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Humans and animals have a striking ability to learn relationships between
itemsin experience (such as stimuli, objects and events), enabling
structured generalization and rapid assimilation of new information.

Afundamental type of suchrelational learning is order learning, which
enables transitive inference (if A>B and B > C, then A > C) and list linking
(A>B>CandD >E > Frapidly ‘reassembled’intoA>B>C>D>E>F
uponlearning C > D). Despite longstanding study, a neurobiologically
plausible mechanism for transitive inference and rapid reassembly

of order knowledge has remained elusive. Here we report that neural
networks endowed with neuromodulated synaptic plasticity (allowing

for self-directed learning) and identified through artificial metalearning
(learning-to-learn) are able to perform both transitive inference and list
linking and, further, express behavioral patterns widely observed in humans
and animals. Crucially, only networks that adopt an ‘active’ solution, in
whichitems from past trials are reinstated in neural activity in recoded form,
are capable of list linking. These results identify fully neural mechanisms
forrelational learning, and highlight a method for discovering such

mechanisms.

How do we gain broad knowledge from limited experience? Humans
and animals cangeneralize and learn rapidly from limited experience,
yet how these abilities are implemented in the brain remains an open
question'. A possibly fundamental basis is the learning of relations
betweendifferent experiences (suchas ‘stronger than’, ‘next to’, ‘same
as’ and ‘part of”) because relations specify a particular structure for
subsequent generalization and inference. Additionally, such relational
learningis thought to enable the construction and rapid modification
ofinternal models of the world—variously termed ‘relational memory’,
‘schemas’ and ‘cognitive maps’—which are increasingly recognized as
essential to cognition®’.

One fundamental type of relational learning is order learning,
whichis broadly applicable to arange of concepts such as space, time,

rank and number®’. Critically, understanding order confers the abil-
ity to perform transitive inference, the ability to infer relative order
between items not previously observed together. For example, after
learningto choose between two stimulithat are ‘adjacent’inanunderly-
ingordered series—or ‘list’(A>B,B > C,C > D, etc., where ‘>’ designates
‘chosen over’)—humans and animals can choose correctly on ‘nonad-
jacent’ pairs not previously seen (A > C, B> D, etc.). Transitive infer-
ence has been observed in a wide range of species including humans,
monkeys, rodents, birds and insects®®,

Remarkably, animals and humans can also rapidly learn a global
ordering across separately learned lists, when presented with limited
new information. That is, after separately learning lists (for example,
A>B>CandD >E >F), participants that learnalinking pair (here C > D)
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Fig.1| Tasks, model and overall performance. a, Schematic of task paradigms.
Letters (A, B, C, etc.) refer to arbitrary stimuli (items). In transitive inference,
participants learn to choose between ‘adjacent’ pairs of items (such as B over
C)inaccordance with an underlying ordering (list) and are subsequently tested
onnonadjacent pairs (suchas Cover F). Inlist linking, participants first learn

to choose between adjacent pairs of items within two separate lists (such as A
toDand EtoH), thenencounter a‘linking pair’ (here D versus E), after which
participants are tested on across-list pairs (such as B versus F). b, Table of trial
types. Each trial type is defined by the pair of items presented in the trial (identity
ofitem1anditem 2). The correct choice is the higher-ranked item (item 1 versus
item 2). ¢, Trial structure. Each trial is composed of four time steps as follows:
stimulus presentation (stimulus), response (choice), feedback signal (reward)

and delay. For illustration, each step is depicted as would be presented in a
real-world experiment, with random fractal images as items; actual stimuliare
binary vectors, randomly generated for each episode. d, Episode structure.
Each episode consists of 20 trials with only adjacent pairs, followed by 10 trials
with all possible pairs. Plastic weights are reset between episodes. e, Schematic
of the neural model. The modelis a recurrent network augmented with plastic
weights controlled by self-generated neuromodulation. See ‘Main’ and Methods
for full description. f, Model performance across metatraining. Plotted is

the mean performance on the last ten trials of episodes (30,000 total) for 30
separate metatraining runs. Curves smoothed with a boxcar filter of width 10.
Here two runs show consistently lower performance, suggestive of a different
task solution.

can then immediately infer across-list pairs (for example, B > E). This
ability, known as ‘list linking”*'°, demonstrates not only rapid assimi-
lation of new information but also the fast ‘reassembly’’ of existing
knowledge—after the presentation of the linking pair, participants
must somehow reorganize their existing representations of previously
learned listitems not in the linking pair.

