and linking related experiences stored in memory. Past work has
shown that such memory-based preference construction can occur at a
number of different timepoints relative to the moment a decision is made.
Some studies have found thatmemories are integrated at the time adecision is
faced (reactively) while others found thatmemory integration happens earlier,
when memories were initially encoded (proactively). Here we offer a resolu-
tion to this inconsistency, demonstrating that these two strategies tradeoff
rationally as a function of the associative structure ofmemory. We use fMRI to
decode patterns of brain responses unique to categories of images inmemory
and find that proactive memory access is more common and allows more
efficient inference. However, we also find that participants use reactive access
when choice options are linked to a larger number of memory associations.
Together, these results indicate that the brain judiciously conducts proactive
inference by accessing memories ahead of time when conditions make this
strategy more favorable.

Some decisions aremade repeatedly, offering the opportunity to learn
directly about an option’s value through past experiences with its
outcome. However, decisions often consist of a choice between
options whose outcomes have not been directly experienced before.
Computational theories of planning suggest that one way to approach
such decisions is by knitting together separate relevant memories
through mental simulation1–3. The ability to flexibly combine infor-
mation in this way is central to intelligence: it frees us from having to
decide based on direct trial-and-error experience alone and enables us
tomake inferences and to plan novel courses of action using cognitive
maps or internal models4–8.

The process of drawing inferences requires accessing relevant
memories and recombining or integrating across them to build new
relationships. Studying memory access is therefore one way to shed
light on the covert mechanisms that give rise to inferential choice. Yet

previous work attempting to probe this connection has left open a
critical gap in our understanding of howandwhenmemory integration
supports inference. In particular, some studies have claimed that
memories are accessed at the time a choice is faced2,9,10, while other
studies have found that memory access occurs much earlier, when
relevant memories are first encoded11,12. These two approaches differ
not just in the timepoint of memory access, but also reflect distinct
mechanisms. Integrating memories during a decision requires “on the
fly” processing, which is likely to take time, whereas integrating
memories earlier suggests that the new model for inference already
exists when a choice is later made, yielding more efficient
decisions11,13,14. It has been suggested, but not yet empirically tested,
that there may be some normative explanation for the variation
between these two approaches15. In the present study, we aimed to
address this gap by studying both possibilities in a single experimental

Received: 3 January 2024

Accepted: 8 January 2025

Check for updates

1Department of Psychology, ColumbiaUniversity, NewYork, NY, USA. 2Mortimer B. ZuckermanMind, Brain, Behavior Institute, ColumbiaUniversity, NewYork,
NY, USA. 3Department of Psychology, New York University, New York, NY, USA. 4Department of Psychology, Princeton University, Princeton, NJ, USA.
5Princeton Neuroscience Institute, Princeton University, Princeton, NJ, USA. 6The Kavli Institute for Brain Science, Columbia University, New York, NY, USA.

e-mail: ds2619@columbia.edu

Nature Communications |         (2025) 16:1618 1

12
34

56
78

9
0
()
:,;

12
34

56
78

9
0
()
:,;

http://orcid.org/0000-0002-2314-0765
http://orcid.org/0000-0002-2314-0765
http://orcid.org/0000-0002-2314-0765
http://orcid.org/0000-0002-2314-0765
http://orcid.org/0000-0002-2314-0765
http://orcid.org/0000-0001-5029-1430
http://orcid.org/0000-0001-5029-1430
http://orcid.org/0000-0001-5029-1430
http://orcid.org/0000-0001-5029-1430
http://orcid.org/0000-0001-5029-1430
http://crossmark.crossref.org/dialog/?doi=10.1038/s41467-025-56183-4&domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1038/s41467-025-56183-4&domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1038/s41467-025-56183-4&domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1038/s41467-025-56183-4&domain=pdf
mailto:ds2619@columbia.edu
www.nature.com/naturecommunications


design. We sought to first confirm the normative advantages that early
memory access confers and then to investigate how changing the
structure of memory access can rationally shift this process to happen
later, at decision time.

