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Memorization and generalization are complementary cognitive processes
that jointly promote adaptive behavior. For example, animals should
memorize safe routes to specific water sources and generalize from these
memories to discover environmental features that predict new ones.

These functions depend on systems consolidation mechanisms that
construct neocortical memory traces from hippocampal precursors,

but why systems consolidation only applies to a subset of hippocampal
memoriesis unclear. Here we introduce a new neural network formalization
of systems consolidation that reveals an overlooked tension—unregulated
neocortical memory transfer can cause overfitting and harm generalization
inan unpredictable world. We resolve this tension by postulating that
memories only consolidate when it aids generalization. This framework
accounts for partial hippocampal-cortical memory transfer and provides
anormative principle for reconceptualizing numerous observations in the
field. Generalization-optimized systems consolidation thus provides new
insightinto how adaptive behavior benefits from complementary learning
systems specialized for memorization and generalization.

The brain’s ability to learn, store and transform memories lies at the
heart of our ability to make adaptive decisions. Memory is threaded
through cognition, from perception through spatial navigation to
decision-making and explicit conscious recall. Befitting the central
importance of memory, brain regions—including the hippocampus—
appear specifically dedicated to this challenge.

The concept of memory has refracted through psychology and
neurobiology into diverse subtypes and forms that have been difficult
toreconcile. Taxonomies of memory have been drawn on the basis of
psychological content, for instance, differences between memories
for detailed episodes and semantic facts’; on the basis of anatomy, for
instance, differences between memories that are strikingly dependent
on hippocampus versus those that are not?; and on the basis of com-
putational properties, for instance, differences between memories
reliant on pattern-separated’ or distributed neural representations®.
Many previous theories have tried to align and unify psychological,

neurobiological and computational memory taxonomies® %, However,
none has yet resolved long-standing debates on where different kinds
of memories are stored in the brain, and, fundamentally, why different
kinds of memories exist.

Classical views of systems consolidation, such as the standard
theory of systems consolidation®’, have held that memories reside in
the hippocampus before transferring completely to the neocortex.
Related neural network models, such as the complementary learning
systems theory, have further offered a computational rationale for
systems consolidation based on the benefits of coupling complemen-
tary fast and slow learning systems for integrating new information
into existing knowledge®'°. However, these theories lack explanations
for why some memories remain forever hippocampal-dependent, as
showninagrowing number of experiments®"'. On the other hand, more
recent theories, such as multiple trace theory”? and trace transforma-
tion theory”, hold that the amount of consolidation can depend on
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memory content, but they do not provide quantitative criteria for what
content will consolidate, nor why this might be beneficial for behavior.

One possible way forward is to see that memories serve not only
asveridical records of experience but also to support generalizationin
new circumstances'. For instance, individual memorized experiences
almost never repeat exactly, but they allow us to identify systematic
relationships between features of the world, such as ‘ravines predict
the presence of water, which are common and important for behavior.

Here we introduce a mathematical neural network theory of sys-
tems consolidation founded on the principle that memory systems
andtheirinteractions collectively optimize generalization. Our theory
mathematically defines the generalization performance of an algo-
rithmasitsexpected error for any possible future input, whether these
inputs have been seenin the past or not. This definition is widespread
in statistics and machine learning, and it resonates with the intuitive
notion that generalizations apply regularities inferred from specific
instances to new circumstances. The resulting theory offers new
perspectives on diverse experimental phenomena and explains why
interaction between multiple brain areas is beneficial. Accurate gen-
eralizations require consistent relationships within the environment,
and our theory optimizes generalization by using the predictability of
memorized experiences to determine when and where memorytraces
reside. Our results overall propose a quantitative and unified theory of
the organization of memories based ontheir utility for future behavior.

Results

Formalizing systems consolidation

We conceptualize an animal’s experiences in the environment as
structured neuronal activity patterns that the hippocampus rapidly
encodes and the neocortex gradually learns to produce internally®'®>
(Fig.1a). We hypothesize that systems consolidation allows neocorti-
cal circuits to learn many structured relationships between different
subsets of these active neurons. Focusing on one of these relationships
atatime, neocortical circuitry might learn through many experiences
(Fig. 1b) to produce the responses of a particular output neuron from
theresponses of other input neurons (Fig.1c). For example,inahuman,
an output neuron contributing to a representation of the word ‘bird’
might receive strong inputs from neurons associated with wings and
flight.Inamouse, an output neuron associated with behavioral freezing
mightreceive strong inputs from neurons associated with the sound of
anowl, the smell of a snake or the features of alaboratory cage where
it had been shocked.

We first sought to develop a theoretically rigorous mathemati-
cal framework to formalize this view of how systems consolidation
contributesto learning. Our framework builds on the complementary
learning systems hypothesis®'®, which posits that fast learning in the
hippocampus guides slow learning in the neocortex to provide an
integrated learning system that outperforms either subsystem on
its own. Here we formalize this notion as a neocortical student that
learns to predict an environmental teacher, aided by past experiences
recorded in ahippocampal notebook (Fig. 1d). Note that although the
theoryis centered around hippocampal-neocorticalinteractions, the
core theoretical principles can be potentially applied to other brain
circuits that balance fast and slow learning” .

We modeled each of these theoretical elements with a simple
neural network amenable to mathematical analyses (Fig. 1e; Meth-
ods). Specifically, we modeled the teacher as a linear feedforward
network that generatesinput-output pairs through fixed weights with
additive output noise, the student as a size-matched linear feedfor-
ward network with learnable weights*** and the notebook as asparse
Hopfield network??. The student learns its weights from a finite set
of examples (experiences) that contain both signal and noise. We
modeled the standard theory of systems consolidation by optimizing
weights for memory. This means that the squared difference between
theteacher’s outputandthe student’s prediction should be as small as

possible, averaged across the set of past experiences. Alternatively, we
hypothesize that a major goal of the neocortex is to optimize generali-
zation. This means that the squared difference between the teacher’s
output and the student’s prediction should be as small as possible,
averaged across possible future experiences that could be generated by
the teacher.

Learning starts when the teacher activates student neurons
(Fig. 1f, gray arrows). The notebook encodes this student activity by
associating it witharandom pattern of sparse notebook activity using
Hebbian plasticity (Methods; Fig. 1f, pink arrows). This effectively
models hippocampal activity as a pattern-separated code for indexing
memories*. The recurrent dynamics of the notebook network imple-
ment pattern completion’*”, whereby full notebook indices can be
reactivated randomly from spontaneous activity or purposefully from
partial cues® (Methods; Fig. 1g). Student-to-notebook connections
allow the student to provide the partial cues that drive patterncomple-
tion (Fig. 1g, orange arrows). Notebook-to-student connections then
allow the completed notebook index to reactivate whatever student
representations were active during encoding (Fig. 1g, blue arrows).
Taken together, these three processes permit the student to use the
notebook to recallmemories fromrelated experiencesin the environ-
ment. Thus, our theory concretely models how the neocortex could
use the hippocampus for memory recall.