Numerous models of order learning have been proposed to explain
transitive inference and list linking (see refs. 8,11 for reviews). How-
ever, currently, no biologically plausible neural model of order learn-
ing reproduces the various behavioral patterns commonly reported
in experimental work". Recent experimental findings suggest that

relational learning reorganizes neural representations of linked items,
potentially enabling inferential responses asa result'>'?, but leave open
the question of how this reorganization occurs. Inmodeling work, neu-
ral networks canbe explicitly trained (through an artificial optimization
algorithm)tolearnagiven list or set of lists, including list linking; these
networks exhibit internal representations and behavioral patterns
consistent with experimental results'®™*, However, because these
approaches use hand-designed, nonbiological learning algorithms
(usually based on backpropagation), or leave the learning process
largely unspecified, they do not explain how order learning can be
implemented in biologically plausible neural processes.
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To address this challenge, here we take a different approach—
rather than use a prespecified learning algorithm to train a neural
system on one (or several) particular lists, we instead metatrain a
learning neural systemto be able to learn arbitrary new lists. Building
upon previous work in metalearning, or ‘learning-to-learn”**°, we
metatrained neural networks endowed with biologically plausible
(Hebbian) synaptic plasticity and self-controlled neuromodulation.
These networks are able to actively modify their own connectivity
in response to external input (such as sensory stimuli and rewards),
thereby enabling autonomous, self-directed learning across trials.
Importantly, the learning algorithm that these networks employ is not
manually specified inadvance, butinstead entirely ‘discovered’ by the
metatraining process.

Results

Model overview

We metatrain a recurrent neural network, endowed with synaptic
plasticity and neuromodulation, to be able to autonomously learn
anarbitrary implicit serial order for a set of arbitrary stimuli, over the
course of several trialsin which pairs of stimuli are presented, following
the classic paradigm of transitive inference®* . Schematics of the task
and model are shown in Fig. 1a-e.

Thetaskis organizedinto episodes, each of whichis composed of
anumber of trials (Fig. 1b—d).Ineach episode, the agent is tasked with
learning an implicit ordering over completely new random stimuli
(items A, B, C, etc.; Fig. 1a). The stimuli are high-dimensional binary
vectors (size =15; we obtained similar results with one-hot vectors),
randomly generated anew for each episode. The number of items in
thelisttobelearned varies fromepisode to episode between four and
nine (inclusive); all results below use eight items. Each episode consists
of 30 trials, where each trial consists of the simultaneous presentation
oftwo stimuli, abinary response by the agent (chooseitem1oritem2),
and abinary feedback signal R(¢) indicating whether the response was
correct or not (that is, whether the chosen stimulus was in fact the
higher ranking of the two in the overall ordering).

The first 20 trials of an episode include only adjacent pairs, that
is, pairs of stimuli with adjacent ranks in the series. The last ten trials
include all possible pairs (excluding identical pairs such as AA or BB),
unless specified otherwise. Performanceinagiven episode is assessed
asthe proportion of correct responses over the last ten trials.

Within each episode, the agent undergoes synaptic changes
(plasticity), gated by a self-generated modulatory signal (Fig. 1e and
Methods). From these synaptic changes, a successful agent would be
able to learn the correct ordering of all stimuli over the course of the
episode. Togenerate suchagents, after each episode, we apply gradient
descenttothestructural parameters of the network (the base weights
and plasticity parameters, as well as other parameters; see below), to
improve within-episode plasticity-based learning. The loss optimized
bygradient descentis the total reward obtained over the whole episode.

The gradients are computed by a simple reinforcement learning
algorithm, namely, Advantage Actor Critic (A2C)%, which is readily
interpretable as modeling dopamine-based learning in the brain. See
Methods and Supplementary Note 5 for details.

Metalearning discovers solutions for transitive inference

Across multiple runs, the metatraining procedure described above
consistently generated a high-performing learning agent (Fig. 1f).
Subsequent analysis of trained networks indicated that all runs that
reach the higher performancelevel yield a similar solution, whichis pre-
sented below. Interestingly, some runs yielded agents that performed
atrelatively lower levels (Fig. 1f, gray traces), suggestive of a different
solutionin these agents. We return to these lower-performing agents
in a subsequent section (‘A suboptimal solution cannot perform list
linking’); in the following sections, we analyzed a single network rep-
resentative of the higher-performing agents (unless stated otherwise).
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Fig. 2| Reproduction of experimentally observed behavioral patterns.

a, Performance (% correct) by trial type. Trial types (item pairs; Fig. 1b) are
arranged according to the difference in rank between items (‘symbolic distance’).
Network responses were taken exclusively from the last ten trials of episodes,
and for 2,000 separately run episodes split into ten subsets of 200 episodes
each. Solid lines and shaded areas indicate median and interquartile range of
mean performance for each pair across subsets. Note the higher performance
for higher symbolic distance pairs (symbolic distance effect), and higher
performance for pairs that include highest- or lowest-ranked items (here A

or H (end-anchor effect)). b, Experimental data from monkeys (redrawn with
permission from Brunamonti et al. (Fig. 1 of ref. 22)), displaying the same
behavioral patterns (mean and s.e. of the mean for success rate over 30 sessions,
eachwith atleast 14 test trials for each pair, for either participant). See also Fig. 2
of ref.11and human datain Supplementary Fig. 5 of ref. 14.

