Downloaded from learnmem.cshlp.org on October 19, 2022 - Published by Cold Spring Harbor Laboratory Press

Research

Reward-motivated memories influence new learning
across development
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Previously rewarding experiences can influence choices in new situations. Past work has demonstrated that existing reward
associations can either help or hinder future behaviors and that there is substantial individual variability in the transfer of
value across contexts. Developmental changes in reward sensitivity may also modulate the impact of prior reward associations on later goal-directed behavior. The current study aimed to characterize how reward associations formed in the past
affected learning in the present from childhood to adulthood. Participants completed a reinforcement learning paradigm
using high- and low-reward stimuli from a task completed 24 h earlier, as well as novel stimuli, as choice options. We found
that prior high-reward associations impeded learning across all ages. We then assessed how individual differences in the prioritization of high- versus low-reward associations in memory impacted new learning. Greater high-reward memory prioritization was associated with worse learning performance for previously high-reward relative to low-reward stimuli across
age. Adolescents also showed impeded early learning regardless of individual differences in high-reward memory prioritization. Detrimental effects of previous reward on choice behavior did not persist beyond learning. These findings indicate
that prior reward associations proactively interfere with future learning from childhood to adulthood and that individual
differences in reward-related memory prioritization influence new learning across age.
[Supplemental material is available for this article.]

Rewarding experiences can help guide choices and actions
throughout life. Studies of reinforcement learning across development indicate that the ability to use good and bad outcomes to
converge on optimal decisions changes from childhood to young
adulthood (Davidow et al. 2018; Nussenbaum and Hartley 2019).
These studies typically require individuals to learn the values associated with novel choice options. However, in the real world, we often have past experiences that can inﬂuence how choice options
are evaluated and shape how we update value associations through
new learning. Across childhood and into adulthood, reward associations lead to the adaptive prioritization of information in memory
(Ngo et al. 2019; Cohen et al. 2022), which may facilitate the use of
reward memories to guide later behavior. Still, it remains unclear
how reward-related memories impact future choices in new contexts across age.
Past research suggests that existing stimulus–reward associations can either improve or impede subsequent behaviors. For example, the presence of reward enhances response inhibition
(Wang et al. 2019) and promotes reinforcement learning through
increased attention to reward-related features of the task environment (Niv et al. 2015; Leong et al. 2017). Additionally, prior knowledge about stimulus reward properties has been shown to facilitate
stimulus processing in incremental associative learning and is
thought to provide a scaffold for incorporating new information
into existing representations (Bein et al. 2019). However, previous
reward associations can be detrimental to performance, particularly when they are no longer relevant to the task at hand (Krebs et al.

2011; Infanti et al. 2015). For example, past work demonstrated
that previously learned but irrelevant reward associations can hamper list learning performance in a new context (Madan et al. 2012).
Recent work has also shown that prior reward conditioning may
hinder memory formation for previously high-reward relative to
low-reward images in a nonrewarded associative learning task
(Miendlarzewska et al. 2021). These impairments in learning and
memory may be due to past reward memories interfering with
the ability to bind new value associations to previously
reward-related stimuli (Kuhl et al. 2010; Madan et al. 2012).
Together, these results suggest that prior reward value can either
positively or negatively inﬂuence new learning.
Extant studies examining how prior rewarding experiences
inﬂuence choices across development have largely focused on
the impact of reward on cognitive control. Learned reward associations have been shown to lead to better inhibitory control in children (Chevalier et al. 2014; Winter and Sheridan 2014) but either
disrupt (Roper et al. 2014; Davidow et al. 2019) or improve (Insel
et al. 2019) performance across adolescence. Heightened reactivity
to rewarding stimuli has been observed across species during adolescence (Galván 2013; Doremus-Fitzwater and Spear 2016), but
less is known about how developmental changes in reward sensitivity inﬂuence learning and memory processes. Characterizing
these processes is critical for understanding how previous experience guides future behavior. Increased reward sensitivity might
give rise to a particularly robust inﬂuence of reward-related
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ther predicted that individual differences in reward-motivated
memory prioritization would modulate learning.

