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COGNITIVE NEUROSCIENCE

Salient experiences enhance mundane memories

through graded prioritization

Chenyang (Leo) Lin"+, Wen Wen't, Phillip (Xin) Cheng1’2, Seth Schallies’,

Shrey Grover', Robert M. G. Reinhart'345*

Salient experiences open temporal windows that boost otherwise mundane memories encoded before and after piv-
otal events. A proposed feature of this phenomenon is its selectivity: Salient stimuli preferentially strengthen weak
memories that share semantic connections. However, evidence in humans remains inconclusive, and a key question
persists: Which factors determine the presence and magnitude of memory enhancement within current neurobiologi-
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cal and behavioral frameworks? We present results from 10 independent studies with a total of 648 participants and
provide clear evidence of both retroactive and proactive enhancements in weak memories, directly addressing ongo-
ing debates about the existence of these effects. Notably, stronger salience learning facilitates proactive, but not ret-
roactive, memory enhancement, challenging prevailing theories about salience’s role in these processes. Instead,
retroactive enhancement depends on the proximity between incidentally encoded and conditioned stimuli in a high-
level feature embedding extracted from a convolutional neural network, revealing a graded prioritization mechanism.
These findings offer insights into the mechanisms driving the consolidation of everyday experiences.

INTRODUCTION

Picture yourself venturing through the wilderness of Yellowstone.
Suddenly, you encounter a majestic herd of bison amidst its breath-
taking landscapes. Just as stumbling upon the bison imprints a
strong mark on your memory, so too does the unexpected event en-
hance the recollection of the paths that brought you here and those
leading to your next destination.

Our episodic memory prioritizes experiences that hold motiva-
tional significance or emotional salience, such as those associated with
threat or reward. The prioritization occurs through encoding process-
es, including attention and mnemonic strategies, as well as through
postencoding consolidation and retrieval mechanisms (1-3). The pri-
oritization of memory could extend beyond salient events per se to
their temporal proximities, boosting memories of neutral information
preceding or occurring thereafter. This effect is known as retroactive
memory enhancement (RME) and proactive memory enhancement
(PME), which marks a pivotal element within adaptive memory (4-6).
This capacity confers evolutionary advantages, enabling memories to
adaptively incorporate motivational significance over time. The exten-
sion of memory prioritization helps develop strategies for evading
predators during ancient hunts and aids modern urban navigation, for
instance, by avoiding areas linked to past crimes (7).

A mainstream framework for understanding RME and PME is
termed behavioral tagging (8, 9). According to the framework
(Fig. 1), the initial encoding of neutral information creates weak
synaptic potentiation (a transient memory “tag” for the experience).
When preceded or followed by salient events in close temporal
proximity, such as fear or reward conditioning, the transient memo-
ry tag can be more effectively consolidated and transferred into
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long-term memory. This behavioral framework is grounded in the
synaptic “tag-and-capture” neural hypothesis. On the basis of this
hypothesis, the strong stimulation that (re)activates overlapping
neural populations triggers the local release of plasticity-related pro-
teins and mRNAs to be captured by the “tagged” synapses, thereby
facilitating the consolidation of the weak memory traces (8, 10-12).
A central premise of the hypothesis is that, as long as the synaptic
tag and the protein synthesis window overlap, the strong event can
“rescue” the weak memory into long-term consolidation (13). How-
ever, the temporal constraints of this rescue process differ depend-
ing on event order: The synaptic tag set by a weak stimulus is
relatively short-lived (approximately up to 1 hour), whereas the
plasticity-related proteins generated by a strong event can remain
available for 2 to 3 hours (13, 14). Furthermore, the tagging and cap-
ture hypothesis suggests that the neurochemical cascade triggered
by a salient event, particularly the subsequent release of plasticity-
related proteins and mRNAs, is localized (4, 11, 12). Thus, weak
memory tags that engage overlapping neural populations potenti-
ated by the salient event would have high affinity for the limited
plasticity-related proteins. Several human studies indicate that both
RME and PME are selective for semantic categories, suggesting
specificity in the behavioral tagging mechanism (15-18). Although
RME and PME are often examined together within the behavioral
tagging framework (4, 16, 17), a distinct aspect of PME is the altered
attentional processes after salience learning. Specifically, heightened
attention will continue to be allocated to stimuli that previously as-
sociated with greater motivational salience (19, 20). The engage-
ment of attentional processes during encoding in PME further
distinguishes it from RME, which is primarily modulated by behav-
ioral tagging during consolidation.

In the past decade, attempts in search of selective RME and PME
have yielded mixed results. Failures to replicate the effects occurred
across multiple instances, even when researchers meticulously ad-
hered to experimental procedures of the studies that found positive
results (16, 21). A recent meta-analysis incorporating most existing
studies cast doubt on the reliability of selective RME (22). Method-
ological differences across studies still exist, including variations in
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Fig. 1. Behavioral tagging hypothesis. Imagine yourself walking through the Yellowstone National Park. Then, you suddenly notice a herd of bison grazing in the nearby
plains. In your excitement, you take a quick picture, eager to share the experience with your friends back home. When you reflect on this moment, the sight of those mag-
nificent bison serves as a salient event, leaving a strong impression on your memory. Furthermore, the strong event can enhance weak memories that were encoded before
and after it, as illustrated metaphorically by the water leaking from the “strong event” river into the “weak event” streams. The salient event creates a temporal penumbra,
lasting several hours both before and after the event. According to the behavioral tagging hypothesis, this process involves weak memory “tags” attaching to synapses of
neurons. If neighboring neurons are stimulated by a salient event, they release plasticity-related proteins that can be captured by these synaptic tags, stabilizing the memory
into long-term storage. However, if there is no stimulation of neighboring neurons, these synaptic tags fade over time. The hypothesis suggests that both spatial and tempo-
ral components in neural activity are essential for strengthening initially weak memories that have occurred or are about to occur. PRPs, plasticity-related proteins.

the delay between the encoding session and the memory test, the
timing between conditioning and other encoding phases, the stimu-
li used, and the task for incidental encoding (16-18, 23-26).

Despite the contested existence of the selective memory enhance-
ment effect, few studies have systematically examined which factors
modulate the effect size. A recent work by Ouyang and Dunsmoor
(27) identified a nonmonotonic relationship between the intensity
of salience conditioning and RME, with low-intensity shocks yield-
ing stronger retroactive enhancement, underscoring the importance
of optimizing conditioning strength in behavioral tagging. Besides
salience intensity, the behavioral tagging framework also empha-
sizes the necessity of weak memory traces: RME disappears when
preconditioning items are overlearned (e.g., repeated three times)
(16). In addition, in the seminal study by Dunsmoor et al. (16),
items encoded earlier in the preconditioning phase, more tem-
porally distant from the emotional event and likely associated with
weaker memory traces before conditioning, exhibited stronger ret-
roactive boosts. To address ongoing debates about the boundary
conditions for RME and PME, large-scale datasets that encompass
various experimental settings are needed (22).