We model systems consolidation as the plasticity of the student’s
internal synapses (Fig. 1h,i). The student’s plasticity mechanism is
guided by notebook reactivations (Fig.1h), similar to how hippocampal
replay is hypothesized to contribute to systems consolidation?. Slow,
error-corrective learning aids generalization®, and here we adjust
internal student weights with gradient descent learning (Fig. 1i). Spe-
cifically, we assume that offline notebook reactivations provide tar-
gets for student learning (Methods), where the notebook-reactivated
student output is compared with the student’s internal prediction to
calculate anerror signal for learning. We consider models that set the
number of notebook reactivations to optimize either memory transfer
orgeneralization. Theintegrated system can use the notebook (Fig. 1j)
or only the learned internal student weights (Fig. 1k) to make output
predictions from any input generated by the teacher. We will show that
each pathway has distinct advantages for memory and generalization.

Generalization-optimized complementary learning systems
(Go-CLS)

We next simulated the dynamics of memorization and generalization
inthe teacher-student-notebook framework toinvestigate theimpact
of systems consolidation. We first modeled the standard theory of sys-
tems consolidation as limitless notebook reactivations that optimized
student memory recall (Fig. 2a,c,e; Methods). Learning begins when the
notebook stores asmallbatch of examples, whichare thenrepetitively
reactivated by the notebook in each epoch to drive student learning
(Methods). In separate simulations, examples were generated by one
of three teachers that differed in their degree of predictability, here
controlled by the signal-to-noise ratio (SNR) of the teacher network’s
output (Fig. 1e; Methods). The notebook was able to accurately recall
the examples provided by each teacher from the beginning (Fig.2a,c e,
dashedbluelines), and we showed mathematically that recall accuracy
scaled with the size of the notebook (Supplementary Information Sec-
tion 5.2). Notebook-mediated generalization (student in > notebook
> student out) was poor for all three teachers (Fig. 2a,c,e, dashed red
lines), as rote memorization poorly predicts high-dimensional stimuli
that were not previously presented or memorized (Supplementary
Information Section 5.3). The student gradually reproduced past exam-
plesaccurately (Fig.2a,c,e, solid bluelines), but the signalin each exam-
ple was contaminated by whatever noise was present during encoding
andrepetitively replayed throughoutlearning. Therefore, although the
generalization error decreased monotonically for the noiseless teacher
(Fig.2a, solid red line), noisy teachersresulted in the student eventually
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Fig.1|Neural network model of systems consolidation. a, Our theoretical
framework assumes that the neocortex extracts and encodes environmental
relationships within the weights between distributed neocortical neuronsina
process mediated by hippocampal reactivation. b, Individual experiences or
memory reactivations are represented as columns of neuronal activations. We
color the output neuroninred, and its activity is determined by the purple input
neurons that are connected toit. Neurons that are not connected to the output
neuron are colored gray. This example is for illustrative purposes, and an input
neuron in one relationship could be an output neuronin another relationship.
¢, Learning modifies weights between the input and output neurons to reproduce
each past experience. d, Cartoon of the teacher-student-notebook formalism;
subscripts ‘i’and ‘o’ refer to input and output layers. e, Neural network model
architecture used in most simulations, unless otherwise noted. The teacher is

alinear, shallow network with fixed weights that transforms an N-dimensional
inputinto ascalary, with a noise term e added to vary the signal-to-noise ratio of
the teacher. The student is typically a size-matched network to the teacher, with
trainable weights w. The notebook is a Hopfield network that is bidirectionally
connected to the student that serves as a one-shot learning module for

memory encoding and replay (see Methods for details). f-k, Stages of learning
and inferencesin the model. The studentis activated by each of the teacher-
generated examples while the notebook encodes this example through one-shot
Hebbian plasticity (f). The notebook can reactivate the encoded examples offline
and reactivate the student (g). The notebook can reactivate previously encoded
memories offline to induce memory recall in the student (h) and drive student
learning (i). The student can use either the notebook or internal weights for
inference (jand k). T, teacher; S, student; N, notebook.

generalizing poorly (Fig. 2c,e, solid red lines). From a mathematical
point of view, this is expected, as the phenomenon of overfitting to
noisy data is well appreciated in statistics and machine learning*°.
The implications of these findings for psychology and neurosci-
enceare far-reaching, as the standard theory of systems consolidation
assumes that generalization follows naturally from hippocampal mem-
orization and replay; it does not consider when systems consolidation
isdetrimental to generalization. For example, previous neural network
models of complementary learning systems focused on learning sce-
narios where the mapping from input to output was fully reliable*®.
Within our teacher-student-notebook framework, this means that
theteacheris noiseless and perfectly predictable by the student archi-
tecture. Insuch scenarios, standard systems consolidation continually
improved bothmemorization and generalizationin our model (Fig. 2a,
solidredline). However, for less predictable environments, our theory
suggests that too much systems consolidation can severely degrade
generalization performance by leading the neocortex to overfit to

unpredictable elements of the environment (Fig. 2c, solid red line).
In highly unpredictable environments, any systems consolidation at
all can be detrimental to generalization (Fig. 2e, solid red line). If the
goal of systems consolidation is fullmemory transfer, then our theory
illustrates that the system paysapricein the reduced ability to general-
ize in uncertain environments.

What systems consolidation strategy would optimize generaliza-
tion? Here we propose a new theory—Go-CLS—which considers the
normative hypothesis that the amount of systems consolidation is
adaptively regulated to optimize the student’s generalization accu-
racy based on the predictability of the input-output mapping (Fig.
2b,d,f). Forthe teacher withahigh degree of predictability, the student’s
generalization error always decreased with more systems consolida-
tion (Fig. 2b, solid red line), and the student could eventually recall all
stored memories (Fig. 2b, solid blue line). Memory transfer, therefore,
arises as a property of a student that learns to generalize well from
this teacher’s examples. In contrast, a finite amount of consolidation
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Fig.2| The predictability of experience controls the dynamics of systems
consolidation. a-h, Dynamics of student generalization error, student
memorization error, notebook generalization error and notebook memorization
error when optimizing for student memorization (a, ¢, e and g) or generalization
(b, d, fand h) performance. The student’s input dimensionis N =100, and the
number of patterns stored in the notebook is P=100 (all encoded at epoch =1;
epochsinthexaxis correspond to time passage during systems consolidation).
The notebook contains M =2,000 units, with asparsity a = 0.05. During each
epoch, 100 patterns are randomly sampled from the Pstored patterns for
reactivating and training the student. The student’s learning rate is 0.015.
Teachers differed in their levels of predictability (aand b, SNR=; candd,