memories on goal-directed behaviors during this stage of development relative to childhood and adulthood. Still, whether prior reward associations facilitate or hinder new learning across age
remains unclear.
Individual differences in memory for learned value associations are likely to further impact how previously rewarding experiences inﬂuence future learning. Research conducted in adults
shows a high degree of individual variability in the transfer of
learning to new situations. This variability has been associated
with differences in brain activation during learning and with intrinsic functional connectivity of brain systems implicated in
learning (Wimmer and Shohamy 2012; Gerraty et al. 2014).
Individual differences in how prior reward associations modulate
new learning may stem from variability in how memory for those
associations affects choice behavior.
In the present study, we aimed to determine how memory for
previously rewarded experiences inﬂuences new learning from
childhood to adulthood. To address this question, we collected
and analyzed data from 89 participants ages 8–25 yr old in a 2-d
study (Fig. 1). On the ﬁrst day, participants completed a rewardmotivated encoding task (Fig. 1A) during which participants
viewed paired associates consisting of a trial-unique object and either a face or place source image, with each category (face or place)
serving as the high-reward category for half of participants.
Twenty-four hours later, participants completed a memory retrieval test (Fig. 1B), from which we computed a high- versus lowreward general source memory measure for each participant. This
measure served as an individual-level index of reward-related memory prioritization. The retrieval test was followed by a reinforcement learning task using source image stimuli that had been
associated with high- or low-reward 24 h earlier, as well as novel
stimuli, as choice options (Fig. 1C). The reinforcement learning
task allowed us to assess our primary question of interest: how
memory for previously rewarded experiences inﬂuences new learning across age. Finally, participants completed a test phase consisting of all possible combinations of choice stimuli (Fig. 1D). The test
phase examined whether prior reward associations biased value
learning, which would be indicated by a tendency to choose previously rewarded stimuli over stimuli that were equally reinforced
during learning. We hypothesized that adolescents, relative to
older and younger individuals, might show particularly robust inﬂuences of past reward-related memories on new learning. We fur-

Results
Learning task
To investigate how previously rewarding experiences impacted new
learning from childhood to adulthood, we ﬁrst examined learning
performance as a function of reward history and age using
mixed-effects logistic regression models. We compared models containing both linear and quadratic age as interaction terms versus linear age alone to determine whether including quadratic age
provided a better ﬁt to the data. A likelihood ratio χ2 test indicated
that the learning data were signiﬁcantly better ﬁt by a quadratic
age model [χ2(6) = 14.70, P = 0.023]. We report results from the
mixed-effects logistic regression model that probed trial-wise optimal choice by trial number, stimulus type (previously high reward,
previously low reward, and novel), continuous linear age, continuous quadratic age, and their interactions, controlling for the highreward source image category (whether faces or places were associated with high reward during the motivated encoding task). We found
a signiﬁcant effect of trial number, such that optimal choice increased throughout the task [χ2(1, N = 89) = 230.16, P < 0.001]. We
also observed a signiﬁcant effect of stimulus type, whereby optimal
responding was highest for novel stimuli and lowest for previously
high-reward stimuli [χ2(2, N = 89) = 30.97, P < 0.001] (Fig. 2B).
There was a signiﬁcant effect of linear age, in which optimal choice
increased with age [χ2(1, N = 89) = 26.28, P < 0.001], as well as a
trending effect of quadratic age [χ2(1, N = 89) = 3.67, P = 0.056].
There was no signiﬁcant effect of high-reward source image category
[χ2(1, N = 89) = 0.43, P = 0.512]. These results suggest that learning
performance improved with age and throughout the task but was
impeded for previously high-reward relative to low-reward stimuli.
The main effects were qualiﬁed by two-way interactions. We
found a signiﬁcant trial number × stimulus type interaction, demonstrating that poorer responding early in learning for previously
low-reward stimuli, and even more so for previously high-reward
stimuli, were both ameliorated by the end of the task [χ2(2, N =
89) = 9.78, P = 0.008]. Furthermore, signiﬁcant effects of trial number × linear age and trial number × quadratic age indicated that, as
the task progressed, younger participants did not increase their

Figure 1. Experimental design. (A) On the ﬁrst day of the study, participants completed two rounds of a reward-motivated encoding task with high- and
low-reward trials on gold and silver backgrounds, respectively. (B) Twenty-four hours later, they completed a self-paced memory retrieval test (gold and
silver outlines that visualize the reward levels of the stimuli were not depicted during the task). (C ) Participants next completed a modiﬁed instructed probabilistic learning paradigm with previously high-reward, previously low-reward, and novel card deck pairs as choice options. Positive (star) or negative (X)
feedback was given after each card deck choice. (D) Last, participants completed a self-paced test phase, including choices between the 70% and 30%
reinforced decks from learning. Feedback was not provided during the test phase.
www.learnmem.org
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B

Figure 2. Prior reward associations inﬂuenced the learning of new reward contingencies. (A) Learning performance improved throughout the task and
with age. Stimulus type also modulated learning, such that optimal choice was highest for novel stimuli and lowest for previously high-reward stimuli. Age
is binned into child (8–12 yr), adolescent (13–17 yr), and adult (18–25 yr) groups for data visualization purposes, but age was treated as a continuous
variable in all analyses. Similarly, trials are binned into 30 trial blocks (10 trials of each stimulus type) for data visualization purposes, but trial number
was treated as a continuous variable in all analyses. Error bars represent standard error. (B) Proportion optimal choice was consistently diminished for previously high-reward stimuli across all ages. Points represent predictions of optimal choice from the linear mixed-effects model, including previously highreward, previously low-reward, and novel stimuli. The vertical bars represent 95% conﬁdence intervals around the model estimates.