Metatrained networks reproduce experimentally observed
behavioral patterns

Toassess the behavior of asuccessful learning network, weranasingle
episode (20 learningtrials with only adjacent pairs, followed by 10 test
trials with all possible pairs) with eight stimuli (A to H) randomly gen-
erated for that episode. Figure 2areports performance on the last ten
(test) trials of this episode, separately for each pair, with pairs arranged
according to ‘symbolic distance’, thatis, the absolute difference in rank
betweenitemsin the pair.

The network expressed two classic behavioral patterns charac-
teristic of humans and animals in transitive inference experiments®".
First, we observed the so-called symbolic distance effect®*'0"*—
performance is higher for the pairs with higher symbolic distance
(upwardtrend from left toright, Fig. 2a; compare with Fig. 2b, showing
monkey experimental data). In particular, performance is the low-
est for adjacent pairs (AB, BC, etc.). This effect is especially notable
because the first 20 trials involve only adjacent pairs (as done in
experiments, serving as a ‘training set’ for the task)—performance
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Fig. 3 | List-linking performance and comparison to experimental data.

a, Performance (% correct) by trial type for episodes testing list linking. The
network was presented with trials for learning ABCD, EFGH and DE, then tested
onasingle trial of any type (any item pair). Performance was measured solely for
the final test trial. Conventions are the same as in Fig. 2. Note the relatively lower
performance for pairs immediately adjacent to the linking pair (here CD and
EF), as reported in experiments’. b, Performance in unlinked (‘sham’) condition.

Instead of the linking pair DE, the network was presented with EF. ¢, Symbolic
distance effect across lists, in linked and unlinked (‘sham’) conditions. Data
arethe same asinaandb. Note that the linked condition produces a symbolic
distance effect that is largely monotonic, while the sham condition (unlinked)
produces abumpin error for intermediate symbolic distances. d, Monkey
experimental data, following the basic conventionsinc, fromref. 24. See also
Fig. 4b of ref. 10 for human experimental data.

isthus worse on the ‘training set’ compared to the ‘test set’, contrary
to standard expectation.

Second, we observe an end-anchor effect®"**?? (also known as
‘serial position effect’)—performance is consistently higher for item
pairsthatinvolve the highest- or lowest-ranked items rather than other
pairs of equivalent symbolic distance (for example, performance on AC
and FHis higher than performance on CE or DF). This effectisseenasaU
shape for sets of pairs of the same symbolic distance (Fig. 2a compared
with Fig. 2b; refs. 8,11). Thus, the network successfully demonstrates
transitive inference and reproduces behavioral patterns consistently
observed in animal and human experiments.

Notably, inadditional experiments, we found that the network is
robust to so-called ‘massed presentation’ of one single pair, which is
known to disrupt performancein certainlearning models of transitive
inference but not in living subjects'* (see Supplementary Note 9
for details).

Metatrained networks rapidly reassemble existing knowledge
Monkeys and humans can rapidly ‘link’ separately learned lists after
learning an item pair relating the two lists. That is, after learning
A>B>C>DandE>F>G>Hseparately,and thenlearning D > E, they
can quickly infer ordering across the entire jointlist (C > F, B > G, etc.)*™.
Thislistlinking ability implies that the presentation of a pair can affect
the subjective ranking notjust of itemsin the linking pair (here D and E)
butalso of other previously learned items not shownin the current trial.
Weranthe metatrained network on ten trials using adjacent pairs
from ABCD, then ten trials using adjacent pairs from EFGH, and then

finally four trials with D and E. Then we estimated performance on a
single ‘test’ trial, which could use any pair from the whole ABCDEFGH
ordering. This was repeated over 2,000 runs, again with different
randomly generated stimulifor each run. Results for the last ‘test’ trial
are shown in Fig. 3a. Examination of performance on pairs including
items fromboth sublists (for example, CE, CF, BG, etc.) confirmed that
the network successfully linked the two lists into a coherent global
ordering. Interestingly, performance was consistently poor for the
pairs immediately adjacent to the linking pair, especially from the
earlier-learned list (here CD), a pattern reported in monkey experi-
ments (Table 2 of ref. 9).

A control experiment in which a different, nonlinking pair (EF)
was shown for one trial only (instead of four trials with the linking
pair DE, as above) produced no evidence of list linking (unlinked or
‘sham’ condition; Fig. 3b). In this case, performance was far below
chance on pairs consisting of items whose rank within their respec-
tive lists conflicted with their overall rank in the global list (for exam-
ple, for pair CE, E has high rank within its own list EFGH, while C
has low rank within-list ABCD, yet C is higher than E in the overall
combined list ABCDEFG). This suggests that the rank of anitem gen-
eralizes across unlinked lists; such transfer of rank across lists is also
observed in experiments'**. This effect produces a characteristic
bump in error rate for intermediate symbolic distances with non-
linked lists but not with linked lists (because pairs where within-list
and across-list ranks conflict are more likely to have intermediate
symbolic distance), which the metatrained network also reproduces
(Fig.3c,d).
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Fig. 4| A simple representational scheme for transitive inference. Neural
activity taken from trial 20 (first trial with nonadjacent pairs) across 2,000
separately run episodes (items generated independently for each episode).