SNR =4; eandf, SNR = 0.05; gand h, SNR ranges from 27* to 2*). i-n, Methods

for regulating consolidation. i, Using a validation set to estimate optimal early

stopping time (SNR =4, P=N=100,10% of Pare used as validation set and not
used for training). Filled red dot marks the generalization error at the optimal
early stopping time (optimal ES), and dashed red dot marks the generalization
error at the early stopping time estimated by the validation set (estimated

ES). The vertical gray dashed line marks the estimated early stopping time.j,
Generalization errors at optimal (solid red lines) vs estimated early stopping
time (dashed red lines), as a function of the validation set fraction, SNR and

a (P/N). The blue shading indicates the validation set fraction from 10% to
20%.k, lllustration of maximum likelihood estimation (MLE; Supplementary
Information Section 9.2). 1, MLE predicts SNR well from teacher-generated data.
m, Initial learning speed monotonically increases as a function of SNR. n, Initial
learning speed serves as a good feature for estimating true SNR in numerical
simulations (P=N=1,000).

(here modeled by afixed number of notebook reactivations) was neces-
sary tominimize the generalization error when the teacher had limited
predictability (Fig.2d,f), and our normative hypothesisis that systems
consolidation halts at the point where further consolidation harms gen-
eralization (Fig. 2d,f, vertical black dashed line). The resulting student
couldgeneralize nearly optimally from each of the teachers’ examples

(Fig. 2d,f, solid red lines and Supplementary Information Section 7.2),
butits memory performance was hurt by incomplete memorization of
the training data (Fig. 2d,f, solid blue lines). Nevertheless, the notebook
couldstill recallthe memorized examples (Fig. 2b,d,f,dashed bluelines).
Go-CLS thus results in an integrated system that can both generalize
and memorize by using two systems with complementary properties.
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These examples show that the dynamics of systems consolida-
tion models depend on the degree of predictability of the teacher.
Therefore, we derived analytical results to comprehensively compare
the standard theory of systems consolidation to the Go-CLS theory for
all degrees of predictability (Supplementary Information Sections 6
and 7). Standard systems consolidation eventually consolidated all
memories for any teacher (Fig. 2g, blue). As anticipated by Fig. 2a-f,
the generalization performance varied dramatically with the teacher’s
degree of predictability (Fig. 2g, red). Generalization errors were higher
forless predictable teachers, and optimal consolidation amounts were
lower. Therefore, Go-CLS removed the detrimental effects of overfit-
ting (Fig. 2h, red) but ended before the student could achieve perfect
memorization (Fig. 2h, blue, nonzero error). Both the generalization
performance and the memory performance improved as the teacher’s
degree of predictability increased (Fig. 2h).

Fullyimplementing this strategy for Go-CLS requires a supervisory
process capable of estimating the optimal amount of consolidation
(Supplementary Information Section 9). One conceptually simple way to
dothisistodirectly estimate the generalization error dynamics (Fig. 2i,j),
whichwould notrequire explicitinference of the teacher’s predictability.
For instance, the supervisor could divide the notebook’s memorized
examples into a training set that drives student learning and a valida-
tion set that does not. Because the student’s error on the validation set
isan estimate of the generalization error, the supervisor could regulate
consolidation by stopping student learning when the validation error
starts increasing (Fig. 2i). This strategy works best for relatively small
validation sets, as this permits learning from many examples (Fig. 2j).

Another strategy to regulate consolidationis to estimate the pre-
dictability of the teacher (Fig. 2k-n). For instance, the supervisor could
statistically estimate the teacher’s degree of predictability as the one
that maximizes the likelihood of the teacher-generated examples
(Fig. 2k). This amounts to comparing the input-output covariance of
the teacher-generated data to theoretical expectations, which vary
in predictable ways with SNR (Supplementary Information Section
9.2). Alternatively, the supervisor could use the simpler heuristic that
the initial learning speed (for a given sized dataset) correlates with
predictability (Fig. 2m and Supplementary Information Section 9.3).
Each of these methods provides a reasonably accurate estimate of
the teacher’s degree of predictability (Fig. 21,n), which could be used
to estimate the optimal early stopping time (Supplementary Fig. 4).
Such estimates rely on prior knowledge relating data statistics to the
teacher’s degree of predictability, which for more complex environ-
ments could be established by meta-learning over developmental,
lifelong and evolutionary timescales®.

Relating Go-CLS to diverse experimental results

Experimental literature on the time course of systems consolidation
and time-dependent generalization provides important constraints on
our theory. We thus sought to model these effects by translating mean
squareerrors (Fig. 2g,h) into memory or generalization scores, where
Oindicates random performance and lindicates perfect performance
(Fig.3a-d; Methods). Our framework can use either the student or the
notebook to recall memories or generalize (Fig. 1j,k). Here we model
the combined system by making predictions with whichever subsys-
temis more accurate (Methods). This assumptionis not critical, as the
combined memory (Fig. 3a,b) and generalization scores (Fig. 3¢,d)
often map onto the notebook and student performances, respectively,
but this assumption allows the combined system to switch between
subsystems over time (Supplementary Information Section 6.1). Other
models might implement more complex memory system selection
policies or combine both pathways to obtain statistically better pre-
dictions throughout learning. We simulated hippocampal lesions by
preventing the combined system from using notebook outputs and
ending systems consolidation at the time of the lesion (Fig. 3a,b, cyan).
As it takes time for the student to learn accurate generalizations, our

systems consolidation models exhibited time-dependent generaliza-
tion (Fig. 3c,d, purple). In contrast, the notebook permitted accurate
memory retrieval from the start (Fig. 3a,b, black).

Standard systems consolidation and Go-CLS theory make strik-
ingly different predictions for how retrograde amnesia depends on
the teacher’s degree of predictability (Fig. 3a,b). Researchers usually
classify hippocampal amnesia dynamics according to whether memory
deficits are similar for recent and remote memories (flat retrograde
amnesia), more pronounced for recent memories (graded retrograde
amnesia), or absent for both recent and remote memories (no retro-
grade amnesia; Fig. 3e). As expected’, notebook lesions always pro-
duced temporally graded retrograde amnesia curves in the standard
theory (Fig. 3a). When systems consolidation was instead optimized
for generalization, the effects of notebook lesions depended strongly
on the predictability of the teacher (Fig. 3b). Therefore, Go-CLS the-
ory can recapitulate a wide diversity of retrograde amnesia curves
(Fig. 3e). High- and low-predictability experiences lead to graded and
flat retrograde amnesia, respectively (Fig. 3b,e, solid lines). A period
of prior consolidation of highly predictable experiences decreases the
slope of graded retrograde amnesia (Fig. 3e, dashed light-blue lines),
and it’s possible to see no retrograde amnesia at all when the prior
consolidation was extensive (Fig. 3e, dashed orange line; Methods).
This conceptually resembles schema-consistent learning®.