30.53, P < 0.001; trial number × quadratic age: χ2(1, N = 89) = 8.48,
P = 0.004]. However, the trial number × stimulus type interaction
was not statistically signiﬁcant [χ2(1, N = 89) = 0.92, P = 0.337], suggesting that differences in the learning trajectories for each stimulus type were driven by the previously reward-associated versus
novel pairs. There were no other signiﬁcant main effects or twoor three-way interactions (Ps > 0.120) (see Supplemental Table
S1C,D for full linear mixed-effects model output). Taken together,
these ﬁndings indicate that overall learning performance improved with increasing age and that prior high-reward associations
stymied learning. Analyses using learning reaction times, rather
than learning performance, as the response variable produced a
similar pattern of results and further support our conclusions
(see Supplemental Fig. S4; Supplemental Table S2A–D).

rate of optimal responding as much as adolescents and older participants did [trial number × linear age: χ2(1, N = 89) = 30.32, P < 0.001;
trial number × quadratic age: χ2(1, N = 89) = 4.07, P = 0.044] (trial
number × age interactions are depicted in Supplemental Fig. S1).
This series of two-way interactions indicates that performance improved throughout the task, with trajectories varying by stimulus
type and age (Fig. 2A; see Supplemental Fig. S2 for age visualized
continuously). There were no other signiﬁcant two- or three-way
interactions (Ps > 0.074) (see Supplemental Table S1A,B for full linear mixed-effects model output). In sum, these results illustrate
that prior reward associations led to initial decrements in learning
(highlighted in Supplemental Fig. S3), but learning performance
improved with increasing participant age as the task progressed.
The learning task design was modiﬁed from that of an instructed probabilistic selection task (Doll et al. 2009; Decker et al.
2015) in order to assess any potential biases in value-based learning
induced by the presence of previously rewarded stimuli. Consistent
with past developmental work (Decker et al. 2015), the novel stimulus pair was reinforced at a different reward rate (80%:20%) than
the previous high- and low-reward pairs (70%:30%). These reward
contingencies were used so that a “prior reward bias on learning”
measure could be computed, similar to a measure of instruction
bias used in this earlier research. However, the use of these contingencies could have resulted in a main effect of stimulus type
(which included previously high-reward, previously low-reward,
and novel images as levels of the stimulus type variable) that was
driven by differences in the difﬁculty of learning from pairs with
dissimilar reinforcement schedules. To mitigate this concern, we
directly examined the effect of the level of prior reward (i.e., high
vs. low) by conducting a mixed-effects logistic regression without
the novel stimulus trials. In this model, we still observed a main effect of stimulus type [χ2(1, N = 89) = 8.13, P = 0.004], indicating that
the inﬂuence of stimulus type on learning was not solely driven by
novel stimuli. We also continued to see main effects of trial number [χ2(1, N = 89) = 208.63, P < 0.001] and linear age [χ2(1, N = 89) =
24.35, P < 0.001]. Additionally, the interactions between trial number and age persisted [trial number × linear age: χ2(1, N = 89) =
www.learnmem.org

Individual differences in learning
The extent to which high- versus low-reward information was differentially prioritized in memory across participants on day 1 may
have impacted the degree to which previously acquired reward associations inﬂuenced day 2 learning. To test this possibility, we
computed a participant-speciﬁc high- versus low-reward general
source memory measure, derived from the memory retrieval test
(Fig. 1B), as an index of high-reward memory prioritization. This
measure has a participant-speciﬁc denominator that accounts for
overall differences in memory performance (for more details, see
the Materials and Methods). Although our prior work indicated
that all ages showed reward-motivated memory enhancement for
speciﬁc associations between trial-unique objects and the faces or
places they were paired with (see Cohen et al. 2022), the high- versus low-reward general source memory measure calculated here reﬂects the extent to which reward associations formed during the
motivated encoding task were maintained at the level of the rewarded source images (faces or places), even when participants
lacked memory for the speciﬁc associations (for extensive characterization of the memory retrieval data from this task, see Cohen
et al. 2022). We chose to examine the trials in which the general
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As a ﬁrst step, we investigated how general reward source
memory related to age in our developmental sample. We found a
quadratic relationship between age and general reward source
memory [β = −0.025, t(85) = −2.871, P = 0.005] such that, on average, adolescents displayed relatively equivalent high- and lowreward general source memory, while younger and older participants demonstrated better low-reward general source memory
(see the inverted U-shape in Fig. 3A). We also saw a main effect
of the high-reward source image category control variable, such
that individuals for whom faces were the high-reward image

source image category was correct but the speciﬁc source image was
incorrect because we wanted the individual difference measure to
assess memory at the same level of representation that was used
in the reinforcement learning task (i.e., the reward category [face
or place] level). If the degree to which prior reward associations inﬂuence new learning depends on individual variability in the prioritization of reward-related information in memory, we would
expect our general reward source memory measure to modulate
the acquisition of new reward contingencies for high-reward relative to low-reward stimuli.