a, Principal component analysis (PCA) of neural activity. Each data point
corresponds to r(¢) at time step 2 of anindividual trial. All plots show the same
data, colored according to different trial type categories. Left, network response
(chooseitem1vs. chooseitem 2); middle-left, correct choice (item1versusitem
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2); middle-right, correct versus incorrect; right, identity of item 1 (only four items
shown for clarity). Note that PClis aligned with w,, and effectively distinguishes
between the different responses of network (left). b, Encoding of item rank.
Alignment (correlation) of each item’s step 2 neural representation ¢,,(X) with
the output weight vector w,,.. Mean + s.d. over episodes. Note the monotonic
ordering (ranking) ofitems.

Neural mechanisms of transitive inference

A simple representational scheme for transitive inference

To understand the trained network’s operation, we first examined
network activity with principal component analysis (PCA). r(t) is the
vector of neural activity atagiven time (one element per neuron; Meth-
ods). We observed that the first principal component (PC1) of network
activity r(¢) at time step 2 of trial 20 (the last trial with adjacent-only
pairs) is strongly aligned with the vector of output weights w,,., with
correlationr> 0.9 (Fig. 4, left). Asshown by the segregation of trials by
the network’s choicein Fig. 4a (red vs. blue points, left), position along
this axis largely determines the network’s choice response across trials.
Thisis asexpected because network responseis read as the projection
of r(t=2) onto output weights (Methods).

Further, we found that r(¢ =2) did not appear to contain informa-
tion about the identity or rank of either individual item in the pair.
Using various classification methods, we failed to reliably decode the
rank of either the first or the second item from neural data at step 2
(Supplementary Fig. 5). Furthermore, neural activity vectors were
not consistently separated by the rank of the first item (Fig. 4, right).

To understand how pairs of items are represented, we first exam-
ined the representations of isolated single items. We presented each
stimulus Xe (A, B, C, D, E, F, G, H) to the network as item 1in isolation
(not paired with any other) and observed the resulting neural activity
r(¢) attime steps1and 2. When showing item Xinisolation, we denote
r(¢=1) withthe symbol ¢, (X) (the feedforward, step 1representation of
X, determined solely by the fixed, nonplastic input weights) and r(¢ = 2)
withthe symbol ¢, (X) (thelearned, step 2 representation, produced by
applying one step of recurrence through the learned, plastic weights
to P, (X), and which determines the network’s response for this trial).

We found that the plasticity-learned representation ¢,,(X) of each
stimulus X aligns with the network’s decision axis (the output weight
vectorw,,) inproportiontoitemrank. Thatis, §,,(4) has large positive
correlationwithw,,,, g,,(H) has large negative correlation withw,,and
intermediate items follow a monotonic progression (Fig. 4b).

In the actual task, stimuli are not presented in isolation, but in
pairs. How are those learned representations of single items com-
bined to represent pairs of items? Examining input weights W,,, we
found that the input weights for the two itemsin the pair (that s, items
1and 2; Fig. 1e) are strongly anticorrelated (r=-0.9). As aresult, a
given item’s representation when shown as item 2 is essentially the
negative of its representation when shown as item 1. Therefore, when
apair of items (X, Y) is presented as input, the network automatically
computes a subtraction between the representations of both items
(r(t=1) = P, (X) — P4(V). At the next time step, application of the
recurrent weights approximately transforms this subtraction into
P, (X) —P,(Y) (neglecting the nonlinearity). Because P, (X)’s alignment

with the output weight vector w,, is proportional to item rank, the
alignment of r(t =2) = ¢,,(X) — P,,(Y) with w,,,, which determines the
network’s response, is proportional to the difference in rank between
itemsXandY.

Thisscheme provides a simple, intuitive mechanism for transitive
inference—once the correct representation ¢, (X) for each individual
item X has been learned, the subtractive operation immediately gen-
eralizes to nonadjacent pairs. Furthermore, more distant pairs imply
alarger differenceinthe projection of either individual item along the
decision axis; this suffices to cause a symbolic distance effect, where
more distantitem pairs are more accurately judged. A similar subtrac-
tive process has also been observed in models trained by abstract
algorithms®™,

Wenote that the anticorrelated input weights for the twoitemsin
a stimulus pair were not specified by design, but emerged as a result
of metatraining. We also note that these anticorrelated inputs are not
strictly necessary for success—similar performance and abilities are
obtainedif W,,is frozentoitsinitial random values (not updated during
metatraining) instead (Supplementary Note 6).