Experiments ontime-dependent generalization canalso differenti-
atebetweenthe Go-CLS theory and the standard theory. Diverse gener-
alization curves resulted from either model of systems consolidation
(Fig. 3c,d), with maximal generalization performance increasing with
the predictability of the teacher. However, student overfitting meant
that only Go-CLS maintained this performance over time. Standard
systems consolidation could even result in a student generalizing
maladaptively, resulting in worse-than-chance performance where
the trained student interpolates noise in past examples to produce
wildly inaccurate outputs (Fig. 3c). Most fundamentally, Go-CLS theory
predicts that memory transfer and generalization improvement should
be correlated with each other (Fig. 3f), as systems consolidation leads
to both. Unpredictable experiences should not consolidate because
thiswould cause maladaptive generalization. Such memories are thus
leftin their original form and susceptible to strong retrograde amnesia
following hippocampal lesion. In contrast, predictable experiences
should consolidate and be associated with weak retrograde amnesia
and useful learned generalizations.

Go-CLS potentially resolves apparent conflicts in the literature
as arising from differing degrees of predictability in the underlying
experimental paradigms (Supplementary Information Section 11).
This hypothesized correspondence between past experiments and
their predictability is intriguing but inconclusive, as it is not yet clear
how to quantify the degree of predictability for arbitrary experiments
andreal-world scenarios. In other words, the theory is consistent with
existing findingsin principle, butits postdiction of them requires plau-
sible assumptions that may be wrong. Future experiments are critical
(see Supplementary Information Section 12 for detailed discussions of
experimental tests). Our core theoretical prediction is that the brain
optimizes for generalization by regulating the amount of systems
consolidation based on the predictability of experience. Direct tests
of this prediction require experimental task designs that intention-
ally vary the degree of predictability and assess the effect on systems
consolidation®. In addition, experiments that identify the biological
mechanisms of predictability estimation and consolidation regulation
would be required to establish acomprehensive picture of the neural
correspondence of the Go-CLS theory.

Normative benefits of complementary learning systems for
generalization

Our framework also provides theoretical insights into the comple-
mentary learning systems hypothesis, which posits that hippocampal
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Fig.3|Go-CLS mirrors memory research findings. a-d, Memorization (aand b)
and generalization (c and d) scores for the integrated student-notebook system
asafunction of time and SNR, when optimized for student memorization (aand
c) or generalization (b and d). Memory and generalization scores are translated
fromrespective error values by score = (£, - £,)/E,, where E,and E, are the
generalization or memory errors of a zero-weight student and a trained student

(notebook lesioned)

atepoch =¢, respectively. The effect of notebook lesion on memory performance
(cyanlines and open circles, open circles simply demarcate the cyan lines at
hypothetical ‘recent’ and ‘remote’ timepoints) depended on optimization
objective and time (aandb). e, Go-CLS can reproduce a diversity of retrograde
amnesia curves (see Methods for model details). f, Memory and generalization
scores are positively correlated after notebook lesioning.

and neocortical systems exploit fundamental advantages provided by
coupled fast and slow learning modules®'°. We first investigated its
basic premise by comparing generalizationin the optimally regulated
student-notebook network (Fig. 4a) towhatis achievable withisolated
student (Fig. 4b) and notebook networks (Fig. 4c). Because the student
models the neocortex and the notebook models the hippocampus,
these isolated student and notebook networks model learning with
only neocortex or only hippocampus, respectively.

Both the degree of predictability and the amount of available
dataimpact the time course of systems consolidationin the student—
notebook network (Supplementary Information Sections 6 and 7),
so we used our analytical solutions to systematically examine how
late-time memory and generalization jointly depend on the amount
of training data and degree of predictability (Supplementary Fig. 2).
With just a student (Fig. 4b), the system must learn online from each
example with no ability to revisit it. This limitation prevented the
optimal student-only network from generalizing as efficiently from
predictable teacher-generated data as the optimal student-notebook
network (Fig. 4d, orange versus black curves), despite modulating
its learning rate online to achieve best-case generalization perfor-
mance (Supplementary Information Section 4.2). We also confirmed
that both student-containing networks generalized better than the
notebook-only network (Fig. 4d). This is expected because in high
dimensions any new random pattern is almost always far from the
nearest memorized pattern (Supplementary Information Section 5.3);
this is the so-called ‘curse of dimensionality.

The generalization gain provided by the student-notebook net-
work over the student-only network was most substantial when the
teacher provided a moderate amount of predictable data (Fig. 4d,e,
dashed verticalline). This result follows because the student-notebook
network was unable to learn much when the data were too few or too
noisy, and notebook-driven encoding and reactivation of data was

unnecessary when the student had direct access to a large amount of
teacher-generated data (Supplementary Information Section4 and 7).
Hence, an integrated dual memory system was normatively superior
when experience was available, but limited, and the environment was
atleast somewhat predictable.

The notebook’s ability to replay examples was most advanta-
geous when the number of memorized examples equaled the num-
ber of learnable weights in the student (Fig. 4e, dashed vertical line).
Remarkably, this amount of data was also the worst-case scenario for
overfittingto noisein standard systems consolidation (Fig. 4f,g, dashed
verticalline, and Supplementary Fig. 2c). This is similar to the ‘double
descent’ phenomenon in machine learning****, where overfitting is
worst at an intermediate amount of data related to the network size.
Intuitively, neural networks must tune their weights most finely when
the number of memorized patternsis close to the maximal achievable
number (capacity). This often requires drastic changes in weights to
reduce small training errors, producing noise-corrupted weights that
generalize poorly. The optimal student-notebook network avoided
thisissue by regulating the amount of systems consolidation according
to the predictability of the teacher. We propose that the brain might
similarly regulate the amount of systems consolidation according to
the predictability of experiences (Discussion).