A

C

B

D

Figure 3. Reward source memory prioritization changed with age and inﬂuenced how new reward contingencies were learned throughout the task. (A)
High- versus low-reward general source memory was greatest for adolescents, relative to younger and older participants. (B) Learning trajectories for previously high- and low-reward stimuli in younger and older participants varied with high- versus low-reward general source memory. Age is binned into child
(8–12 yr), adolescent (13–17 yr), and adult (18–25 yr) groups for data visualization purposes, but age was treated as a continuous variable in all analyses.
Similarly, trials are binned into 30 trial blocks (10 trials of each stimulus type) for data visualization purposes, but trial number was treated as a continuous
variable in all analyses. Novel stimuli (green) are depicted here for illustrative comparison, but only previously high- and low-reward images were included
in the corresponding analysis. Error bars represent standard error. (C) Visualization of block-wise learning performance across age, according to highversus low-reward general source memory. While early learning was hindered across all ages for individuals with relatively less high-reward memory prioritization, adolescents that demonstrated greater high-reward memory prioritization also showed early learning deﬁcits. Trials are binned into blocks of 20
trials (10 trials of each stimulus type) for data visualization purposes, but trial number was treated as a continuous variable in all analyses. (D) Visualization of
learning performance for previously high- and low-reward stimuli across age, according to high- versus low-reward general source memory. Across age,
individuals demonstrating greater high-reward memory prioritization showed worse learning for previously high-reward relative to low-reward stimuli, but
similar learning for both stimulus types was observed for those demonstrating relatively less high-reward memory prioritization. A median split on general
reward source memory (median general reward source memory = −0.02) is shown as “greater” or “lesser” for data visualization purposes in B–D, but
general reward source memory was treated as a continuous variable in all analyses. Shading represents a 95% conﬁdence interval around ﬁtted lines in
A, C, and D.
www.learnmem.org
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category demonstrated greater high-reward general source memory
than individuals for whom places were the high-reward image category [β = −0.042, t(85) = −2.507, P = 0.014].
Next, to assess how prior reward level and individual differences in reward memory prioritization impacted future choice,
we included high- versus low-reward general source memory as a
predictor of interest in our learning model, which excluded novel
stimuli. We continued to see signiﬁcant main effects of trial number, stimulus type (previously high reward and previously low reward), and linear age on optimal responding [trial number: χ2(1,
N = 89) = 211.80, P < 0.001; stimulus type: χ2(1, N = 89) = 9.91, P =
0.002; linear age: χ2(1, N = 89) = 24.11, P < 0.001]. As in the learning
model, there was no signiﬁcant effect of high-reward source image
category [χ2(1, N = 89) = 0.16, P = 0.691], and again, we found signiﬁcant two-way interactions between trial number × linear age
and trial number × quadratic age, whereby performance improved
throughout the task and across development, particularly for adolescents [trial number × linear age: χ2(1, N = 89) = 15.48, P < 0.001;
trial number × quadratic age: χ2(1, N = 89) = 8.73, P = 0.003]. We
also observed a signiﬁcant interaction between trial number and
high- versus low-reward general source memory, such that increased high-reward general source memory impaired optimal responding, especially early in the task [χ2(1, N = 89) = 7.08, P =
0.008]. Additionally, there was a trending interaction between
stimulus type and quadratic age, with younger and older participants differentially responding to previously high- and low-reward
stimuli [χ2(1, N = 89) = 3.50, P = 0.061].
We also found two three-way interactions. There was a signiﬁcant effect of trial number × general reward source memory × quadratic age on learning, such that early learning was hindered for
individuals with relatively less high-reward memory prioritization
across all ages and for adolescents that demonstrated greater highreward memory prioritization [χ2(1, N = 89) = 5.32, P = 0.021] (Fig.
3C). There was also a signiﬁcant effect of stimulus type × general reward source memory × quadratic age on learning. Individuals with
greater high-reward memory prioritization showed worse learning
for previously high-reward relative to low-reward stimuli across all
ages, while those demonstrating relatively
less high-reward memory prioritization
showed similar learning for both stimulus
types [χ2(1, N = 89) = 6.20, P = 0.013] (Fig.
3D). There were no other signiﬁcant
main effects or two-, three-, or four-way interactions (Ps > 0.118) (see Supplemental
Table S3A,B for full linear mixed-effects
model output). These results suggest that
the extent to which high- versus lowreward associations were prioritized in
memory affected learning for previously
rewarded stimuli across age and across
the task. Learning of new reward contingencies for stimuli with existing highand low-reward associations was modulated by the degree to which individuals preferentially maintained past high-reward
experiences in memory. Additionally, adolescents showed early learning decrements
for previously rewarded stimuli irrespective of the extent to which they prioritized
high- over low-reward-associated experiences in memory.