Linetal, Sci. Adv. 11, eady1704 (2025) 24 September 2025

Leveraging multiple datasets, including our own, we investigated
the neurobehavioral mechanisms underlying selective memory en-
hancement. Our results reveal a significant salience-induced mem-
ory boost that is especially pronounced for the weak memory traces.
Furthermore, PME and RME are modulated by different factors.
Stronger salience learning selectively improves PME but not RME.
Instead, RME is determined by the distance between incidentally
encoded and conditioned stimuli in a high-level image feature em-
bedding, showing a graded prioritization. This graded enhancement
along high-level representational dimensions in memory consolida-
tion, together with analogous effects in low-level spatial domains
(23), points to graded memory prioritization as a general principle
across representational hierarchies.

RESULTS

Specific memory enhancement in the weak

memory category

In three experiments, participants underwent an encoding session
followed 24 hours later by a surprise memory test (Fig. 2A). Reward
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Fig. 2. Category specificity of memory enhancement. (A) Task in experiments 1 to 3. During the encoding session, participants either categorized images (animals or
tools) or performed a match-to-sample task. In each trial, participants performed either task after the images had disappeared. During conditioning, successful task per-
formance for one image category was associated with high reward, whereas the other category received low reward. A surprise recognition memory test occurred
24 hours later. Participants observed a mix of images from the previous day along with new images and reported whether each image was “definitely new,"“maybe new,’
“maybe old,” or “definitely old." Task, image categorization (experiments 1 and 2) or match-to-sample task (experiment 3); ITl, intertrial interval. (B to E) Results of experi-
ments 1 to 3 (Dataset 1). HR, high reward; LR, low reward. (B) Presence of selective RME and PME in experiment 1. (C) Significant RME and PME were observed for animal
images. tP = 0.062. (D) No significant RME or PME for tool images. (E) In Dataset 1, recognition performance for animals was significantly lower than that for tools. (F to
1) Mega-dataset results. (F) Presence of selective RME and PME in the mega-dataset. (G) Salience conditioning improved the recognition performance for animals across
phases. (H) The recognition performance for tools was enhanced by salience only during the conditioning and postconditioning phases. (1) Recognition performance for
animals was significantly lower than that for tools in the mega-dataset. In the box-violin plots, the boxes represent interquartile ranges. Horizontal lines within boxes in-
dicate medians, whereas diamonds represent means. The error bars show the 95% Cls. A, animal category; T, tool category; HS, high salience; LS, low salience. *P < 0.05;
##P < 0.01; ##¥*P < 0.001; n.s., not significant.
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conditioning strength and memory load were manipulated across ex-
periments (see Materials and Methods). During the encoding session,
participants either categorized images as animals or tools (experiment
1, N = 38; experiment 2, N = 38) or performed a delayed-match-to-
sample task (experiment 3, N = 32; see Materials and Methods). The
encoding session comprised three phases: preconditioning, condi-
tioning, and, in experiments 1 and 2, a postconditioning phase. A total
of 144 distinct images (48 per phase) featuring animals and tools were
presented across the three phases. During the conditioning phase, one
category was conditioned to high rewards and the other to low re-
wards. Reward assignment was counterbalanced across participants:
For half, tool images were linked to high rewards, whereas for the
other half, animal images were linked to high rewards. Analyses were
performed on participants who correctly recalled the high-reward
image category at the end of the surprise memory test on the second
day. To control for individual differences in response bias, we focused
on high-confidence responses and defined corrected recognition per-
formance as the difference between the high-confidence hit rate and
the high-confidence false alarm rate.

If selective RME and PME are present, images from the high-
reward category encoded before and after conditioning should show
higher recognition in the surprise memory test than low-reward im-
ages. Planned  tests revealed that RME was marginal in experiment
1 (P=0.085) and experiment 2 (P = 0.088) and absent in experiment
3 (P = 0.349). PME emerged only in experiment 2 (P < 0.001) and
was not detected in experiment 1 (P = 0.659) (Table 1 and fig. S1).
These mixed outcomes, echoing prior inconsistencies in the litera-
ture, highlight the need to pinpoint the boundary conditions under
which motivational salience retroactively or proactively strength-
ens memory.

Accordingly, we fitted a linear mixed-effects model across experi-
ments 1 to 3 with reward magnitude (high and low), encoding phase
(preconditioning, conditioning, postconditioning), and image
category (animal and tool) as fixed factors (see Materials and Meth-
ods; table S1). High-reward images showed overall superior recogni-
tion [F(1,466) = 20.619, P < 0.001, 1,” = 0.128]. This benefit did not
vary by encoding phase [reward x phase, F(2,466) = 2.613, P = 0.075,
npz = 0.032]. Consistent with the main effect of reward regardless of
phases, planned comparisons pooling data across experiments showed

significant RME {#(107) = 1.821, P = 0.036, Cohen’s d = 0.175, 95%
confidence interval (CI) = [0.003, Inf]} and PME {#(75) = 1.763,
P =10.041, Cohen’s d = 0.202, 95% CI = [0.002, Inf]}.

Notably, this reward-induced memory enhancement was modu-
lated by image category [reward x phase x category, F(2,474) = 3.337,
P =0.036, Tlp2 = 0.041; Fig. 2, B to D]. Follow-up tests showed a ro-
bust reward-induced enhancement for animal images [reward main
effect, F(1,106) = 8.083, P = 0.005, npz = 0.105]. This enhancement
was stable across phases [reward x phase, F(2,186) =0.003, P =0.998,
1,> < 0.001]. In line with this pattern, animal images exhibited sig-
nificant RME {#(105) = 2.184, P = 0.016, Cohens d = 0.421, 95%
CI = [0.017, Inf]} and marginal PME {#(70) = 1.558, P = 0.062,
Cohen’s d = 0.359, 95% CI = [—0.004, Inf]}.

In contrast, no significant reward-induced memory enhancement
was observed for tool images [reward main effect, F(1,105) = 0.096,

= 0.757, Tlp < 0.001]. The reward effect Varled across phases [re-
ward x phase: F(2,184) =7.239, P < 0.001, np =0.225], with memory
benefits emerging only during the conditioning phase {#(103) =1.999,
P =0.024, Cohen’s d = 0.386, 95% CI = [0.013, Inf]}. There were no
significant RME {#(104) = —0.423, P = 0.663, Cohen’s d = —0.082,
95% CI = [—0.084, Inf]} or PME {#(73) = 0.027, P = 0.489, Cohen’s
d = 0.006, 95% CI = [—0.069, Inf]}. Thus, selective RME and PME
were less evident in tool images.