The role of memory integration in inference is often studied with
multi-phase tasks that first seed relevant associative memories and
then test whether people integrate them when probed to make deci-
sions. A classic task in this vein, which we build upon here, is sensory
preconditioning16. In sensory preconditioning, participants are first
trained to associate two stimuli that occur in succession (A→B). Then,
in a separate phase, the B stimulus is associated with reward. The
critical question is whether people infer that the A stimulus is also
associated with reward. This is tested in the final decision phase, when
participants are asked to choose between A and another control sti-
mulus (which is equally familiar but lacks the indirect reward asso-
ciation). Humans and non-human animals alike tend to prefer A
despite never directly experiencing its association with reward11,12,14,16.
Studies of sensorypreconditioning and similar tasks have revealed two
potential mechanisms, each predicting memory integration either
before or during choice, that may lead to this same behavioral effect.

A typical explanation for inference in tasks like sensory pre-
conditioning, assumed in theories of decisionmaking that date back to
Tolman8, envisions that choosing A reflects prospective mental simu-
lation at decision time: in this case, retrieving the B-reward association
when evaluating whether to choose A. This, in turn, is thought to be a
minimal case of a more general capacity for forward planning. This
forward planning has been embodied by theories of model-based
reinforcement learning in which actions are evaluated over multiple
steps using a learned internal model, either in the form of one-step
associations between states encountered serially or as a successor
representation that generalizes this to associations over multiple
timesteps17–19. By examining neural signatures of memory retrieval, it
has been possible to investigate howmemory access actually relates to
successful model-based inference. Yet, studies have yielded mixed
support for this account. Some evidence suggests that both humans
and non-human animals engage in prospective retrieval at decision
time, and that this pattern is associated with inferential
performance4,9,10,20–22. However, there is also evidence that associative
recall may occur long before a decision is ever faced11,12,23–26.

These latter findings imply a second explanation for inference in
these tasks: that the value of options may be pre-computed when rele-
vant information like reward is first encoded, thereby preempting the
need for evaluating potential outcomes later at choice time. In some
studies of sensory preconditioning, for instance, it has been found that
when B is presented during reward learning, A is concurrently retrieved
and directly associated with reward11,12. Such a strategy is feasible
because, at this time, participants have already been provided with all of
the components necessary to form a complete model of the task. Per-
haps analogously, in rodent spatial navigation tasks, hippocampal place
cells often briefly represent trajectories in front of the animal20–22, a
potential substrate for prospective evaluation. However, otherwise
similar “replay” events can instead reflect backward or altogether non-
local trajectories at the time of reward27–30, potentially supporting a
spatial analogue of the alternative inference strategy.

An emerging idea is that these different inference mechanisms
may be special cases of a more general set of computations that share
the common goal of integrating memories to infer action values, but
that access memories at different times: either proactively before they
areneededor reactively, once required for choice15,31. This in turn raises
questions about how these strategies are balanced or adaptively
deployed, and whether such control might explain variable results
across studies. Indeed, the possibility of proactive computation
implies that the brain must somehow be judicious about which
memories it accesses, and when, since there are somany possible later
actions that might be contemplated.

This idea, while compelling, is still largely untested, and raises a
number of questions about how and when different strategies are
deployed, which we aimed to address in this study. First, is it indeed
the case that a proactive memory access strategy can support infer-
ential choice equivalent to a reactive one? Second, what are the tra-
deoffs of the two approaches: if access occurs proactively, does it
reduce the need for computation at decision time? Finally, do people
rely differentially on this strategy at times when it would be sensible
to do so?

We aimed to answer these questions by attempting to alter par-
ticipants’ reliance on proactive inference. We had three primary
hypotheses. First, we expected to confirm earlier (but inconsistently
reported) results that sensory preconditioning can be solved with
proactive memory access at the time of reward learning. Second,
because proactive inference offers the advantage of a pre-computed
value association, we hypothesized that this approach may allow for
more efficient future decisions–i.e. decisions that are faster and more
accurate. Third, we hypothesized that reliance on this strategy would
adapt under different circumstances, which we operationalized by
manipulating how difficult it is to access and integrate relevant
memories. Drawing upon a rich tradition of research on associative
memory32, we reasoned that havingmultiple relevant associationswith
an experience should, at any timepoint, induce competition between
them, making their retrieval for use in inference less likely.