phase, where choices are made between all possible pairings of
stimuli in the absence of feedback. In order to assess whether the
inﬂuence of reward history on choices persisted beyond new learning, we considered test phase decisions for stimuli that were reinforced at the same rate (e.g., 70%) during learning but were
associated with different levels of prior reward (i.e., high or low reward) during the motivated encoding task. Speciﬁcally, we examined the proportion of previously high-reward choices made by
continuous age, controlling for the high-reward source image category (faces or places) and using separate linear regressions for the
70%:70% and 30%:30% pairings (see Supplemental Table S4A,B
for full regression model outputs). Neither regression revealed signiﬁcant effects of age [70%:70% pairing: β = −0.031, t(86) = −0.825,
P = 0.412; 30%:30% pairing: β = −0.014, t(86) = −0.404, P = 0.687]
or high-reward source image category [70%:70% pairing: β =
0.108, t(86) = 1.458, P = 0.148; 30%:30% pairing: β = 0.090, t(86) =
1.325, P = 0.189] (Fig. 4). Because we did not observe signiﬁcant differences in these analyses of the test phase data, we did not compute a “prior reward bias on learning” measure or ﬁt
reinforcement learning models to test phase choices to characterize
how participants integrated feedback into their stimulus value estimates during the learning task, as has been done in previous
work using similar paradigms (Doll et al. 2009; Decker et al.
2015). Reinforcement learning models ﬁt to participants’ learning
task data did not indicate a clear best-ﬁtting model, and the models
were not recoverable; therefore, we do not report these analyses
here. The test phase results indicate that prior reward value did
not continue to bias choices following new learning.

Discussion
The present study examined how memory for existing reward associations inﬂuences new learning from childhood to adulthood.
Although learning improved throughout the task and with increasing age, we observed that prior high-reward associations impeded
learning across all participants. We also found that individual

Test phase
The learned value of stimuli can be revealed by participants’ decisions in a test
www.learnmem.org

Figure 4. Prior reward value did not persist following new learning across age. Shading represents
95% conﬁdence intervals for predictions from each linear regression.
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variability in the degree to which high-reward associations were
prioritized over low-reward associations in memory was related
to differences in learning performance. Speciﬁcally, we saw that
greater high-reward general source memory prioritization was associated with worse learning for previously high-reward relative to
low-reward stimuli across age and that adolescents showed hindered early learning regardless of stimulus type and whether
high- or low-reward associations had been more strongly prioritized in memory. Inﬂuences of past rewards on learning were ameliorated by the end of the task and did not bias later test phase
choices. Taken together, these results suggest that prior reward associations, as well as individual differences in how reward associations are prioritized in memory, modulate how individuals learn
from childhood to adulthood.
Across all ages, previous high-reward associations led to decrements in learning. Consistent with past research conducted in
adults examining how prior rewards inﬂuence new memory formation (Madan et al. 2012; Miendlarzewska et al. 2021), we found
that existing high-reward associations proactively interfered with
learning the values of stimuli in a new reinforcement learning
task across all participants. Although previous work has demonstrated age-related differences in susceptibility to proactive interference in different tasks (Loosli et al. 2014), our ﬁndings
illustrate that reward-related proactive interference can be observed in learning from childhood to adulthood. This aligns with
research demonstrating that children, adolescents, and adults all
show value-related memory enhancements (Cohen et al. 2019,
2022; Ngo et al. 2019) and suggests that reward-related memories
inﬂuence subsequent choice across age.
We observed a nonlinear age effect in our individual difference measure examining general reward source memory. This measure assessed memory at the same level of representation that was
used in the reinforcement learning task (i.e., the reward category
[face or place] level) of the present study. In recent work, we
showed that reward-motivated memory enhancements consist of
both age-invariant and nonlinear age-related patterns (Cohen
et al. 2022). We found that while speciﬁc source memory for highreward associations was enhanced across all ages, general source
memory was better for low-reward relative to high-reward associations in younger and older participants. A similar pattern of results
has been reported in a separate study that examined general source
memory after 24 h for the outcomes of choices observed during a
value-based learning task (Katzman and Hartley 2020). We suggest
that these converging ﬁndings may be due to younger and older individuals encoding high- and low-reward associations at different
levels of speciﬁcity as a function of reward level (i.e., encoding
high-reward associations with greater speciﬁcity and low-reward
associations with less speciﬁcity), while adolescents may prioritize
remembering speciﬁc high-reward associations and not “hold on”
to more general representations of low-reward associations. While,
on average, younger and older individuals tended to show better
low-reward general source memory, we observed that across all
ages, some participants show better high-reward general source
memory while others show better low-reward general source memory. In the present study, we aimed to leverage this individual variability in memory to characterize how individual differences in
reward-motivated general source memory prioritization inﬂuenced
new learning.
Prior research has suggested a high degree of individual variability in the transfer of learned reward associations to new stimuli
and tasks in adults (Wimmer and Shohamy 2012; Gerraty et al.
2014). Our results examining value transfer across time and context suggest that individual variation in reward-related memory
prioritization differentially impacts new learning in several different ways across age. We found that greater high-reward general
source memory prioritization was associated with impeded learnwww.learnmem.org