Representation learning

How does the metatrained network learn such order-encoding rep-
resentations over the course of an episode? To investigate this how,
we first assessed the dynamics of the neuromodulatory output m(¢)
as this output is a simple, one-dimensional signal with a critical role
in the network’s learning (Methods). As shown in Fig. 5a,b, across tri-
als, m(t) at time step 3 (corresponding to the time of reward delivery
for this trial) is consistently negative, regardless of reward received.
By contrast, m(t) at time step 4 (corresponding to the delay between
trials) is strongly dependent on reward received at time step 3, being
highly negative for negative rewards (incorrect trials) but positive or
near zero for positive rewards (correct trials; Fig. 5c). This suggests
that neuromodulatory outputs at time steps 3 and 4 of a given trial
have different rolesinlearning.

We then examined changesin the plastic weights (and the resulting
representations) at each successive time step of a trial. Reasoning that
error trials would be most usefulin clarifying how the network learns,
we selected runs in which the network sees the pair DE or ED at trial
20, but not in any previous trial (we focus on DE for illustration only;
similar results hold for other pairs; Extended Data Fig. 2). This presen-
tation of a new pair of items with intermediate ranks, not previously
encountered, invariably leadsto an erroneous responsein this trial. At
this stage, the network has only encountered D and E as the lowest- and
highest-ranked items, respectively, within two separate sublists (A-D
and E-H) misrepresenting their true order, D > E. We sought to char-
acterize the actual representational changes resulting fromthis error.
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Fig. 5| Two distinct patterns of neuromodulation. a, Neuromodulatory output
m(t) and reward signal R(t) for four example episodes (each episode having
independently generated items). For clarity, m(¢) is plotted as O for the first two
time steps of each trial, whenits valueisirrelevant (‘Main” and Methods). Each
‘spike’in the black (reward) curve corresponds to the reward delivered at step
t=3of onetrial (positive or negative). b, Expanded view of trials 4-8 from the

top-right examplein a. Note how m(t =3) (red circle) is consistently negative
independently of reward sign, while m(t=4) (red cross) is negative for negative
rewards and positive or near O for positive reward. ¢, Violin plot of m(¢ =3) and
m(t=4)foranearly trial (trial 5) across 2000 separately run episodes, shown
separately for correct (reward = +1) versus incorrect (reward = —1) responses.

In particular, we computed the network’s learned (step 2) repre-
sentations of each isolated item ¢,,(X). Moreover, we computed this
representation across time in the trial, using frozen plastic weights
P(t) extracted at each of the four successive time steps (of trial 20).
This allowed us to observe §,,(X) as it was represented by the network
at each specific time step of the trial. Then, we computed the cor-
relation of each of these successive representations with the output
weight vector w,,,, as in Fig. 4b, thereby enabling us to observe how
the network’s estimated rank of item X changes across time steps as a
result of plasticity (Fig. 6, top row).

We found that plasticity in step 3 (when the reward signal is deliv-
ered to the network) produces small weight changes restricted toitems
DandE (Fig. 6, bottom row, third column). By contrast, step 4 produces
not only relatively larger changes for items D and E, but, crucially, a
substantial change (of appropriate sign) for items Cand F (Fig. 6, bot-
tomrow, fourth column), neighboringitems not presented in the trial.
This extension of representation changes to additional items serves to
‘reassemble’ previously separate orderings into a single global order-
ing (Fig. 6, top row, compare right (step 4) and middle-right (step 3)),
consistent with the network’s ability to perform list linking.

Reinstatement of recoded representations supports learning
How do these plastic changes occur mechanistically? In the model,
plasticity at time step k can only access activity over the preceding two
time steps (equations (5) and (7)). This appears to pose a problem, as
stimuliare presented at time step 1, yet the crucial plasticity (as shown
above) occurs at time step 4. This problem implies that the network
cansomehow reinstate representations of relevant stimuli (including
nonpresented items) at time step 2, thus enabling the appropriate
plasticity to take place at time step 4.

However, in initial analyses, we failed to find reinstatement of
original (feedforward) stimulus representations. Feedforward rep-
resentations ¢, (X) were strongly present in neural activity at time
step1(thatis, uponstimulus presentation), asexpected, but were not
found at time step 2 or any other time step (Fig. 7a). Thus, the delayed
learning at time step 4 observed in Fig. 6 did not involve reactivation
(or persistence) of the original stimulus representations.

Could this lack of reactivated representation reflect a different
kind of representation? We considered that the network is not uni-
formly plastic—each connection has a different baseline nonplastic
weight W;;and a different plasticity coefficient A;;. Therefore, to pro-
duce the appropriate synaptic changes through Hebbian plasticity,
therelevant reinstated representations should not be identical to the
original (feedforward) representation of each item ¢, (X). Rather, such
plasticity would involve recoded versions of these representations,
which would produce appropriate learning (that is, ensure that Heb-
bian learning adjusts learned representations of the relevantitemsin
the correctdirection along the decision axis) when takinginto account
the heterogeneous plasticity across individual synapses.

Toidentify these putative recoded representations, we designed
anoptimization-based procedure that capturesthe above hypotheses
(Supplementary Note 8). This procedure yielded a predicted recoded
version of the feedforward representations (,(X)), which we termed
P, (X), and of the decision axis (W,,,), which we termed W,,;.