Many facets of unpredictability

Our simulations and analytical results show that the degree of pre-
dictability controls the consolidation dynamics that optimize gen-
eralization. We emphasized the example of a linear student (Fig. 5a)
that learns from a noisy linear teacher (Fig. 5b). However, inherent
noise is only one of several forms of unpredictability that can cause
poor generalization without regulated systems consolidation. For
example, when the teacher implements a deterministic transforma-
tion thatis impossible for the student architecture toimplement, the
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Fig. 4 | Normative benefits of complementary learning systems for
generalization. a-c, Schematicsillustrating learning systems that can use
both the student and the notebook (a), only the student’s weights (b) and only
the notebook weights (c) for inference. In machine-learning terminology,
these systems implement batch learning, online learning and nearest-
neighbor regression. d, Generalization error as a function of normalized data
quantity (or a, defined as a = P/N) for each learning system (SNR =1,000);
dashed vertical line indicates a = 1. ¢, Advantage of Go-CLS over optimal
onlinelearning as a function of SNR and normalized data quantity, measured
by the difference in generalization error. f, Generalization error as a function
of normalized data quantity for the combined system, learning either
through Go-CLS or standard systems consolidation (SNR = 2.5). g, Severity

of overfitting, measured by the difference in generalization error between
standard systems consolidation and Go-CLS.

unmodellable parts of the teacher mapping are unpredictable and act
like noise (Supplementary Information Section 10). For instance, alin-
ear student cannot perfectly model anonlinear teacher (Fig. 5c). Simi-
larly, whenthe teacher’s mappinginvolves relevantinput features that
thestudent cannotobserve, the contribution of the unobserved inputs
to the output is generally impossible to model (Fig. 5d). This results
in unpredictability from the student’s perspective and favors large
student networks with enough featuresto represent the teacher. These
sources of unpredictability all consist of a modellable signal and an
unmodellable residual (noise; Supplementary Information Section 10),
and they yield similar training and generalization dynamics in our
model (Fig. 5e,f). The real world is noisy and complicated, and the
brain’s perceptual access to relevant information is limited. Realistic
experiences thus frequently combine these sources of unpredictability.

Allthe above-mentioned cases can be generally understood within
the framework of approximation theory®. The unmodellable part rep-
resentsanonzero optimal approximationerror for the teacher-student

pair. For all these types of generalization-limiting unpredictability,
generalization is optimized when systems consolidation is limited
for unpredictable experiences. Notably, not all unpredictability limits
generalization (Supplementary Information Section 8). For example,
independent noise during inference can actually promote generaliza-
tion, such asin dropout regularization®.

Previously we have focused on the scenario of learning a single
mapping. All real-life experiences are composed of many components,
with relationships that can differ in predictability. Therefore, many
relationships must be learned simultaneously, and these representa-
tions are widely distributed across the brain. For instance, the same
input features may have different utilities in predicting several outputs
(Fig.5g). Furthermore, neocortical circuits may cross-predict between
different sets of inputs and outputs (Figs. 1laand 5h), for example, pre-
dicting auditory representations from visual representations and vice
versa. In this setting, each cross-prediction has its own predictability
determined by the noise, the complexity of the mapping, and the fea-
turesitisbased upon. Predictability may also depend on overt and/or
covertattention processes in the student. For example, astudent may
selectively attend to a subset of the inputs it receives (Fig. 5i), mak-
ing the predictability of the same external experience dependent on
internal states that can differ across individuals. This might partially
underlie the individual variability in memory consolidation seenin ani-
malbehavior®®. For all the above-mentioned scenarios, Go-CLS theory
requires the student to optimize generalization by regulating systems
consolidationaccordingto the specific degree of predictability of each
modeled relationship contained in an experience. Thetheory thereby
provides anew predictive framework for quantitatively understanding
how diverse relationships within memorized experiences should dif-
ferentially consolidate to produce optimal general-purpose neocortical
representations.

Discussion

Thetheory presented here—Go-CLS—provides anormative and quan-
titative framework for assessing the conditions under which systems
consolidationis advantageous or deleterious. As such, it differs from
previoustheories that sought to explain experimental results without
explicitly considering when systems consolidation could be counter-
productive>**"*, The central premise of this work is that systems
consolidationfromthe hippocampus to the neocortex is most adaptive
ifitisregulated toimprove generalization, an essential ability enabling
animals to make predictions that guide behaviors promoting survival
in an uncertain world. Crucially, we show that unregulated systems
consolidation results in inaccurate predictions by neural networks
when limited data containa mixture of predictable and unpredictable
components. These errors result directly from the well-known overfit-
ting problemthat occursinartificial neural networks when weights are
fine-tuned to account for data containing noise and/or unmodellable
Structurezo'21'29'30'34'35.

Forexample, consider the experience of agirl spending aday at the
lake with her father (Fig. 5j,k). It may contain predictable relationships
about birds flying, swimming and perhaps even catching fish, as well
as predictable relationships about fresh-picked strawberries tasting
sweet. Our theory posits that these relationships should be extracted
from the experience and integrated with memories of related experi-
ences, throughregulated systems consolidation, to produce, reinforce
andrevise predictions (generalizations). Onthe other hand, unpredict-
able co-occurrences, such as the color of her father’s shirt matching the
colorofthe strawberries, should not be consolidated in the neocortex.
They could nevertheless remain part of an episodic memory of the day,
which would permanently depend on the hippocampus for retrieval.

Animportantbutsubtle pointis that relationshipsin the environ-
mentcanbebotharbitrary and predictable. For example, consider the
case of semantic facts, such as Paris is the capital of France. Although
each componentofthisknowledgeis arbitrary, perfect generalization
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Fig. 5| Many forms of unpredictability demand regulated systems
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function at the output unit and cannot be fully predicted by a linear student.
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sine function at the output unit, see Methods for simulation details). g-i, The
degree of predictability can vary in many ways. For example, the same inputs can
differentially predict various outputs (g), features can cross-predict each other
with varying levels of predictability (h) and different learning systems could
attend to different teacher features to predict the same output (i). j, Cartoon
illustrating a child’s experience at a lake with her father. k, Cartoonillustrating
conceptual differences between what is consolidated in standard systems
consolidationand Go-CLS.
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performance is possible. Past experiences indicating that Paris is the
capital of France would allow the brain to predict this exact and reliable
relationship in future experiences. The learning of reliable semantic
facts should be modeled as infinite SNR in our teacher-student-note-
book framework.

Go-CLS highlights the normative benefits of complementary
learning systems, reveals key concepts that may reconcile previous
experimental results (Supplementary Information Section 11) and
makes testable predictions that could support or refute the theory
(Supplementary Information Section12). A critical insight from Go-CLS
theoryis thatgradual consolidation of past experiences benefits gen-
eralization performance most when experience is limited and rela-
tionships are partially predictable (Fig. 4), mirroring ethologically
realistic regimes experienced by animals living inan uncertain world.
This benefit occurs in a regime where the danger of overfitting is the
highest****** highlighting the need for aregulated systems consoli-
dation process.