ing for previously high-reward relative to low-reward stimuli across
age. This supports the conclusion that prior high-reward associations interfere with new learning by demonstrating that individuals with greater high-reward general source memory prioritization
show worse learning for previously high-reward stimuli. We also
found that early learning was hindered across individuals of all
ages who showed greater low-reward memory prioritization, but
that adolescents also showed relatively worse early learning regardless of individual differences in memory prioritization and the
level (high or low) of prior reward associations. Studies in rodents
examining reward learning and subsequent extinction of
reward associations have shown that adolescents, relative to adults,
perseverate more in response to previously rewarded cues (Sturman
et al. 2010; Meyer and Bucci 2016). Similarly, in the present study,
adolescent humans may show proactive interference of prior reward associations particularly in the early phase of new learning.
Further research is needed to characterize how changes in the reward properties of cues impact learning dynamics across development. Taken together, these ﬁndings indicate that the extent to
which high-reward associations were prioritized in memory impacted learning across age.
To assess whether prior reward associations may have biased
value-based learning, we examined participants’ choices during a
test phase. Speciﬁcally, we examined choices between options
that were equivalently reinforced during learning but had different
reward histories. Across all ages, we found no signiﬁcant differences in participants’ choices. The lack of differentiation between previously high- and low-reward stimuli in participants’ test phase
choices suggests that any initial detrimental effects of prior reward
value on decision-making were ameliorated over the course of
learning. Previous research investigating the inﬂuence of instruction on learning has demonstrated robust instruction biases that
distort value learning in adults, whereas children and adolescents
do not show such biases, instead estimating stimulus values based
on experience (Doll et al. 2009; Decker et al. 2015). The results of
the present study suggest that prior rewarding experiences inﬂuence the trajectory of learning but do not signiﬁcantly distort the
ultimate outcome. Together, these ﬁndings illustrate that distinct
types of prior knowledge (e.g., instructed vs. directly experienced)
may differentially impact new learning across age.
The current ﬁndings highlight several unresolved questions
about the cognitive mechanisms through which reward associations inﬂuence reinforcement learning in a new context.
Attentional mechanisms likely contributed to how prior reward
value modulated new learning; however, we did not speciﬁcally assess attention in this study. Future work that measures attention
throughout learning may provide important insights into how reward memories modulate attention, which in turn dynamically
guides later learning. Additionally, established value associations
are a speciﬁc type of prior knowledge, which has been shown to
help or hinder new knowledge acquisition across age (Shing and
Brod 2016). Congruence between prior knowledge and new information has been proposed as an important determinant of how existing knowledge impacts learning (Brod 2021). Information that is
incongruent with prior knowledge is typically less well remembered than congruent information (Schulman 1974; Bein et al.
2015; Brod and Shing 2019). Although the experimental design
in the present study, which involved choosing between two previously rewarded options, may resemble real-world decision scenarios, this manipulation led to mismatches in the congruence of
prior and current reward value for one of the two choice options
in each pair (e.g., a previously high-reward stimulus currently reinforced 30% of the time). Future work that eliminates such congruency mismatches is needed to assess whether prior reward
associations consistently interfere with new learning. Taken together, our results highlight that the opposing effects of prior
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knowledge on learning may be further clariﬁed by also considering
the temporal dynamics of learning, individual variation in memory, and potential individual-level and age-related variability in the
cognitive mechanisms that facilitate the integration of previous experiences with new learning.
In summary, we found that past rewarding experiences lead to
impairments in future learning that are modulated by individual
variability in reward memory prioritization and age. Despite differences in learning trajectories for stimuli with different reward histories, individuals of all ages update reward associations and learn
new stimulus values. Further research is needed to characterize
how various types of motivationally salient prior experiences,
such as punishments, inﬂuence how individuals learn. Insights
from this line of work have the potential to inform our understanding of the interplay between learning and memory processes
(Hartley et al. 2021) and how variation in individuals’ past experiences affect value-based learning.