Wefoundthat therelevantitemsareindeed representedin neural
activity, in the predicted recoded forms §,(X), precisely at time step
2and withappropriate signs. Figure 7b shows the correlationbetween
r(¢) and the predicted recoded feedforward representations ¢, (X) of
all items, for each step of trial 20, again using only runs in which the
pair shown at trial 20 was either DE or ED. Critically, in addition to
current-trial items (D and E), neighboring items (C and F) are also
reinstated. Furthermore, we found that therecoded representation of
the decision axis (output weight vector) is represented specifically at
time step 3, with the same sign as the network’s response for this trial
(Extended Data Fig. 3 and data for other pairs is shown in Fig. 8).
Together with the error-selective m(t) signal at t = 4, and neuromodu-
lated Hebbian learning as governed by equations (5) and (7), this suf-
ficesto explaintheshiftinlearned step 2 representations of the above
items in the appropriate direction, as observed in Fig. 6 (Supplemen-
tary Notel).

Importantly, the recoded representations §,,(X) are markedly
different fromthe original representations evoked by the actual stimuli
P, (X). Correlation between §,, (X)and ¢,,(X) for any item X was consist-
ently below 0.1in magnitude, and could be of either sign. This clarifies
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Fig. 6 | Presentation of an item pair alters representations of nonpresented
neighboringitems. Activity taken from network when presented with pair DE
or ED for the first time at trial 20, over 1000 separately run episodes. Top row,
encoding of items across time steps. Plotted is the alignment (correlation) of
eachitem’s step 2 (learned) representation §,,(X) with the output weight vector
W, Bottom row, changes in alignment from one time step to the next (that is,
difference between each top-row plot over time steps). Plots show mean +s.d.
over episodes. Note that most learning occurs in step 4 (delay step); further, note
thatlearning affects the representation of not only the pair presented in the trial
(DE), but also neighboring items that were not shownin the trial (Cand F). No
weight changes occurin steps1and 2 due toreset of activations at the start of
trials (Methods).

why we did not find reactivation of the original stimulus representa-
tions (Fig. 7a). Therefore, reinstated representations that support
delayed learninginthe network are not generally similar to the original
feedforward representations, although they contain the appropriate
information toenablelearning for the corresponding items (Discussion
and Supplementary Note 8).

Joint reinstatement of adjacent stimuli requires the model to
identify whichitems are adjacent to one another. How is this learned?
We found that the relevant learning occurs at time step 3, correspond-
ing tothe small, reward-independent spike in m(t = 3) previously seen
(Fig.5). This modulatory spike induces Hebbian learning between the
feedforward representations of item pairs presented at time step 1,
andthese pairs’reinstated, recoded representations at time step 2. The
resultis that future presentations of either itemin the pair willinduce
reinstatement of the other item. Since stimuli up to trial 20 are always
comprised of pairs of adjacentitems, this learning mechanism explains
joint reinstatement of adjacent stimuli (Fig. 7b). Importantly, the con-
sistently negative sign of m(t = 3) ensures that this joint reinstatement
occurswithacommonsign. See Supplementary Note 4 for details and
additional experiments.

A more precise step-by-step summary of the discovered neural
algorithm is provided in Supplementary Note 1. We also evaluated a
non-neural, toy-model implementation of the algorithm, verifying that
this overall algorithm suffices to produce appropriate representations
within an episode (Supplementary Note 2).

A suboptimal solution cannot perform list linking

Asmentioned earlier (‘Metalearning discovers solutions for transitive
inference’), the metatraining process sometimes yields networks that
perform at a substantially lower level (Fig. 1f, gray traces), suggesting
that these networks implement a different learning method. Indeed,
analysis of these networks revealed an alternative solution to order
learning, based on simple reward-modulated Hebbian learning: neu-
romodulatory output m(¢t) was strongly sensitive to reward at t =3
(reward delivery time; Supplementary Fig. 9). As denoted in equation
(7), this signal automatically modulates Hebbian learning between

feedforward iteminput (at step 1) and response (at step 2). Represen-
tation learning only appears to occur at time step 3 (reward delivery
time; Supplementary Figs. 10 and 11). Finally, we note that after the
first several trials, step 3 learning in these networks only occurred in
incorrect trials (negative rewards).

This ‘passive’, nonreinstating Hebbian solution was capable of
passable transitive inference, yet, tellingly, failed to performlist linking
(Extended DataFig.1), unlike the ‘active’, cognitive solution described
previously. As the passive solution only involves current-trial infor-
mation, it is unable to rapidly modify representations of items not
currently presented (knowledge ‘reassembly’). See Supplementary
Note 11 for details.