Previous theories have also sought to reconcile these and other
experimental observations. For example, multiple trace theory" and
trace transformation theory” posit that episodic memories are con-
solidated as multiple memory traces, with the most detailed compo-
nents permanently residing in the hippocampus. Contextual binding
theory" posits that items and their context remain permanently bound
togetherinthe hippocampus. These theoriesemphasize the role of the
hippocampus in the permanent storage of episodic details>" ", with
the neocortex storing less detailed semantic components of memo-
ries. In contrast, Go-CLS posits that predictability, rather than detail,
determines consolidation. Similarly, Go-CLS favors predictability over
frequency, feature overlap or salience as the central determinant of
systems consolidation®*,

Our theory has many interesting connections to recent research
in artificial intelligence. Go-CLS defines predictability through the
optimal approximation error®® of a teacher-student pair (Fig. 5a—f).
This is distinct from whether optimal student weights can be learned
in practice. For example, gradient descent learning dynamics can get
stuck in local minima or transiently degrade generalization perfor-
mance***>*, but this does not imply that the teacher is unmodellable
by the student architecture. Our analytically tractable student cleanly
dissociates the optimal approximation error from learning dynamics,
but this theoretical distinction becomes impractical when analyzing
complex student architectures. Because overfitting is also observed
in more complex student architectures (Supplementary Informa-
tion Section 10.2), as well as in modern deep learning models®*, we
expect that the essential concepts presented here will also apply to
broader model classes. However, future research will be needed to
determine how the student’s architecture, student’s learning rule
and teacher jointly determine the memorization and generalization
dynamics achievable by regulated systems consolidation. Similarly,
some machine-learning methods can interpolate training data and
generalize well**, so it would also be interesting to search for student
architectures and learning rules that could reduce tension between
memorization and generalization. Finally, we’ve focused on simple
supervised learning problems; future work should address optimal
consolidationinsettings that exhibit richer generalization dynamics,
such as reinforcement learning* and emergent few-shot learning in
large language models*’.

Thefactthat anexperience’s predictability isa priori unknown has
important conceptual implications for regulated systems consolida-
tion. Here we have shown that it’s sometimes possible to accurately
infer predictability from data (Fig. 2). This capability allows accurate
generalization thatis likely critical for building high-fidelity models of
the world. However, we do not expect that the brain explicitly imple-
ments the schemes as showninFig.2. Forinstance, it would be surpris-
ing if the brain sets aside validation data that never drives learning.
Moreover, many studies suggest that the brain relies on suboptimal

heuristics for decision-making and other cognitive tasks*, and regulat-
ing systems consolidation based on inaccurate heuristics could lead
to mis-generalization and departures from the predictions of Go-CLS
theory. For example, an interesting prediction of Go-CLS theory is
that frequent misinformation should be consolidated less than rare
gems from a wise source, but this prediction would fail if brains used
frequency asasimple heuristic for predictability. Extreme misregula-
tion of consolidation could relate to disorders, such as post-traumatic
stress disorder (PTSD)*®. Modeling regulated systems consolidation
in real-world scenarios thus requires a precise understanding of the
brain’s predictability estimation algorithm. Targeted experimental
tests of Go-CLS theory could avoid thisissue by focusing ontasks where
animals generalize accurately.

Go-CLS theory does not specify the biological mechanisms by
which memory consolidation should be regulated. Given the promi-
nent role of replay in existing mechanistic hypotheses about systems
consolidation”*, this would be a natural target for regulation® >,
One possibility would be that memory elementsreflecting predictable
relationships could be replayed together, while unrelated elements
areleft out orreplayed separately. Another would be that entire expe-
riences are replayed, while other processes (for example, attention
mechanisms enabled by the prefrontal cortex®™) regulate how replayed
events are incorporated into neocortical circuits that store gener-
alizations. Neuromodulators are also likely to have important roles.
Norepinephrine is hypothesized to represent unexpected changesin
the environment™, so it could cue the brain to re-estimate the predict-
ability of relationships in the environment. Acetylcholine is proposed
to promote memory encoding®®, suppress replay*’ and represent sto-
chasticity in the environment®. Acetylcholine could, therefore, enable
the hippocampus to preferentially encode memories of unpredictable
experiences, which would require long-term hippocampal memory
traces in Go-CLS theory. Intriguingly, dopamine is known to tag hip-
pocampal memories of rewarding experiences for enhanced replay and
consolidation®®**. It willbe important to determine if acetylcholine or
another neuromodulator can similarly tag memories of unpredictable
experiences for reduced replay and systems consolidation.

The proposed principle that the degree of predictability regu-
lates systems consolidation reveals complexities about the traditional
distinctions between empirically defined episodic and semantic
memories’. Most episodic memories contain both predictable and
unpredictable elements. Unpredictable coincidences in place, time
and content are fundamentally caused by the complexity of the world,
which animals cannot fully discern or model. Memorizing such unpre-
dictable events in the hippocampus is reminiscent of previous pro-
posals suggesting that the hippocampus is essential for incidental
conjunctive learning®, associating discontiguous items®!, storing
flexible associations of disparate and distinct elements®, relational or
configuralinformation® and high-resolution binding®*. However, our
theory holds that predictable components of these episodic memories
would consolidate separately to form semantic memories thatinform
generalization. We anticipate that psychologists and neurobiologists
will be motivated by the Go-CLS theory to test and challenge it, with the
long-range goal of providing new conceptual insight into the organiza-
tional principles and biological implementation of memory.
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Methods

Teacher-student-notebook framework

Please refer to the Supplementary Information for a detailed descrip-
tion of the teacher-student-notebook framework. The following
sections provide a brief description of the framework and simula-
tion details.

Architecture

Theteacher networkisusually alinear shallow neural network generat-
ing input-output pairs (x*, y*), u=1,-, P, through y* = wx* + &#, as
training examples. Componentsoftheteacher’sweightvector w,are
drawni.i.d.from &v(0, 62); components of the teacher’s input patterns,
x*,aredrawni.i.d. from N(0,1/N), where v is the input dimension and
&'isaGaussian additive noise drawni.i.d. from (0, 62). The SNR of the
teacher’s mapping is SNR = ¢2 /02 and we set ¢ + 02 = 1 to generate
output examples of unit variance. For the simulationsin Figs. 2-4, the
studentisalinear shallow neural network whose architecture matches
the teacher (both with input dimension =100 and output dimen-
sion =1). We relaxed this requirement in Fig. 5 to allow mismatch
between the teacher and studentarchitectures (Generative models for
diverse teachers). Components of the student’s weight vector, w, are
initialized as zeros (that is, tabula rasa), unless otherwise noted. The
notebook is asparse Hopfield network containing Mbinary units (states
canbeOor1,M=2,000-5,000 unless otherwise noted). Theinputand
output layers of the student network are bidirectionally connected to
the notebook with all-to-all connections.