In addition, a main effect of image category was found: Recogni-
tion performance for animal images was significantly lower than for
tool images {t(291) = —3.479, P < 0.001, Cohen’s d = —0.204, 95%
CI = [-0.076, —0.021], two-sided paired; Fig. 2E}, suggesting that
animal images are generally associated with weaker memory traces.
Follow-up analyses of hit rate and false alarm revealed that this low-
er recognition performance was primarily driven by elevated false
alarms in animal images (table S2). Compared to tool images, ani-
mal images elicited slightly lower hit rates {#(107) = —2.061,
P = 0.042, Cohens d = —0.198, 95% CI = [—0.053, —0.001]} and
substantially higher false alarm rates {#(107) = 4.850, P < 0.001, Cohen’s
d=10.467,95% CI = [0.016, 0.038]}. Further analyses demonstrated
that the high-level visual features of animal images were no more
confusable than those of tool images (table S2). Thus, the reduced
recognition accuracy for animal images likely reflects generally
weaker and less reliable memory representations (28, 29). For

Table 1. Ten independent experiments included in the mega-dataset. The presence or absence of selective RME and PME was analyzed on the basis of

high-confidence responses only, determined with one-sided paired t tests.

Experiment N Type Selective RME Selective PME Study type Delay for mem- Task type

ory test
Experiment 1 38 Reward Absent Absent Lab-based 24 hours Categonzatlon
Experiment 2 Reward  Absent  Present  labbased  24hours
Experlment3” Reward  Absent Nottested "~ labbased  24hours
Kalbe et al; ex ‘Shock  Absent  Absent  lab-based  24hours
Kalbe etal experlment2(21) “Shock Presentum "~ Present  Labbased  24hours
Kalbe eta R e
Kalbe et al Pr t “Present  hout
Kalbe et al.; additional 40 Reward  Absent  Absent  Lab-based  24hours  Match-to-sample
experlment (21)
Sukumaran et Reward  Absent Nottested "~ Online  24hours W‘Match -to Hmple
Hennmgs etal. (17) 45 Shock  Present  Present  Llab-based  24hours Categorlzatlon .
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brevity, we refer to the less reliable memories of animals as “weaker
memories” According to the behavioral tagging hypothesis (16),
unstable memories are more likely to benefit from reward-driven
consolidation mechanisms. Thus, the observed category-specific
enhancement effect could be driven by the weaker memory repre-
sentations of animals, making them more prioritized for stabiliza-
tion through behavioral tagging.

Generalization of category-specificity effects in

a mega-dataset

To evaluate the robustness and generalizability of the category-
specific memory enhancement, we compiled data from 10 experi-
ments with diverse designs, including our own, resulting in a pooled
sample of 648 participants (see Table 1 for details) (17, 21, 30). Be-
cause these studies involved both aversive and rewarding condition-
ing paradigms, we categorized stimuli on the basis of their salience:
Items associated with high rewards or shocks were classified as
“high-salience,” whereas those linked to low rewards or no shocks
were categorized as “low-salience”

With the mega-dataset (table S3), we found significant RME
{1(647) = 2.468, P = 0.007, Cohen’s d = 0.097, 95% CI = [0.005, Inf]}
and PME {t(445) = 5442, P < 0.001, Cohens d = 0.258, 95%
CI = [0.028, Inf]}. Consistent with earlier findings, this dataset also
revealed robust category-specific effects: A significant interaction be-
tween salience, encoding phase, and image category [F(2,2867) = 4.895,
P =0.008, npz = 0.027; Fig. 2, F to H] reinforced the idea that memory
benefits are not uniform across categories. In addition, we observed an
overall weaker memory ofanimals compared to tools [#(1741) = —3.862,
P < 0.001, Cohens d = —0.093, 95% CI = [-0.034, —0.011], two-sided
paired; Fig. 2I], further supporting that memory differences between
categories may underlie the category-specific memory enhancement.

Further investigation of the category-specific memory enhance-
ment in the mega-dataset showed consistent results with our data
(N = 108). For animal images, we observed a main effect of salience
[F(1,632) = 10.131, P = 0.002, npz = 0.087] and a significant salience
x phase interaction [F(2,1104) = 4.095, P = 0.017, Tlp2 = 0.070]. This
interaction was driven by pronounced memory differences during the
conditioning phase, where high-salience animal images were remem-
bered significantly better than low-salience ones {#(646) = 3.673,
P < 0.001, Cohen’s d = 0.289, 95% CI = [0.035, Inf]}. Moreover, both
significant RME {#(646) = 1.758, P = 0.040, Cohen’s d = 0.138, 95%
CI = [0.002, Inf]} and PME {#(435) = 2.874, P = 0.002, Cohen’s
d =0.273,95% CI = [0.019, Inf]} were observed, indicating that high
salience consistently facilitated memory stabilization in the animal
category.

For tool images, we also found a main effect of salience
[F(1,636) = 10.211, P = 0.001, npz = 0.059] and a highly significant sa-
lience x phase interaction [F(2,1107) = 27.780, P < 0.001, ﬂp2 =0.318].
However, unlike in animals, reward-induced memory enhancement
for tools was observed only during the conditioning {#(644) = 5.389,
P < 0.001, Cohen’s d = 0.424, 95% CI = [0.071, Inf]} and the postcon-
ditioning phases [PME: #(444) = 2.016, P = 0.022, Cohens d = 0.191,
95% CI = [0.006, Inf], with no evidence of RME: {{(646) = 0.249,
P =0.402, Cohen’s d = 0.020, 95% CI = [—0.024, Inf]}.

In summary, our analysis of the mega-dataset derived from 10
experiments revealed consistent salience-driven memory enhance-
ments, although the nature of these enhancements varied by catego-
ry. Specifically, memories for animal images, which were generally
weaker than those for tool images, showed greater benefits from

Linetal, Sci. Adv. 11, eady1704 (2025) 24 September 2025

retroactive memory stabilization, whereas tool memories primarily
exhibited proactive enhancements.

Control analyses to assess the generalizability and
robustness of category-specific memory enhancement

To further validate the category-specific memory enhancement, we
conducted a series of control analyses to rule out potential con-
founding factors. First, we examined whether the observed category
specificity was influenced by differences in conditioning effective-
ness between the animal and tool categories. Conditioning effective-
ness was inferred from the reward-driven enhancement of memory
for images presented during the conditioning phase. We found no
significant interaction between salience and stimulus category dur-
ing the conditioning phase, either in our data [reward x category,
F(1,105) = 1.561, P = 0.214, npz = 0.010] or in the mega-dataset
[salience x category, F(1,635) = 0.020, P = 0.888, Tlp2 < 0.001], con-
firming that reward salience was equally effective across categories.

Next, considering the potential influence of memory load, par-
ticularly in studies lacking a postconditioning phase, we tested
whether the category specificity was influenced by the presence of
the postconditioning phase. Across experiments 1 to 3, we found no
evidence for a four-way interaction between reward, phase, category,
and memory load [F(2,460) = 0.347, P = 0.556, npz =0.002]. In a
similar analysis using the mega-dataset, we controlled for condition-
ing type (aversive versus reward) and memory load. The category-
specific effects were not modulated by either conditioning type
[salience x phase x category x conditioning type, F(2,2800) = 0.732,
P =0.481, np2 =0.001] or memory load [salience x phase x category
x memory load, F(2,2800) = 1.517, P = 0.218, T]p2 =0.001].