To test these hypotheses, we developed a novel learning and
decision making task based on sensory preconditioning, and mea-
sured memory retrieval at multiple timepoints of this task while
scanning participants with fMRI. Participants completed this task in
three phases (Fig. 1). In phase one, stimulus learning, participants
learned associations between several antecedent-consequent (A→B)
pairs of images. In phase two, reward learning, participants learned
that a subset of consequent (B) images led to a reward,while othersdid
not. Finally, in phase three, the decision phase, participants made a
series of test and transfer choices between two of these images.On test
choices, participants chose between consequent images that were
directly associated with either a reward or neutral outcome during the
reward learning phase. Transfer decisions consisted of choosing
between antecedent (A) images that were paired with consequent
imagesduring the initial stimulus learningphase. Successful transfer of
value to these images involves relying on memory for the paired
association and can be accomplished, in principle, by either proactive
or reactive memory access. This task is well suited to address our
questions, which focus on when associations between memories are
accessed to support inference. However, it is agnostic as to questions
about how these associations are represented as internalmodels in the
brain (i.e. whether they are stored as one-step relationships or as a
successor representation17–19).

To capture putative reactivation of associations in memory in the
service of inference, we exploited the fact that viewing different visual
categories (e.g. faces, scenes, and objects) elicits unique activity in
visual cortex10,11,33,34. We used images from these different categories
for each of the different stimuli, which allowed us to measure whether
reactivation of associated images in memory occurred during either
reward learning, signifying proactive inference, or during decision
making, signifying reactive inference. We predicted that proactive
memory access during reward learning should result in more efficient
later choices, and that reactive memory access during choice itself
should have the opposite effect.

To address our third hypothesis specifically, we further varied the
number of competing associations with a given stimulus by training
participants on antecedent-consequent relationships under two dif-
ferent conditions (Fig. 1). In one condition, two antecedent stimuli
eachpredicted a single consequent stimulus;we refer to this as the Fan
In condition. By contrast, in the Fan Out condition, a single antecedent
predicted two possible consequents. The logic of this manipulation is
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that the Fan In condition induces greater retrieval competition
between memories of antecedent stimuli when the consequent sti-
mulus is presented during the reward learning phase. We therefore
predicted that there shouldbe increased relianceon reactive inference
for stimuli in the Fan In condition relative to FanOut condition. To test
this prediction, we measured reactivation in BOLD activity for ante-
cedent stimuli in the Fan Out condition during the reward learning
phase, and for consequent stimuli in both conditions during the
decision phase.

Results
Behavioral evidence for proactive inference and its modulation
by retrieval competition
We first examined whether participants learned to directly
associate consequent stimuli with reward, and whether they
transferred value to associated antecedent images. To assess this,
we analyzed participants’ test and transfer choices during the
decision phase. On test choices, participants were highly accurate
and tended to choose the rewarded consequent image over the
neutral consequent image (β0 = 5:009, 95%CI = 4:085, 6:279½ �;
Fig. 2A). There was no difference between the Fan In and Fan Out
conditions (βcondition =0:321, 95%CI = �1:251, 2:128½ �), indicating that
participants learned similarly in both.

Next, we examined participants’ transfer choices during the
decision phase (Fig. 2B). We found that participants tended to choose
the antecedent image that was paired with the rewarded consequent
image (β0 = 2:075, 95%CI = 1:283, 2:896½ �), indicating that most

participants usedmemory to transfer value. Therewas no difference in
transfer performance between Fan In and Fan Out choices
(βcondition =0:572, 95%CI = �0:157, 1:284½ �), demonstrating that the
manipulation of associative structure between conditions had no
effect on the degree to which value was transferred.