Training procedure
Allsimulations were performed either using MATLAB (2019b) or Python
3. Training starts with the teacher network generating Pinput-output
pairs, with certain predictability (SNR), as described above. For each of
these Pexamples, the teacher activates the student’sinput and output
layers via the identity mapping; at the same time, the notebook ran-
domly generates abinary activity pattern, &, u=1,--, P, withsparsity a,
suchthatexactly aM units arein the ‘I’ state for each memory. At each
ofthe example presentations, all of the notebook-to-notebook recur-
rent weights and the student-to-notebook and notebook-to-student
interconnection weights undergo Hebbian learning (Supplementary
Information Section 1). This Hebbian learning essentially encodes &
as an attractor state and associates it with the student’s activation
Oy, foru=1,-,P

After all Pexamples are encoded through this one-shot Hebbian
learning, at each of the following training epochs, 100 notebook-
encoded attractors are randomly retrieved by initializing the notebook
with random patterns and letting the network settle into an attractor
state through its recurrent dynamics. Notebook activations are
updated synchronously for nine recurrent activation cycles, and we
found that each memory was activated with near uniform probability.
Onceanattractor isretrieved, itactivates the student’sinput and out-
putlayers through notebook-to-student weights. Because the number
of patterns is far smaller than the number of notebook units (P< < M)
in our simulations, the Hopfield network is well below capacity, and
most of the retrieved attractors were perfect recalls of the original
encoded indices. Thereactivation of the student’s output through the
notebook, #,isthencompared to the original output activated by the
teacher, )", tocalculate how well the reactivation resembles the original
experience, quantified asthe mean squared error. For error-corrective
learning, the student uses the notebook reactivated x*and j*. By com-
paring the student output thatis generated from the reactivatedinput,

y = wx”, and the reactivated student output for all P examples, the
N
student updates w using gradient descent with %Z:Zl@“ -3y asthe

loss function. The weight update follows:

Aw = learnrate x (Y)~(T - w)~()~(7),

where X and ¥ are the column-wise stacked matrix form of the 100
reactivated input and output data points, respectively. Training con-
tinues for 500-5,000 epochs, and learnrate ranges from 0.005to 0.1.
In our simulations, as long as learnrate is sufficiently small (0.1 or
smaller), the results stay qualitatively constant, and the main results
donotdepend on the specific choices of learnrate. The P, number of
additional teacher-generated examples, typically 1,000, is used to
numerically estimate the generalization error at each time step by
—ZP‘“‘ Oest — WXeest®). For some simulations, we have applied optimal
early stopping regularization, where we stop the training when the
estimated generalization error reaches aminimum.

Retrograde amnesia curves

We draw the following connections from network performance in
terms of mean squared error to memory and generalization scores,
whichare typically measured by behavior responsesin a task designed
totest memorization or generalization performances. When the stu-
dentweights are zero, the network error corresponds to chance perfor-
manceinatask, whichis typically set as the zero of amemory retrieval
metric. Astheerror decreases with training, the errorisrelated to the
memory retrieval score as follows: score = (E, - E,)/E,, where E stands
for memorization error or generalization error and the subscripts
0 and tindicate a zero weight student and a student at time ¢ during
training, respectively. Thisis stating that the memory retrieval score
at each time point is negatively correlated to the error at that time
and normalized into the range of 0 and 1, where O indicates chance
performance and 1indicates perfect performance. During memory
retrieval (or generalization), the system chooses whichever available
module has alower memorization error (or generalization error). To
simulate notebook lesioning at time ¢, the system starts to use only the
student for memory recall; in addition, the student’s memory score
will remain unchanged with time due to the lack of notebook-mediated
systems consolidation. In Fig. 3e, both the SNR and amount of prior
learning were varied to produce the diverse shapes of retrograde
amnesia curves. For the control simulation, SNR was set to «. For the
solid retrograde amnesia curves, SNR values were 0.01,0.1,0.3,1and
8.SNR was set to 50 for the dotted lines simulating the effect of prior
consolidation. Each line is a different simulation with the amount of
prior consolidation ranging from 8 epochs to 2,000 epochs (learn-
rate = 0.005). The student size was N =100 and notebook size was
M=5,000. For the varying SNR simulations, P=100, and for varying
prior consolidation simulations, P=300.

Generative models for diverse teachers

To explore different ways unpredictability can existin the environment,
we generalize the teacher-student-notebook model by relaxing the
linear and size-matched settings to allow for more complex teachers
as generative models for producing training data. For the nonlinear
teacher setting, a nonlinear activation function is applied to the lin-
ear transformation to generate the teacher’s output. A sine function
was chosen for the simulation in Fig. 5e. The corresponding noisy
teacher’s SNR is numerically determined from the complex teacher’s
nonlinearity, as detailed in Supplementary Information Section 10.
For the partially observable teacher, the input layer is larger than the
student’s, and the student can only perceive a fixed subregion of the
teacher input layer. The exact size of the partially observable teacher
is set to match the calculated equivalent SNR of the complex teacher.

Statistics and reproducibility

We provide code to reproduce all simulation results. We did not col-
lect any experimental data for this theoretical study. Therefore, no
statistical method was used to predetermine sample size, no data were
excluded fromtheanalyses, the experiments were not randomized and
the investigators were not blinded to allocation during experiments
and outcome assessment.
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Reporting summary
Furtherinformation onresearch designisavailablein the Nature Port-
folio Reporting Summary linked to this article.

Data availability

The MNIST®, CIFAR-10 (ref. 66) and Tiny ImageNet® datasets (used in
Supplementary Fig. 5) are publicly available from http://yann.lecun.
com/exdb/mnist/, https://www.cs.toronto.edu/~kriz/cifar.html and
https://www.kaggle.com/c/tiny-imagenet, respectively.

Code availability

Code reproducing the results is available at GitHub (https://github.
com/neuroai/Go-CLS_v2) and archived at Zenodo (https://doi.
org/10.5281/zenodo.7941122).

References

65. LeCun, Y., Bottou, L., Bengio, Y. & Ha, P. Gradient-based
learning applied to document recognition. Proc. IEEE 86,
2278-2324 (1998).

66. Krizhevsky, A. Learning Multiple Layers of Features from Tiny
Images (University of Toronto, 2009).

67. Deng, J. et al. ImageNet: a large-scale hierarchical
image database. In Proceedings of 2009 IEEE Conference
on Computer Vision and Pattern Recognition, pp. 248-255
(IEEE, 20009).

Acknowledgements

The authors would like to thank T. Behrens, B. Hulse, D. Kastner,

J. McClelland, B. Mensh, A.D. Redish, S. Romani and three referees
for helpful comments on the manuscript. The authors also thank
J. Kuhl for the illustrations and helpful discussions of the figures.
This work was supported by the Howard Hughes Medical Institute

(to N.S. and J.E.F.), the Janelia Visiting Scientist Program (to A.S.),
the Swartz Foundation (to M.A. and A.S.), a Sir Henry Dale Fellowship
jointly funded by the Wellcome Trust and the Royal Society
(216386/2/19/Z to A.S.), the Gatsby Charitable Foundation (to A.S.)
and the CIFAR Azrieli Global Scholars program (to A.S.). The funders
had no role in study design, data collection and analysis, decision to
publish or preparation of the manuscript.