Last, prior studies have shown that stimulus typicality can pre-
dict the overall item memory and that conditioning can selectively
and retroactively enhance typicality ratings for related items (17). It
is possible that the category-specific RME effect was driven by dif-
ference in typicality rather than memory strength between catego-
ries. To rule out the possibility, we compared typicality ratings
between animal and tool images. No significant difference in image
typicality was found between the two categories {#(138) = 1.121,
P =10.264, Cohens d =0.187,95% CI = [—0.157, 0.568], two-sided},
suggesting that differences in typicality do not account for the ob-
served category-specific RME effects.

Collectively, these analyses confirm that the observed category-
specific memory enhancement was primarily driven by differences
in memory tag strength between the animal and tool categories,
rather than by experimental variations in conditioning effective-
ness, conditioning type, memory load, or image typicality.

Insights into the presence of RME and PME

Building on the robust category-specific memory enhancement, we
next examined whether this pattern could offer additional insights
into the presence of RME and PME in existing studies. The observed
category specificity suggests two distinct scenarios for overall mem-
ory enhancement (Fig. 3). First, because only the weaker animal
category exhibited RME in the mega-dataset (Fig. 2G), we antici-
pated that, in studies reporting RME, strong animal category effects
would drive the overall result and compensate for an absence of
such effects in the tool category (Scenario I). Second, because PME
emerged in both the tool and animal categories, we expected that, in
PME-present studies, contributions from both categories would
combine to produce the overall effect (Scenario II).
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Weak memories predominate in driving the overall RME
These predicted scenarios were confirmed by comparing studies
with and without RME or PME (Materials and Methods). A com-
parison between RME-present and RME-absent studies revealed
that the overall RME was primarily driven by the weaker animal
memories (Scenario I). Specifically, RME-present studies demon-
strated significant RME within the animal category {(206) = 1.925;
P =10.028, Cohen’s d = 0.267, 95% CI = [0.006, Inf]}, whereas RME-
absent studies did not show this effect {#(438) = 1.064, P = 0.144,
Cohen’s d = 0.101, 95% CI = [—0.012, Inf]}. Notably, no significant
RME was observed in the tool category in either RME-present or
RME-absent studies {RME present: #(199) = 1.417, P = 0.08, Cohen’s
d = 0.196, 95% CI = [—0.006, Inf]; RME absent: #(438) = —0.486,
P=0.686, Cohen’sd=—0.046,95% CI=[—0.046, Inf]; Fig. 3,Band C}.
The presence of RME in animal but not tool category among
RME-present studies should not be attributed to differences in

conditioning effectiveness as conditioning was significant for both
categories {animal, #(200) = 4.196, P < 0.001, Cohen’s d = 0.583,
95% CI = [0.064, Inf]; tool, #(187) = 6.497, P < 0.001, Cohen’s
d =0.898, 95% CI = [0.138, Inf]}. Furthermore, discrepancies be-
tween RME-present and RME-absent studies were unlikely to be
driven by differences in conditioning effectiveness across studies as
conditioning was successful in both study types {RME-present stud-
ies: #(207) = 10.888, P < 0.001, Cohen’s d = 0.755, 95% CI = [0.123,
Inf]; RME-absent studies: #(439) = 5.918, P < 0.001, Cohen’s
d=10.282,95% CI = [0.039, Inf]}.

Joint contributions of weak and strong memories underlie the
overall PME

Consistent with Scenario II, PME-present studies showed significant
enhancements in both animal {#(243) = 2.181, P = 0.015, Cohen’s
d = 0.278, 95% CI = [0.010, Inf]} and tool images {#(237) = 3.179,
P < 0.001, Cohen’s d = 0.405, 95% CI = [0.033, Inf]; Fig. 3E}. These
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Fig. 3. Dissociable influence of memory tag strength and salience learning in RME and PME. (A) Two scenarios of category-specific enhancement in the mega-
dataset. In Scenario |, pronounced enhancement within the weak-memory category drives the overall selective memory enhancement, despite no enhancement in the
other category (top). In Scenario II, both weak and strong categories show moderate memory enhancements, jointly contributing to the overall selective memory en-
hancement (bottom). The dashed line marks a theoretical significance threshold. Weak: (relatively) weak memory category, animal in the present study; Strong: (relatively)
strong memory category, tool in the present study. Note that animals showed weaker memories than tools in the mega-dataset, and this pattern did not differ between
RME/PME present and absent studies (all P > 0.555). (B and E) Studies with a significant overall RME (B) conform to Scenario I: Only the weak memory category shows
retroactive enhancement. Studies with significant PME (E) fit Scenario II: Both categories exhibit proactive enhancement. Violin plots (right y axis) display the distribution
of recognition performance for participants receiving high versus low rewards for animals and tools; bar plots (left y axis) depict the difference between high-reward and
low-reward conditions, with error bars representing 95% Cl. (C and F) Combining RME absent studies (C), neither an overall RME nor RME in either image category was
observed. However, when combining PME absent studies (F), the weak memory category continues to contribute to a significant overall PME, coherent with Scenario II.
(D and G) The salience learning strength, measured as the average recognition performance for the conditioning phase stimuli, correlates with PME but not with RME. The
shaded areas in the correlation plots represent the 95% Cl.
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findings suggest that salience-driven gains in both weak and strong
memory traces combine to produce thee overall PME in PME-
present studies. In contrast, PME-absent studies showed significant
PME only in animal images {#(189) = 1.982, P = 0.024, Cohen’s
d=0.281,95% CI = [0.008, Inf]} not in tool images {#(197) = —0.383,
P = 0.649, Cohen’s d = —0.054, 95% CI = [—0.052, Inf]; Fig. 3F}. Be-
cause PME of the animal category persisted across study types, these
results point to the tool category, whose memories are inherently
stronger, as the critical determinant of whether emotional salience
produces an overall PME effect.

As with RME, the differences between PME-present and PME-
absent studies cannot be attributed to conditioning manipulation as
conditioning was effective in both study types {PME-present studies:
£(245) = 12.497, P < 0.001, Cohen’s d = 0.797, 95% CI = [0.125, Inf];
PME-absent studies: £(199) = 5.196, P < 0.001, Cohen’s d = 0.367,
95% CI = [0.052, Inf]}. In addition, conditioning was successful for
the tool category in both PME-present {#(220) = 7.156, P < 0.001,
Cohen’s d = 0.910, 95% CI = [0.139, Inf]} and PME-absent studies
{t(198) = 3.042, P=0.001, Cohen’s d = 0.430, 95% CI = [0.041, Inf]},
suggesting that the lack of PME in tool images in PME-absent studies
is unlikely to result from ineffective conditioning.

Differential roles of attentional allocation and behavioral
tagging for PME and RME

The distinct category-specific patterns in RME and PME across
effect-present and effect-absent studies suggest that these effects
may arise from different mechanisms. If behavioral tagging were the
sole mechanism at play, RME and PME should exhibit similar pat-
terns of category specificity, with only weaker animal memories
showing significant effects. However, in PME-present studies, tool
images, exhibiting stronger memories than animal images, still
showed significant PME, indicating that mechanisms beyond weak
memory tagging influence PME.