Scene
Recognition
(https://dspace.mit.edu/handle/1721.1/
96941?show=full) databases.

Reward-motivated encoding task
Participants completed a motivated encoding paradigm (Duncan
et al. 2014; Murty et al. 2017) during day 1 of the study (Fig. 1A).
On each trial, participants ﬁrst saw two squares, either gold or silver, that indicated remembering the upcoming pair of images
would help them win a big $15 bonus (high reward on gold square
backgrounds) or a small $1 bonus (low reward on silver square
backgrounds). A trial-unique picture of an object was overlaid on
the left, and one of eight repeated source images was overlaid on
the right. Source images consisted of four faces (two women and
two men) and four places (two indoor and two outdoor).
Participants were pseudorandomly assigned faces or places as their
high-reward source image category based on subject ID number.
Participants were instructed to create a story involving both images
to promote deep encoding. They then rated how well they could
imagine the story that they told themselves, on a scale from 1
(very easy to imagine) to 4 (very hard to imagine). There were
two encoding phases, each consisting of 64 trials (32 high reward
and 32 low reward). For detailed day 1 methods, see Cohen et al.
(2022).

Materials and Methods
Participants
Eighty-nine child, adolescent, and adult participants ages 8–25 yr
old (mean age = 16.16 yr, standard deviation age = 4.67 yr, 45 females) from the New York City community completed this 2-d
study. We aimed to evenly distribute participant recruitment
across age groups and sex (children [8–12 yr old]: N = 28 participants, mean age = 11.04 yr, standard deviation age = 1.24 yr, 14 females; adolescents [13–17 yr old]: N = 31 participants, mean age =
15.35 yr, standard deviation age = 1.19 yr, 16 females; adults [18–
25 yr old]: N = 30 participants, mean age = 21.78 yr, standard deviation age = 2.13 yr, 15 females). While age groups guided recruitment and are deﬁned here to characterize the sample, all
analyses treated age as a continuous variable. The age and sex distribution is visualized in Supplemental Figure S5.
The ﬁrst day of testing occurred in the fMRI scanner (neuroimaging results reported in Cohen et al. 2022), while the second day
of testing took place outside the scanner. Individuals diagnosed
with a learning, anxiety, and/or mood disorder, or consumers of
medications that inﬂuence the nervous system, were ineligible to
participate. The target sample size was consistent with prior studies
detecting a signiﬁcant age-related change in goal-directed behavior
(e.g., Decker et al. 2015; Insel et al. 2017, 2019; Insel and Somerville
2018; Katzman and Hartley 2020; Raab et al. 2022). In accordance
with the National Institutes of Health Policy on Reporting Race
and Ethnicity Data, our ﬁnal sample self-identiﬁed as 25% Asian,
12% Black/African American, 38% Caucasian/White, 24% mixed
race, and <2% Native American. Sixteen percent self-identiﬁed as
Hispanic.
Participants were paid $75 for completing the scanning
and behavioral testing sessions. In addition, all participants had
the opportunity to earn up to $21 in bonus payments by the
end of the second experiment day. This study was approved by
the Institutional Review Board at New York University. For minors,
informed parental permission and child assent were acquired prior
to participation. Informed consent was obtained for adult
participants.

Memory retrieval test
Participants completed a memory retrieval test (Fig. 1B) 24 h after
the reward-motivated encoding task. They were presented with all
128 objects observed during encoding and 128 new objects included as lure images for 256 trials total. On each trial, participants saw
an object and indicated whether the object was deﬁnitely old, maybe old, maybe new, or deﬁnitely new. If they endorsed the object as
“old,” they then indicated whether that object was previously
paired with a face or place. Participants then selected a speciﬁc
source image. If the participant endorsed the object as “new,”
they were not asked further questions about that object. The memory retrieval test was self-paced.
In order to examine how individual variation in long-term
memory for previously high- versus low-reward associations modulated future choice behavior, we used the retrieval data to compute
a high- versus low-reward general source memory measure for each
participant. To do so, we found the number of trials in which the
high-reward source image category (e.g., faces) was correctly identiﬁed, but the speciﬁc source image (e.g., a particular woman) was
not. This isolated a general associative memory measure corresponding to the source image category. Next, we found the number
of trials in which the low-reward source image category (e.g., places) was correctly identiﬁed, but the speciﬁc source image (e.g., a particular bedroom) was not. Because source memory was only queried
for items that participants identiﬁed as old, each measure was divided by the total number of items correctly identiﬁed as maybe/deﬁnitely old by each participant. Thus, the denominator for high- and
low-reward general source memory was the same within each participant and largely accounted for overall differences in memory
performance. Finally, low-reward general source memory was subtracted from high-reward general source memory. The resulting
measure quantiﬁed the degree to which an individual demonstrated better general memory for the previously high-reward relative to
low-reward associations, thus providing a participant-speciﬁc metric of high- versus low-reward general source memory corresponding to the images used in the learning task (described below). This
metric allowed us to investigate how reward-related memory prioritization impacted new learning.