Having established that participants infer the value of associated
antecedent images in both conditions, we next sought to gain initial
insights into when memories are accessed to support this value
transfer.We aimed to differentiate between two possible strategies for
inference, each occurring at different timepoints in our task: either
proactively at reward learning or reactively at decision time. One
hypothetical hallmark of proactive inference is that it should promote
accuracy without the need for further memory retrieval of con-
sequents at choice time, resulting in faster transfer decisions. Thus, if
its deployment varies across stimuli, it predicts an unusual inverted
speed-accuracy relationship whereby faster decisions tend also to be
more accurate. In contrast, successful reactive inference by definition
requires retrieving associations between memories at choice time,
resulting in slower transfer decisions and (to the extent its deployment
governs successful performance) a more typical relationship between
slower decisions and higher accuracy.

Overall, we found that choices reflecting memory-based transfer
were faster (βrt = � 0:611, 95%CI = �0:945, � 0:287½ �; Fig. 2C), sug-
gesting that participants may have inferred proactively. In addition,
this relationship was stronger in the Fan Out than the Fan In condition
(βcondition:rt = � 0:465, 95%CI = �0:937, � 0:017½ �), consistent with
our expectation that the Fan In condition is less amenable to proactive

Fig. 1 | Task design and inference strategies. A Task structure. Participants
(n = 39) underwent fMRI scanning while completing a three-part experiment with
two different conditions, based on sensory preconditioning. The phases were
similar for both conditions, which differed only in their specific associative struc-
ture. In phase one, stimulus learning, participants learned associations between
several pairs of images (faces, scenes, or objects). Unknown to participants, there
were two types of trials governing how these associations appeared. Fan In trials
consisted of one of two possible antecedent A images followed by one consequent
B image. FanOut trials consisted of one antecedent A image followedby one of two
possible consequent B images. Example categories for each image are shown here,
and this was counterbalanced across participants. In phase two, reward learning,
participants learned that a subset of consequent B images led to a reward, while

others did not lead to reward. Finally, in phase three, the decision phase, partici-
pants chosebetween two images. Choices betweenconsequent B imageswere used
as test trials, whereas choices between antecedent A images were used as transfer
trials. B Example events. An example of the sequence of task events seen by
participants in each phase. C Possible inference strategies. Participants can
engage in either of two inference strategies: proactive inference, at the time of
reward learning, or reactive inference, at the time of the decision. During decision
making, proactive inference does not require the integration of a memory with
value, as this association has already been performed during reward learning. Due
to differences in the number of competing antecedent memories at reward learn-
ing, we expected reactive inference to be used more for Fan In stimuli.
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inference. Together, these behavioral findings suggest that while
proactive inference may be common in performance overall, reactive
inferencemay have been more commonly observed in the Fan In than
the Fan Out condition.

Neural evidence for proactive and reactive inference and their
modulation by retrieval competition
While examining participants’ choices allowed us to assess the different
behavioral signatures of proactive and reactive inference, choice beha-
vior alone cannot capture when exactly memories were accessed
throughout the task. To gain further insight into when memories were
recalled to support inference, we used fMRI to obtain a neural signature
ofmemory reactivation at different timepoints in our task (Fig. 3A). As in
past work11,12, here we primarily interpret memory reactivation as a
marker of inference, but note that another plausible role for memory
reactivation may be to strengthen associations between individual
memories1,2. Tomeasurememory reactivation, wefirst used runs of fMRI
data collected from the stimulus learning phase to train a classifier to
distinguish between each image category: faces, scenes or objects. We
then tested this classifier on activity from the reward learning and
decision making phases, and assessed its ability to identify the category
of the image that was presented to participants. As expected, voxels
that differentiated accurately between categories were located
primarily across the bilateral occipito-temporal cortex (Fig. 3B). When-
tested on the reward learning and decision making phases, the
classifier accurately differentiated each category from the others
(Faces: β0 =0:161, 95%CI = 0:134, 0:189½ �; Scenes: β0 =0:151, 95%CI =
0:123, 0:180½ �; Objects: β0 =0:066, 95%CI = 0:041, 0:093½ �; Fig. 3C).