Discussion

Inthis study, we metatrained neural networks, endowed with synaptic
plasticity and neuromodulation, in a classical transitive inference task
paradigm. The metatraining process consistently produced networks
that were capable of learning arbitrary orderings for transitive infer-
ence, and, further, that reproduced multiple important experimen-
tally observed behaviors (symbolic distance effect, end-anchor effect,
cross-list rank transfer, resistance to massed presentations). To our
knowledge, these networks are the only neural models described thus
farto doso.

Surprisingly, despite the simplicity of the networks, the learning
mechanism employed (as discovered by the metalearning process)
relied on a cognitive act—relevant previous stimuli were actively and
selectively reinstated in neural activity (in recoded form), enabling
trial-delayed (temporally remote) changes in their representations.

As a result of this reinstatement, and despite not being explic-
itly trained to do so, this solution was able to perform list linking,
a task paradigm of fast knowledge reassembly'® (observed in both
monkeys®**?* and humans'®), moreover reproducing experimentally
observed patterns of errors (Fig. 3 and ref. 9).
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Fig.7|Metatrained networks reinstate item representationsin arecoded
form. Activity taken from network when presented with pair DE or ED for the first
time at trial 20, over separately run episodes (DE, 136 episodes and ED, 142
episodes). a, Original stimulus representation. Alignment (correlation) between
neural activity r(¢) and stimulus-evoked representations of individual stimuli
(g,), acrossitems and time steps. b, Recoded stimulus representation. Same
calculation as a, but using §,; (putative recoded representations found via
optimization; Supplementary Note 8). The network expresses recoded
representations of D and E at time step 2, doing so with opposite sign depending
onwhether theitemisitem1oritem 2. Critically, neighboringitems (Cand F,and
less strongly Band G) are also reinstated in recoded form and with appropriate
signs. All plots indicate mean + s.d. over episodes.
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Recoded stimulus representations

AB BA BC CB CD DC DE ED EF FE

Pair shown in trial 20

FG GF GH HG

Fig. 8| Reinstating recoded stimulus representations—additional item pairs.
Alignment (correlation) between r(t) and §, (X) for all items at time step 2 of trial
20. Values were averaged across all 2,000 separately run episodes. Note that data
for DEand ED are the same as in Fig. 7b for time step 2.

By contrast, a minority of the resulting networks learned order
through simple reward-modulated Hebbian learning, applied toimme-
diate stimuli, responses and rewards. This ‘passive’, nonreinstating
solution was still capable of passable transitive inference at test time,
suggesting that transitive inference stricto sensu (which James once
called ‘the broadest and deepest law of man’s thought™ (p. 646)) does
not require advanced cognition®. Importantly, however, this nonrein-
stating solution was not capable of performinglist linking (Supplemen-
tary Fig. 9). This striking difference between the metatrained models
echoes differences in list-linking (and order learning) ability across
animal species®® and human participants'®, and, further, is apropos
to the inability of classical learning models to perform list linking®",

The reinstatement found in the dominant solution is reminis-
cent of neural activity that appears to reflect reactivation of memory
traces, suchas hippocampal ‘replay*~¢, which has been suggested as
a component of relational learning?®~**. However, traditional replay
tends to occur spontaneously and also often outside of periods of
overt task engagement®**"*°, By contrast, reinstatement in our model
is evoked by stimulus presentation at fixed time points in a trial, and
is directly conjoined to representation learning within a given trial.
Such stimulus-evoked, learning-period reactivation is more broadly
consistent with the finding of ‘retrieval-mediated learning****, which
hasbeenlinked torelational learningin the associative inference task
paradigm?®>®. Our results suggest that such reactivation can also have a
roleinorder learning paradigms, not directly for response production,
but rather to modify previously established representations inaccord-
ance withrelational structure (knowledge ‘reassembly’).

We also found that representations of previous stimuli were rein-
stated in arecoded form. Reactivationis often measured by testing for
the re-occurrence of patterns similar to those evoked by the original
stimuli***!, or by computing the similarity between neural activity
during and after encoding?®®. Our results emphasize that reinstated
representations need not beidentical, or even similar, to those directly
elicited by stimulus presentation, but may differ from them seemingly
arbitrarily—as long as they produce the desired effect on representa-
tions (Fig. 7, compare plots, and Supplementary Note 8).

The‘active’, reinstating solution uses reinstatement for learning,
rather than forinference at decision time. By design, agent responses
(produced at step 2, after exactly one pass through the plastic recur-
rent weights) cannotinvolve complex processing, but must operate as
amodel-free ‘learned reflex’. By contrast, the delayed, self-generated
learning at step 4 is model-based: it relies on reinstatement, and the
agent must know whichitems neighbor each other (asimple model of
its environment) to reinstate the correct ones. Therefore, the active,
reinstatement-based solution combines model-based learning with

model-freeinference, reminiscent of the so-called Dreamer algorithm
from the machine learning literature®®.