Author contributions

W.S., A.S. and J.E.F. conceived the project. All authors contributed
conceptually to the theory. W.S. performed the simulations with
contributions from A.S. and J.E.F. M.A., A.S. and J.E.F. performed the
mathematical analysis of the network models. W.S., N.S., A.S. and J.E.F.
interpreted the results and wrote the paper.

Competinginterests
The authors declare no competing interests.

Additional information
Supplementary information The online version
contains supplementary material available at
https://doi.org/10.1038/s41593-023-01382-9.

Correspondence and requests for materials should be addressed to
Andrew Saxe or James E. Fitzgerald.

Peer review information Nature Neuroscience thanks Kenneth Norman
and the other, anonymous, reviewer(s) for their contribution to the
peer review of this work.

Reprints and permissions information is available at
www.nature.com/reprints.

Nature Neuroscience


http://www.nature.com/natureneuroscience
http://yann.lecun.com/exdb/mnist/
http://yann.lecun.com/exdb/mnist/
https://www.cs.toronto.edu/~kriz/cifar.html
https://www.kaggle.com/c/tiny-imagenet
https://github.com/neuroai/Go-CLS_v2
https://github.com/neuroai/Go-CLS_v2
https://doi.org/10.5281/zenodo.7941122
https://doi.org/10.5281/zenodo.7941122
https://doi.org/10.1038/s41593-023-01382-9
http://www.nature.com/reprints

nature portfolio

Corresponding author(s): James E. Fitzgerald, Andrew Saxe

Last updated by author(s): May 7, 2023

Reporting Summary

Nature Portfolio wishes to improve the reproducibility of the work that we publish. This form provides structure for consistency and transparency
in reporting. For further information on Nature Portfolio policies, see our Editorial Policies and the Editorial Policy Checklist.

>
QD
Y
(e
=
)
§o;
o)
=
o
=
_
D)
©
o)
=
S
Q@
wv
(e
=
S}
Q
<L

Statistics

For all statistical analyses, confirm that the following items are present in the figure legend, table legend, main text, or Methods section.

Confirmed

>
~
Q

The exact sample size (n) for each experimental group/condition, given as a discrete number and unit of measurement
A statement on whether measurements were taken from distinct samples or whether the same sample was measured repeatedly

The statistical test(s) used AND whether they are one- or two-sided
Only common tests should be described solely by name; describe more complex techniques in the Methods section.

A description of all covariates tested
A description of any assumptions or corrections, such as tests of normality and adjustment for multiple comparisons

A full description of the statistical parameters including central tendency (e.g. means) or other basic estimates (e.g. regression coefficient)
AND variation (e.g. standard deviation) or associated estimates of uncertainty (e.g. confidence intervals)

For null hypothesis testing, the test statistic (e.g. F, t, r) with confidence intervals, effect sizes, degrees of freedom and P value noted
Give P values as exact values whenever suitable.

For Bayesian analysis, information on the choice of priors and Markov chain Monte Carlo settings

For hierarchical and complex designs, identification of the appropriate level for tests and full reporting of outcomes

XXX X [JXKX X XIKX
Oo04d o0 X oOodoogd

Estimates of effect sizes (e.g. Cohen's d, Pearson's r), indicating how they were calculated

Our web collection on statistics for biologists contains articles on many of the points above.

Software and code

Policy information about availability of computer code

Data collection  All simulations are written in Matlab (R2019b) and Python 3. Code reproducing the results is available at https://github.com/neuroai/Go-
CLS v2
Data analysis Analysis were performed using Matlab (R2019b) and Python 3.

For manuscripts utilizing custom algorithms or software that are central to the research but not yet described in published literature, software must be made available to editors and
reviewers. We strongly encourage code deposition in a community repository (e.g. GitHub). See the Nature Portfolio guidelines for submitting code & software for further information.

Data

Policy information about availability of data

All manuscripts must include a data availability statement. This statement should provide the following information, where applicable:

- Accession codes, unique identifiers, or web links for publicly available datasets
- A description of any restrictions on data availability

- For clinical datasets or third party data, please ensure that the statement adheres to our policy

The MNIST, CIFAR-10 and Tiny ImageNet datasets are publicly available from
http://yann.lecun.com/exdb/mnist/, https://www.cs.toronto.edu/~kriz/cifar.html
and https://www.kaggle.com/c/tiny-imagenet, respectively.




Human research participants

Policy information about studies involving human research participants and Sex and Gender in Research.

Reporting on sex and gender N/A

Population characteristics N/A
Recruitment N/A
Ethics oversight N/A

Note that full information on the approval of the study protocol must also be provided in the manuscript.

Field-specific reporting

Please select the one below that is the best fit for your research. If you are not sure, read the appropriate sections before making your selection.

|X| Life sciences D Behavioural & social sciences |:| Ecological, evolutionary & environmental sciences

For a reference copy of the document with all sections, see nature.com/documents/nr-reporting-summary-flat.pdf

Life sciences study design

All studies must disclose on these points even when the disclosure is negative.

Sample size This is a theoretical study with most simulations performed using analytical solutions; therefore sample size does not apply to these results.
For numerical simulations, the simulation curves were averages of 10-50 independent runs.

Data exclusions  No data were excluded.
Replication All the numerical simulation results were consistent across independent simulations.

Randomization  Given all results are either analytical or numerical computer simulations, no randomization is needed, other than using different random
seeds.

Blinding No blinding was needed for this purely theoretical/computational study.

Reporting for specific materials, systems and methods

We require information from authors about some types of materials, experimental systems and methods used in many studies. Here, indicate whether each material,
system or method listed is relevant to your study. If you are not sure if a list item applies to your research, read the appropriate section before selecting a response.

Materials & experimental systems Methods
Involved in the study n/a | Involved in the study
|:| Antibodies IZI |:| ChlIP-seq
|:| Eukaryotic cell lines |:| Flow cytometry
D Palaeontology and archaeology |Z| D MRI-based neuroimaging

D Animals and other organisms
D Clinical data

D Dual use research of concern

MNXXXNXNX s

>
QD
Y
(e
=
)
§o;
o)
=
o
=
D)
©
o)
=
S
Q@
wv
(e
=
S}
Q
<L




	Organizing memories for generalization in complementary learning systems

	Results

	Formalizing systems consolidation

	Generalization-optimized complementary learning systems (Go-CLS)

	Relating Go-CLS to diverse experimental results

	Normative benefits of complementary learning systems for generalization

	Many facets of unpredictability


	Discussion

	Online content

	Fig. 1 Neural network model of systems consolidation.
	Fig. 2 The predictability of experience controls the dynamics of systems consolidation.
	Fig. 3 Go-CLS mirrors memory research findings.
	Fig. 4 Normative benefits of complementary learning systems for generalization.
	Fig. 5 Many forms of unpredictability demand regulated systems consolidation.