We hypothesized that PME is also affected by the differential al-
location of attentional resources to high-salience versus low-salience
categories during the postconditioning phase. The salience structure
learned during conditioning may prioritize attention to high-salience
categories, enhancing encoding of these stimuli compared to low-
salience categories (31, 32). To test this, we used mean memory per-
formance during the conditioning phase as a proxy for the strength of
salience learning. If our hypothesis is correct, better conditioning-
phase memory would correlate with higher PME but not RME. We
found a significant correlation between conditioning-phase memory
performance and PME (Pearson’s rho = 0.11, P = 0.026; Fig. 3G), and
this effect did not differ across study types [conditioning-phase mem-
ory x PME present/absent, F(1,442) = 0.776, P = 0.379, ﬂp2 =0.002].
In contrast, no correlation was observed between salience learning
strength and RME (Pearsons rho = 0.005, P = 0.91; Fig. 3D). To-
gether, these findings suggest that PME is modulated by attentional
prioritization of high-salience stimuli learned during conditioning,
whereas RME remains independent of this attentional mechanism.

The absence of a correlation between conditioning-phase mem-
ory and RME implies that salience learning does not retroactively
strengthen weaker memories uniformly but may instead operate
through more complex or item-specific processes. To investigate
this, we computed an item-level memory accuracy ratio (MAR) for
each preconditioning image across experiments 1 to 3 (see Materials
and Methods), defined as the proportion of high-confidence
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recognitions under high reward divided by that under low reward.
MAR > 1 indicates enhancement, whereas MAR < 1 indicates sup-
pression. We found that 54% of preconditioning stimuli showed
MAR > 1 but 46% showed MAR < 1 (Fig. 4B). This MAR distribu-
tion suggests that salience-driven retroactive memory modulation
can be bidirectional, enhancing some incidentally encoded memo-
ries while suppressing others.

If reward has bidirectional retroactive effects on memory, en-
hanced learning of the salience structure could potentially amplify
both memory enhancement and suppression. To test this hypothe-
sis, we compared the MAR for RME-related stimuli under two re-
ward disparity conditions: a smaller disparity (high reward:low
reward = 500:1 in experiments 1 and 3) and a larger disparity (high
reward:low reward = 900:1 in experiment 2). We found a significant
interaction between effect type (enhancement or suppression) and
reward disparity (smaller or larger) [F(1,92) = 5.463, P = 0.022,
npz = 0.056]. Specifically, a larger reward disparity was associated
with trends toward stronger memory enhancement {£(48) = 1.557,
P =0.063, Cohen’s d = 0.417, 95% CI = [-0.005, Inf]} and stronger
suppression {#(29) = —1.799, P = 0.041, Cohen’s d = —0.570, 95%
CI = [-Inf, —0.004]}. No such interaction was observed for PME
[F(1,88) = 0.741, P = 0.392, Tlp2 = 0.008]. These results suggest that
a more prominent salience structure during conditioning amplifies
both retroactive enhancement and suppression at the item level. The
bidirectional influence may explain the lack of correlation between
the overall RME and conditioning-phase memory performance at
the subject level (Fig. 3D).

Graded memory enhancement: The role of high-level feature
similarity between incidentally encoded and salient stimuli
The bidirectional effect of conditioning strength on RME at the item
level suggests that RME is modulated by other factors besides salience.
The behavioral tagging hypothesis suggests that memory enhance-
ment occurs when neural populations representing weak memory
traces overlap with those representing salient memories. Greater over-
lap facilitates the capture of plasticity-related proteins and mRNAs,
enhancing the consolidation of weak memories (4, 6-8). Thus, item-
level RME may also depend on the degree of overlap between neural
representations of encoded and conditioned stimuli.

We operationalized neural overlap through perceptual similarity
as stimuli with similar neural representations often share high-level
perceptual features, which guide sensory integration and behavior
(33-35). On the basis of this, we hypothesized that weak informa-
tion that shares perceptual similarities with conditioned stimuli is
more likely to “capture” plasticity-related proteins released in over-
lapping neural populations and therefore is more likely to undergo
enhancement (Hypothesis 1). Thus, we expected to observe a grad-
ed memory modulation based on the distance between incidentally
encoded and conditioned stimuli in high-level visual feature space.
This effect should be specific to RME (Hypothesis 2), which only
relies on behavioral tagging, but not present in PME, which is pri-
marily driven by attentional biases. We further predicted that the
graded prioritization would be evident for weak memories of ani-
mal images, but not for tool images (Hypothesis 3), due to the ob-
served category-specificity effect. As tool images exhibited overall
more robust memory representations initially, there would be less
opportunity for further stabilization, making them less sensitive to
graded prioritization.
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Fig. 4. Retroactive graded memory prioritization based on high-level image features. (A) Left: Architecture of the ResNet-18 CNN used to extract image embeddings
(see Materials and Methods). Features were extracted from the global average pooling layer (Pool 5), which aggregated spatial information from preceding layers into a
compact representation. Right: lllustration of computing Euclidean distances between image vectors in a simplified three-dimensional space (note that the actual feature
embedding space is 512-dimensional). (B) Distribution of MAR for preconditioning stimuli across experiments 1 to 3 (A, animal images; T, tool images). (C) Left: MAR for
preconditioning animal images, but not tool images, correlated with each image’s distance from the centroid of high-salience images in the same category during condi-
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corresponding percentage of the same image under the low-reward condition. Middle: No analogous graded pattern emerges for PME. Right: Graded prioritization shows
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(white dots) and the centroid for all high-salience images during conditioning (stars).

To test these hypotheses, we used convolutional neural net-
works (CNNs) (Fig. 4A; see Materials and Methods) to calculate
the distances between incidentally encoded images and the cen-
troid of conditioned images within each category in high-level vi-
sual feature space. These distances did not significantly differ
between animal and tool categories {#(36) = —0.638, P = 0.527,
Cohen’s d = —0.184, 95% CI = [-2.218, 1.156]}. These CNN-
derived distances capture each image’s similarity to the condi-
tioned stimuli in high-level visual feature space and are distinct
from image typicality, as evidenced by the insignificant correlation
between CNN distance and subjective typicality ratings (Pearson’s
rho = —0.022, P = 0.882). We then examined the relationship be-
tween the CNN-derived distance and MAR for each image in ex-
periments 1 to 3 (Fig. 4, B and C). As predicted, we observed
graded prioritization in RME (Hypothesis 1), with images farther
from the centroid of conditioned images showing less enhance-
ment [main effect of feature distance, F(1,44) = 4.773, P = 0.034,
n,> = 0.10; Fig. 4, C and D]. No significant correlation was ob-
served between MAR and image typicality (Pearson’s rho = 0.001,
P =0.995), suggesting that the graded prioritization is not driven
by prototypicality. Supporting Hypothesis 2, no graded effect was
found for PME [main effect of feature distance, F(1,44) = 0.031,
P=10.861,n," < 0.101; Fig. 4, C and D.
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*#P =0.008 (ORP < 0.01).