Procedures
We examined the inﬂuence of prior reward associations on new
learning through a 2-d study (Fig. 1). On the ﬁrst day, participants
completed a reward-motivated encoding task. Twenty-four hours
later, they underwent a memory retrieval test, followed by a learning task with previously high-reward, previously low-reward, and
novel stimuli as choice options, and then a test phase. All tasks
were programmed in Expyriment (Krause and Lindemann 2014)
using Pygame v1.9.4 and Python v2.7.15. Stimuli were created using images from RADIATE (Conley et al. 2018), the Chicago Face
Database (Ma et al. 2015), Harvard’s Konkle laboratory (Konkle
et al. 2010), and Massachusetts Institute of Technology’s Places
www.learnmem.org

Learning task
Participants completed a probabilistic selection task (modiﬁed
from Doll et al. 2009; Decker et al. 2015) after the memory retrieval
test. This task was adapted to examine the inﬂuence of rewardmotivated experiences on subsequent learning and decisionmaking (Fig. 1C). Participants chose between six unique card
decks, grouped into three pairs. They saw one pair of card decks
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at each choice, with one deck on the left side of the screen and the
other deck on the right side. Card decks were distinguishable by the
image on the front of each deck. One pair of card decks had two
randomly selected high-reward source images from the motivated
encoding task on the front (one woman and one man), the second
pair of card decks had two randomly selected low-reward source
images on the front (one indoor and one outdoor), and the third
pair of card decks had two novel images (planets) on the front.
Every card deck had either a star or an X on the back, which
participants could reveal by selecting one deck at each choice.
Participants were instructed to determine which card decks were
good and which were bad so that they could collect as many cards
with stars on the back as possible in order to win bonus money. To
make selections, participants were told to press 1 for the deck on
the left and to press 2 for the deck on the right. Each pair of card
decks was displayed on the screen for 2.5 sec, and the participant’s
choice and subsequent feedback were each displayed for 1 sec.
Additionally, there were 1-sec ﬁxations between trials.
All stimuli were probabilistically reinforced, with an optimal
choice in each pair. In line with instructed probabilistic selection
task paradigms (Doll et al. 2009; Decker et al. 2015), pairs of card
decks with previously rewarded source images on the front included one stimulus that was positively reinforced 70% of the time
while the other stimulus was positively reinforced 30% of the
time. For the pair of decks with novel images on the front, one
stimulus was positively reinforced 80% of the time while the other
stimulus was positively reinforced 20% of the time. These reward
contingencies were selected so that a prior reward bias could be
computed, similar to a measure of instruction bias used in earlier
work (Decker et al. 2015). Participants saw each pair of decks 60
times, pseudorandomized in 10-trial blocks, for a total of 180 learning trials.

the novel stimulus trials to directly compare the previously rewarded choice options. When analyzing individual differences in learning, the learning model including all three stimulus types and
high-versus low-reward general source memory as a predictor did
not converge. Thus, here we only share the results from the model
excluding novel stimuli, which directly assesses learning differences as a function of prior reward level. Statistics were reported from
analysis of deviance (type III Wald χ2 tests using Satterthwaite approximations for degrees of freedom) performed on glmer learning
models and linear regressions performed on high- versus lowreward general source memory and test phase choices using the
“lm” function. Both age and trial number were treated as continuous variables in all analyses and z-scored across all participants.

Data availability
Data and the code used to produce the results and ﬁgures are available at https://github.com/hartleylabnyu/reward_memories_
inﬂuence_learning.
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Test phase
Participants were presented with all 15 possible pairs of card decks
(three original and 12 new) during the test phase that immediately
followed learning (Fig. 1D). Prior to beginning the test phase, participants were instructed to choose which of the two decks was best
based on what they had learned. Participants were told that there
would be no feedback associated with their choices. Each pair of
card decks appeared six times in a random order (90 total trials).
One-second ﬁxations were displayed between trials. The test phase
was self-spaced, and no time limits were imposed.
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