With a classifier in hand that could distinguish between each
category based on BOLD activity patterns seen during the reward
learning and decision phases, we were poised to assess the degree to
whichmemorieswere reactivated for inference, andwhen. Specifically,
tomeasurememory reactivation, we examined the individual category
probabilities from the classifier on every trial, and identified those in
which the probability of the associated image category (as opposed to
the presented category) was particularly high (see “Methods”). This
analysis allowed us to label every trial as one in which reactivation of

the relevant associated category in memory was either likely or
unlikely.

To determine whether memories were accessed in accordance
with the patterns of inference we observed behaviorally, we focused
on threemain goals for the analyses. First, becauseparticipants’ choice
behavior at transfer suggested a tradeoff between speed and accuracy
most consistent with proactive inference, we sought to examine
whether greater memory reactivation during the reward learning
phase indeed results in more efficient (faster and more accurate)
choices. Second, because we found that this effect was weaker during
Fan In compared to FanOut transfer choices (when therewas relatively
more retrieval competition betweenmemories during reward learning
and less during decisionmaking),we sought to determinewhether this
behavioral shift was supported by different memory access patterns
across conditions. Third, we predicted that it would be most strategic
for participants to proactively infer prior to choice time for Fan Out
trials, but to reactively infer at choice time for Fan In trials and there-
fore tested this by characterizing individual differences in memory
access between participants.

To first examine whether memory access during reward learning
leads to more efficient choices, we quantified the difference in
memory reactivation during image viewing at reward learning and
decision time. This yielded an index of proactive inference for each
pair of images. We focused on the Fan Out condition because the
design allowed us to measure reactivation for this condition at both
of these time points (for the Fan In condition, the design only allows
measuring reactivation at decision time; see “Methods”). When there
was more evidence of proactive inference – i.e. when memory reac-
tivation was greater at the time of reward learning relative to that
of decision making - transfer choices were both more
accurate (βΔreactivation =0:302, 95%CI = 0:0384, 0:593½ �) andmarginally
faster (βΔreactivation = � 37:902, 90%CI = �75:273, � 2:508½ �, 95%CI =
½�82:823, 3:180�; Fig. 4). This result suggests that using memory to
transfer value via proactive inference offers the advantage of more
efficient choices in the future.

We next examined whether the Fan In and Fan Out conditions
affected memory access patterns, focusing on the time of choice

Fig. 2 | Participants successfully learned and transferred across both condi-
tions, but the relationship between speed and accuracy differed across con-
ditions. A Test decisions (i.e. those between images that were directly associated
with reward or neutral outcomes during reward learning) were highly accurate,
reflecting successful learning for both conditions. B Transfer decisions (i.e. those
between images that were indirectly associated with reward or neutral outcomes
via the stimulus learning phase) were also highly accurate, indicating successful
inference for both conditions. Filled points represent group-level means whereas
white points represent means for each pair of images seen by n = 39 participants.

Error bars are 95% confidence intervals. C The relationship between the proportion
of accurate transfer choices and reaction time for each image pair revealed that
faster decisions weremore accurate and that this relationship was stronger for the
Fan Out condition, in which the structure was more amenable to proactive inte-
gration. Lines represent regression fits and bands represent 95% confidence
intervals. Individual points represent means for each image pair. All visualizations
show data at the stimuli level, and statistical analyses were conducted using mixed
effectsmodels that additionally assessed these effects within eachparticipantwhile
accounting for variation across participants.
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Regression analyses. Unless otherwise noted, parameters for all
regression models described here were estimated using hierarchical
Bayesian inference such that group-level priorswere used to regularize
participant-level estimates. The joint posterior was approximated
using No-U-Turn Sampling68 as implemented in stan. Four chains with
2000 samples (1000discarded as burn-in) were run for a total of 4000
posterior samples per model. Chain convergence was determined by
ensuring that the Gelman-Rubin statistic R̂ was close to 1. Default
weakly-informative priors implemented in the rstanarm69 package
were used for each regression model. For all models, fixed effects are
reported in the text as the mean of each parameter’s marginal pos-
terior distribution alongside 95% or 90% credible intervals, which
indicate where that percentage of the posterior density falls. Para-
meter values outside of this range are unlikely given the model, data,
and priors. Thus, if the range of likely values does not include zero, we
conclude that a meaningful effect was observed.