Further analysis revealed that retroactive graded prioritization
was modulated by the strength of the memory tag [feature distance x
category, F(1,44) = 4.669, P = 0.036, npz = 0.10]. Specifically, the ef-
fect occurred exclusively for the relatively weaker animal memories
(Pearsons rho = —0.53, P = 0.008) but not for the stronger tool mem-
ories (Fig. 4C; Pearson’s rho = —0.22, P = 0.313), thus supporting
Hypothesis 3. To confirm that this graded prioritization depended on
memory strength, we ran separate two-way analysis of variation
(ANOVA) within each category predicting MAR from feature dis-
tance and memory strength (fig. S2). Within the animal category,
graded prioritization was present only for weak memories (Pearson’s
rho = —0.896, P < 0.001) and was absent for strong memories
[Pearson’s rho = 0.402, P = 0.195; feature distance x memory
strength: F(1,20) = 28.72, P < 0.001]. In contrast, within the tool catego-
ry, neither feature distance nor memory strength showed a significant
main effect, and their interaction was nonsignificant (all P > 0.33),
potentially due to the uniformly high fidelity of tool memories. Thus,
memory strength and high-level feature similarity appear to have a
hierarchical influence in determining RME, and graded prioritiza-
tion emerges only when the underlying memories are sufficiently
fragile. Notably, the graded enhancement was only observed when
using high-level visual features extracted from later layers of the
CNN, rather than low-level features from earlier layers (Fig. 4C).
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DISCUSSION

This study investigated how motivationally salient experiences selec-
tively enhance otherwise mundane memories encoded close in time.
Across 10 independent participant groups (N = 648), salience-
induced enhancement was most pronounced for weak animal mem-
ories. Two key factors modulated this enhancement: the strength of
salience learning and the feature similarity between incidentally en-
coded and salient stimuli. Specifically, salience learning strength was
directly linked to PME but did not affect RME. RME, instead, was
modulated by the similarity between incidentally encoded and sa-
lient stimuli, with a graded prioritization based on their distance in
high-level feature space. These findings offer a comprehensive ac-
count that reconciles ongoing debates on selective memory enhance-
ment and provides insights into the behavioral tagging hypothesis,
linking long-term potentiation and protein synthesis to lasting mem-
ory formation.

One of our key findings is the category specific RME, which sug-
gests that salience-induced memory enhancement preferentially ben-
efits labile memory traces through behavioral tagging. Despite
successful conditioning, robust memory tags are not further stabi-
lized by salient stimulation (8). Consistent with this, RME has been
observed in children and adolescents with attention-deficit/hyperac-
tivity disorder (ADHD) but not in typically developing controls, who
exhibit generally stronger memory performance (36). At a finer scale,
items studied earlier in the preconditioning phase showed greater
RME than those studied later, presumably because they were more
temporally distant from the salient event and thus retained weaker
tags at the time of strong stimulation (16). In our study, recognition
accuracy was consistently higher for tools than for animals, likely due
to tools’ intrinsic utility (37) and their capacity to evoke motor plan-
ning unconsciously (38, 39). These properties likely give rise to stron-
ger initial memory traces for tools, rendering them less amenable to
further enhancement through behavioral tagging (8). In contrast,
animal stimuli appear to elicit more labile memory representations,
making them more susceptible to postencoding modulation. Togeth-
er, these results indicate that weaker memory traces are preferentially
enhanced by behavioral tagging. Because tools start with a higher
baseline memory strength, boosting animal memories with high sa-
lience may still leave them falling behind tools; conversely, assigning
high salience to tools offers little room for further retroactive en-
hancement given their already strong baseline. Consequently, detect-
ing a selective RME effect using within-subject, between-category
comparisons can be challenging. Instead, the category-specific dy-
namic observed in our study underscores the importance of using
within-category comparisons in between-subject designs to more
precisely test behavioral tagging mechanisms.

Our results highlight the dissociable effects of salience structure
learning, which boosts PME but not RME. In studies with overall
enhancement, RME occurred exclusively for weak memories of ani-
mal stimuli (Scenario I), whereas PME was observed in both weak
memories of animals and strong memories of tools (Scenario II).
Memory performance during the conditioning phase correlated
with PME but not with RME, suggesting that PME is driven by at-
tentional processes beyond the behavioral tagging mechanism
(31, 32). The absence of a correlation between conditioning-phase
memory and RME was later shown to result from the bidirectional
retroactive effect of salience conditioning at the item level. The uni-
directional relationship between salience structure learning and
RME (40-42) has been challenged by recent evidence showing an
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inverted-U-shaped relationship between conditioning intensity and
the magnitude of this effect (27). Our findings further suggest that
weak memory tags can undergo both enhancement and suppression
and that both effects grow stronger as the intensity of subsequent
salient experiences increases. These findings challenge existing the-
ories and emphasize the nonmonotonic effect of salience condition-
ing in modulating nearby memory traces.

Building on these bidirectional retroactive effects, we found that
the level of enhancement was modulated by the distance between
the incidentally encoded and conditioned stimuli in high-level fea-
ture space. Specifically, the degree of retroactive enhancement for
weak memories correlated with their proximity to conditioned
stimuli (Hypothesis 1). When memories were more distant from the
conditioned stimuli, enhancement degraded. This distance-
dependent gradient aligns precisely with the Glutamate Amplifies
Noradrenergic Effect (GANE) model of memory consolidation
(25, 43, 44), in which an emotionally salient event triggers a phasic
norepinephrine surge that, when coincident with locally elevated
glutamate in highly active neural assemblies, creates “hotspots” of
B-adrenoceptor activation and long-term potentiation of tagged,
weak traces. Outside these hotspots, lower concentrations of norepi-
nephrine preferentially engage a-1/a-2 receptors to suppress less
relevant representations via lateral inhibition (43, 45). Our data mir-
rored this architecture: weak memories positioned within the neural
“hotspot” received robust stabilization, whereas those situated far-
ther away failed to engage p-adrenoceptor-mediated potentiation
and were correspondingly less enhanced. In addition, the graded
prioritization was only observed for the weak memories of animal
stimuli but not tools (Hypothesis 3), likely because memories for
tools are more robust and less susceptible to further enhancement
through salience-induced plasticity. Last, this effect was evident
only for stimuli encoded before conditioning, not for those encoded
afterward (Hypothesis 2), as RME is primarily mediated by behav-
ioral tagging mechanisms, whereas PME is further influenced by
attentional bias. Collectively, these findings provide insights into the
neurobehavioral mechanisms underlying salience-induced memory
enhancement, with high-level visual similarity between incidentally
encoded and salient stimuli being a key determinant (4, 12, 46).