Wefirst assessed choiceperformanceon the decision phase of the
task. For each participant. s and trial t, a mixed effects logistic
regression was used to predict if the correct image was chosen:

pðCorrecttÞ= σðβ0 +b0, s t½ � +Conditiontðβ1 +b1, s t½ �ÞÞ ð1Þ

σðxÞ= 1
1 + e�x

ð2Þ

where Correct was equal to 1 if the participant chose either the image
directly associated with reward (in the case of test trials) or the image
indirectly associated with reward (in the case of transfer trials), and
Condition was a categorical variable coded as 0.5 for Fan In trials and
-0.5 for Fan Out trials. This model was fit separately for test and
transfer choices.

We also assessed the relationship between response time and
accuracy during transfer choices using the following mixed effects
logistic regression, which included an additional main effect of
response time as well the interaction between response time and
condition:

pðCorrecttÞ = σðβ0 +b0, s t½ � +Conditiont*ðβ1 +b1, s t½ �Þ+RTt * ðβ2 +b2, s t½ �Þ
+Conditiont X RTt*ðβ3 +b3, s t½ �ÞÞ

ð3Þ

where RT was the response time on each transfer choice trial.
We determined the ability of the trained MVPA classifier to dis-

tinguish each category label from chance using the following mixed
effects linear regression:

Accuracy� Chance=β0 +b0, s t½ � +Phasetðβ1 +b1, s t½ �Þ ð4Þ

where Accuracy� Chance was the 95th percentile of the permutation
distribution subtracted from classification accuracy, and Phase was a
categorical variable coded as0.5 for the decision phase and -0.5 for the
reward learning phase. Thismodel was fit separately for each category
(face, scene and object).

Another set of models was fit to assess the relationship between
memory reactivation and transfer choice behavior. Analyses were
conducted on the average reactivation level of each stimulus. In order
to assess effects of reactivation on transfer accuracy for each stimulus,
i, accuracy was first transformed70 to ensure that all responses fell
within the interval (0,1):

TransAcc0i =
TransAcci N � 1ð Þ+0:5

N
ð5Þ

where TransAcc was participants’ average transfer accuracy for each
consequent stimulus andNwas the sample size (39).We first examined
the effect of (z-scored) differences in reactivation between the reward

learning and decision phases for each associated antecedent-
consequent pair of Fan Out stimuli on transfer accuracy. To do so,
we fit a mixed effects beta regression:

logitðTransAcc0iÞ=β0 +b0, s½i� +ΔReactivationtðβ1 +b1, s i½ �Þ ð6Þ

whereΔReactivation is thedifference inmemory reactivation between
reward learning and the decision phase for each pair. Similar beta
regressions were used to assess effects of memory reactivation during
the decision phase for Fan In and Fan Out consequent stimuli, sepa-
rately. To assess effects on choice transfer response time, linearmixed
effects regressions with the same predictors were used instead.

We additionally assessed how memory reactivation differed for
each condition (Fan In or Fan Out) during the decision phase. We
performed this analysis using the following mixed-effects linear
regression:

Reactivation= β0 + b0, s +Conditionðβ1 + b1, sÞ ð7Þ

where Reactivation was memory reactivation during the decision
phase for each participant and condition and Condition was coded
identically to the models described above.

Lastly, we examined individual differences in strategy usage by
comparing our reactivation measures across phases of the task. Spe-
cifically, we fit a simple linear regression predicting each participants’
average level of memory reactivation for Fan Out during reward
learning from their difference in memory reactivation during the
decision phase.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability
Preprocessed fMRI data that support the findings of this study are
available in GIN with identifier: https://doi.org/10.12751/g-node.
ee5wx3. Raw fMRI data are available from the corresponding author
upon request. Raw behavioral data are available in a CodeOcean cap-
sule with identifier: https://doi.org/10.24433/CO.2559896.v1.

Code availability
The code used to generate the results of this study are available as a
CodeOcean capsule with identifier: https://doi.org/10.24433/CO.
2559896.v1.
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