Our finding that high-level feature proximity critically influences
memory prioritization extends prior works on physical and tempo-
ral proximity. Whereas earlier studies demonstrated that reward can
retroactively enhance memory via mechanisms linked to spatial and
temporal distances—presumably through dopaminergic modula-
tion and hippocampal place cell replays (23)—our work shows that
salient events also selectively prioritize memories on the basis of
high-level visual similarity. This suggests that dopaminergic modu-
lation of hippocampal circuits not only supports spatial navigation
but also facilitates the construction of abstract, nonspatial cognitive
maps. Such graded prioritization likely underpins the formation of
high-level mental models that guide adaptive behaviors like reward-
seeking and punishment avoidance (47-49).

This study opens several avenues for future research. First, using
psychophysiological and neurophysiological measures to directly
assess conditioning strength could clarify its role in both RME and
PME. Second, investigating how similarity in different representa-
tional spaces (e.g., sensory modalities or semantic features) influ-
ences memory enhancement would shed light on how memory tags
integrate across levels. For instance, does a single memory tag for an
object encompass information across both low-level and high-level
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features, or do multiple tags exist, each representing a distinct aspect
of the object? Third, future studies could examine the neural mecha-
nisms of behavioral tagging using neuroimaging techniques to mea-
sure neural representational similarities between weak memories
and salient stimuli, potentially identifying neural markers for grad-
ed memory enhancement. Last, building on our multiexperiment
approach, future research should aim to recruit larger, more diverse
samples, where task parameters and stimulus sets are systematically
manipulated to test the generality and boundary conditions of the
observed memory enhancement effects.

As a final reflection, consider again the powerful moment of en-
countering a bison in Yellowstone. Although your conversations
with fellow travelers are memorable, it is the seemingly ordinary
sights and sounds, like a cottontail rabbit along the way, that are
unexpectedly enhanced in memory. These neutral stimuli, which
share visual similarities with the bison, benefit from enhanced con-
solidation, illustrating how weak memories can be selectively pri-
oritized on the basis of their similarity to salient events.

MATERIALS AND METHODS
Participants
A total of 123 participants signed up for experiments 1 to 3. All par-
ticipants reported having no metal implants in the head, no history
of neurological problems or head injury, no current use of psycho-
active medication, normal color vision, and normal or corrected-to-
normal vision and hearing. Power analyses were conducted on the
basis of preliminary data from each experiment to estimate the re-
quired sample size. Specifically, effect sizes were calculated using
partial eta-squared (npz) on the basis of the preconditioning reward
main effect. The effect size estimates ranged from npz =0.40 to 0.43.
The estimates were then used to determine the minimum number of
participants required to achieve a statistical power of 0.8 while con-
trolling for a type I error rate at an alpha level of 0.05. The analyses
indicated a minimum sample size of 25 to 28 participants.
Participants performed a categorization task in experiments 1 and
2 and a delayed match-to-sample task in experiment 3. The high-to-
low reward ratio was 500:1 in experiments 1 and 3 and 900:1 in ex-
periment 2. Six participants in experiment 2 and one participant in
experiment 3 who reported that the recognition memory test was not
a surprise or failed to recall the correct image category associated with
the high reward were excluded from further analyses. To ensure bal-
anced memory performance between participants rewarded for the
tool and animal categories, four participants who did not respond to
the reward manipulation were excluded (using a cutoff at the fifth per-
centile, based on z = 2). These exclusions applied to both experiments
la and 1c. This process ensured comparability of memory perfor-
mance across groups. The final sample consisted of 108 participants:
experiment 1 (N = 38, 16 females, mean age = 19.64 + 5.07 years);
experiment 2 (N = 32, 24 females, mean age = 19.81 =+ 2.52 years);
and experiment 3 (N = 38, 24 females, mean age = 18.82 +
1.20 years). The study was approved by the Boston University Ethics
Committee (no. 4230E), and all participants provided written in-
formed consent before viewing any study materials.

Paradigm and stimuli

Experiment 1 consisted of two sessions: an incidental encoding ses-
sion followed by a surprise recognition memory test. The incidental
encoding session was divided into three phases: preconditioning,
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reward conditioning, and postconditioning. The images used in this
study were graciously provided by the authors of (16). The image typi-
cality was controlled across encoding phases and categories (16, 21). A
two-way ANOVA with Phase (preconditioning, conditioning, and
postconditioning) and Category (animal and tool) as between-subjects
factors on mean typicality ratings confirmed that there was no signifi-
cant main effect [Phase: F(2,138) = 0.17, P = 0.844; Category:
F(1,138) = 1.22, P = 0.271] or Phase X Category interaction
[F(2,138) = 0.001, P = 0.999]. All stimulus sizes were standardized to
500 X 500 pixels. The order of image stimuli within each encoding
phase was randomized across participants. During the conditioning
phases, each image stimulus was presented for 2 s, followed by a
stimulus-response interval of 4 + 2 s, during which a fixation cross was
displayed on a blank background. This was then followed by an inter-
trial interval of 0.5 s. During the encoding phases, participants made
two-alternative forced-choice picture categorizations (“animal”
or “tool”). After each stimulus presentation, participants were asked to
classify the picture as either an animal or a tool by pressing the “F” or
“J” button on a keyboard. The corresponding response buttons were
counterbalanced across participants, and responses timed out after 5 s.
The conditioning phase occurred immediately after the precondition-
ing phase, with participants completing the same task as in the pre-
conditioning phase. However, after each trial, participants received
feedback on whether they had categorized the image correctly. If cor-
rect, they were rewarded with either 1 or 500 points, depending on the
stimulus category (animal or tool), with the high-reward category
counterbalanced across participants. Participants were informed that
the points would translate into a cash bonus at the end of the session.
The postconditioning phase followed immediately after the condition-
ing phase and was identical to the preconditioning phase. Different
images were presented in each encoding phase. Each phase included
24 animal images and 24 tool images, with an ~5-min interval be-
tween phases. Experiment 2 had an identical structure to experiment
1, with the key difference being a larger reward disparity during con-
ditioning (1 versus 900 points). This increased disparity was designed
to amplify the strength of reward conditioning in experiment 2.

Experiment 3 followed a similar structure to experiment 1, with a
few differences. First, the reward conditioning phase in experiment 3
replaced the point rewards (1 or 500 points) with monetary rewards
(1¢ or $5). Participants were informed that their total cash reward
would be divided by eight and provided to them at the end of the
second-day session to emphasize a clearer reward representation.
Second, instead of the image categorization task, participants per-
formed a delayed match-to-sample task. The task involved present-
ing a target image for 2 s, followed by a 4 + 2 s delay, and then
displaying both the target and a foil image side-by-side. Participants
had 5 s to respond by pressing “F” or J” on the keyboard to select the
matching image on the left or right, respectively. As in experiment 1,
feedback indicated whether their response was correct or incorrect.
During the reward conditioning phase, an additional message in-
formed participants of their monetary reward after each trial. In ad-
dition, experiment 3 only included preconditioning and conditioning
phases to specifically target the retroactive enhancement effect. Par-
ticipants showed high accuracies in the categorization task (M = 0.99,
SE=0.006) and delayed match-to-sample task (M = 0.99, SE=0.002),
indicating strong task engagement. The primary aim of experiment 3
was to remove the postconditioning phase to reduce the overall
memory load and assess how this manipulation modulates reward-
related memory enhancement.
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The surprise recognition memory test for all experiments took
place 24 hours after the incidental encoding session. Upon arrival,
participants were asked whether they had anticipated a memory test
for the images they had seen the previous day. In experiments 1 and
2, the test comprised 72 high-reward targets (CS+), 72 low-reward
targets (CS—), 72 novel animal lures, and 72 novel tool lures, where-
as in experiment 3, it consisted of 48 CS+, 48 CS— targets, 48 novel
animal lures, and 48 novel tool lures. During the memory test, par-
ticipants classified images as either old (from the previous day) or
new (not seen before). They reported their confidence using four
options: definitely old, maybe old, maybe new, or definitely new.
Each image was presented for 2 s, followed immediately by the four
response options. Responses were self-paced, with participants en-
couraged to prioritize accuracy. To maintain participant engage-
ment, feedback was provided after each response indicating whether
the participant correctly identified the image as old or new.

Mega-dataset
A total of 648 participants from 10 separate experiments (including
three of our own above) were pooled for the mega-analysis. Partici-
pants in seven experiments (N = 412) underwent selective PME
testing. Five experiments used electric shocks for conditioning
(N'=330), and the remaining four experiments used reward for con-
ditioning (N = 284). Detailed information can be found in Table 1.
The 10 experiments in the mega-dataset were reclassified as
RME-present or PME-present or RME-absent or PME-absent on
the basis of one-tailed t tests. This reclassification established a com-
mon standard across experiments to assess whether the observed
category-specific effect reconciles prior inconsistencies in detecting
RME and PME across studies.

Statistical analyses

Category-specific memory enhancement

Our analyses focused on high-confidence responses only (definitely
old and definitely new). Recognition memory was measured using
corrected recognition, calculated as the hit rate minus the false alarm
rate to control for individual differences in response bias. A previous
imaging study has supported the neuroanatomical separation between
memory recollection and familiarity (50). Emotional salience specifi-
cally amplifies recollection, as evidenced by heightened amygdaloid
responses during encoding for later recollected stimuli, compared to
familiar or forgotten ones (51). In addition, a recent work with primate
models found no impairment in familiarity-based item recognition
following amygdaloid lesions (52). Therefore, high-confidence re-
sponses in recognition memory (“definitely old” and “definitely new”),
indicating recollection rather than mere familiarity, were used for test-
ing emotional memory consolidation across all experiments.

To assess salience-induced memory enhancement effects within
specific stimulus categories, we conducted independent ¢ tests to
compare memory performance between high-reward and low-reward
associations within each category (between-subjects). Note that one-
tailed ¢ tests were used solely as post hoc analyses following significant
main or interaction effects, not as standalone hypothesis tests. Again,
memory performance for comparison was assessed using corrected
recognition, calculated within the corresponding category. One-sided
t tests were used because prior research consistently shows that RME
and PME enhance memory, not impair it (22). Given this established
pattern, any unexpected results suggesting a negative effect of high
rewards are not only improbable but irrelevant to our hypothesis.
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Moreover, because of the typically small effect sizes in this area, one-
sided ¢ tests increase statistical power by focusing on the predicted
direction and reduce the risk of type II errors.

To investigate the category-specific memory enhancement, we
applied a linear mixed-effects model using reward magnitude (high
and low), encoding phase (preconditioning, conditioning, and post-
conditioning), and image category (animal and tool) as fixed effects.
Participant group and individual participants were treated as ran-
dom effects to account for repeated measures across participants
and experiments, structured as follows

High confidence corrected recognition score
~ Reward magnitude X Encoding phase X Image category

+ (1 [ Study/Participant)

Analyses were conducted using the “Ime4” package in RStudio
Version 2023.06.2 4 561. Degrees of freedom for fixed effects were
estimated using the Satterthwaite approximation. The analysis re-
vealed a significant three-way interaction among reward magnitude,
encoding phase, and image category. We subsequently examined
recognition performance for animal and tool images when they
were categorized under high-reward versus low-reward conditions
using independent ¢ tests.

Between-experiment comparison

To investigate the dissociable roles of memory tag strength in selec-
tive RME and PME, we categorized experiments on the basis of
whether they demonstrated selective RME and PME. Positive selec-
tive RME and PME effects were identified using paired ¢ tests. Con-
sidering the observed category-specific memory enhancement, we
developed strong hypotheses regarding each category’s contribution
to the overall selective memory enhancement. Specifically, we pos-
ited that either the weak memory category (animals) contributes
alone to the overall selective memory enhancement or both the
weak (animals) and strong (tools) categories contribute.

We conducted paired ¢ tests on the overall selective memory en-
hancement for each study group type and independent ¢ tests for
animal and tool images under high-reward versus low-reward con-
ditions. In addition, we performed Pearson correlation tests between
the conditioning strength, measured by the average recognition per-
formance for images presented during the conditioning phase, and
RME and PME.

Calculating MARs

The MAR for each stimulus was calculated as the ratio of partici-
pants accurately recognizing the stimulus with high confidence in
the high-reward condition to those in the low-reward condition
during the surprise recognition test. For example, if 16 of 20 partici-
pants (80%) recognized a given image in the high-reward condition
and 12 of 20 (60%) did so in the low-reward condition, the MAR for
that image is 80%/60% = 1.33.

Extracting high-level features using a CNN

To extract high-level image features, we used the Deep Learning
Toolbox in MATLAB (MathWorks, Natick, MA), using ResNet-18, a
CNN with 18 layers. Trained on over a million images, this network
can categorize images into 1000 object classes. Thus, ResNet-18 has
learned sophisticated feature representations across a diverse array
of images. We resized all input images to 224 by 224 by 3 before feed-
ing them into the network. The network constructs a hierarchical
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representation of the input images, with deeper layers generating
higher-level features based on the lower-level features extracted in
earlier layers. To obtain feature representations, we extracted outputs
from the “pool5” layer, which is the global pooling layer aggregating
higher-level features from all spatial locations of the images. This
provided us with 512 features for each image. Each image was then
mapped to a 512-dimensional space, so distances could be calculated
among the images in this high-dimensional space as a measure of
similarity in high-level image features.

For animal and tool images presented during the conditioning
phase, we calculated an average image feature vector on the basis of
all images shown during that phase for each category separately. We
then computed the distance between each incidentally encoded im-
age (preconditioning and postconditioning) and the average image
vector of the same category from the conditioning phase. This dis-
tance served as a measure of similarity to the conditioned stimuli.
We then calculated the MAR for each incidentally encoded image by
dividing the percentage of individuals who successfully recognized
the image with high confidence under the high-reward condition by
the percentage under the low-reward condition. Pearson tests were
then performed to examine the correlation between the distance to
the conditioned stimulus mean and the MAR.

Supplementary Materials
This PDF file includes:

Figs.S1and S2

Tables S1 to S4
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