Finally, our resultsillustrate the potential of modeling approaches
based on plastic artificial neural networks. Many recent studies have
trained recurrent neural networks with backpropagation on various
tasks, identifying rich dynamics that support the performance of
these tasks'*"°, The present study extends this approach to plastic
networks, capable of controlling their own learning, and metatrained
(using gradient descent) to discover new learning processes that can
autonomously perform cognitive learning tasks. Our results demon-
strate the power of this approach for investigating the space of neural
mechanisms that support learning and cognition.

Online content

Any methods, additional references, Nature Portfolio reporting sum-
maries, source data, extended data, supplementary information,
acknowledgements, peer review information; details of author contri-
butionsand competinginterests; and statements of dataand code avail-
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Methods

Terminology

Metalearning, or ‘learning-to-learn’, consists of training an agent so
that it can solve new instances of a general learning problem'®'81%4°,
That s, instead of training the agent separately on each new instance
ofthe problem, we metatrain an autonomous learning agent so that it
acquires the ability to learn autonomously and efficiently any given
instance of the problem, including new instances never seen during
training. Classic work by Harlow* first showed that animals possess
this ability in an item-value association metatask—over the course of
multiple episodes, monkeys became progressively better at learning
(and exploiting) which of two possible items was associated with a
food reward. Typical metalearning problemsin the literature include
mazesolving****, bandit tasks'®*, fast association between stimuliand
labels®*** and item-value problems such as the Harlow metatask™>*..
Here we apply a metalearning framework to plastic neural networks,
training them to be able to learn new ordered series of arbitrary
stimuli from pairwise presentations, as in classic transitive inference
experiments®"*,

In the following, to avoid confusion, we will maintain separate
usage for the words learning and training. We use the word ‘learn-
ing’ to denote within-episode learning of one particular ordered list,
driven by synaptic plasticity in plastic weights. In contrast, we use
the word ‘training’ to denote the gradient-based optimization that
occurs between episodes, and modifies the structural parameters of
the network, with the goal toimprove within-episode plasticity-driven
learning. This distinction follows that between ‘inner loop’ and ‘outer
loop’, respectively, in standard metalearning terminology'®*.

In each trial, after the network produces a response, it is given a
binary feedback signal R(¢) that indicates whether this response was
correct or not. We call this signal ‘reward’, although we stress that it is
merely anadditionalinput to the network, and has no predefined effect
on network structure by itself.

Finally, we use ‘stimulus’ and ‘item’ interchangeably.

Network organization

The network is a recurrent neural network endowed with Hebbian
plasticity and self-controlled neuromodulation, containing n =200
neurons (Fig. 1). The general structure of the network and learning
process largely follows those of a previous study”’. The code was written
entirely in PyTorch and run on Google Colab. All code for the following
experiments is available online (Code availability).

Theinputsi(¢) consist of avector that concatenates the stimuli for
the current time step, the reward signal R(¢) for the current time step
(0,10r-1), and the agent’s response at the previous time step (if any),
inaccordance with common metalearning practice’®"***. The network’s
output is a probability distribution over the two possible responses
(‘choosestimulus1 or ‘choose stimulus 2’). At response time, the agent’s
actual response for this trial is sampled from this output distribution;
at other times, the outputs areignored.

Recurrent connections within the network undergo synaptic
changes over the course of anepisode, modeled as simple neuromodu-
lated Hebbian plasticity as described in the ‘Synaptic plasticity’ section.

Formally, the fully connected recurrent network acts according
to the following equations:

X(t) = Wini(©) + Wiec +AQ PO K(t-1) )]
r(t) = tanh(x(¢)) 2)

o(t) = Softmax (W, r(t)) 3)

m(t) = Winoq 1(8) 4)

Herei(t) is the vector of inputs provided to the network, x(¢) is the
vector of neuralactivations (the linear product of inputs by weights), r(¢)
isthe neuralfiring rates (activations passed through anonlinearity), o(¢)
isthe output of the network (that s, the probability distribution over the
two possible responses) and m(t) is the (scalar-valued) neuromodulatory
output whoserole is to gate synaptic changes (plasticity; see below).

W,..and A are the base weights and plasticity parameters (plastic-
ity learningrates) of the recurrent connections, respectively. They are
structural parameters of the network, and do not change during an
episode, butrather are slowly optimized between episodes by gradient
descent. By contrast, P(¢) is the plastic component of the weights, reset
to O atthestartof each episode and changing over an episode accord-
ing to the plasticity rule described below. The symbol ® denotes the
pointwise (Hadamard) product of two matrices.

We note that these equations are simply the standard recurrent
neural network equations, except that the total recurrent weights are
the sum of base weights W,..and the plastic weight term A © P(t).

Crucially, within an episode, only the plastic recurrent weights
P(t) are updated, with the updating governed by the plasticity rule
described below. All other parameters (W,,, W,ec, Wouo Winoqa and A) are
fixed and unchanging within an episode, but are optimized by gradient
descent between episodes.

Inallexperiments, the final trained output weight matrix W, were
found to have two highly anticorrelated rows (r< 0.9), corresponding
to the two opposite possible decisions (choose item 1vs. choose item
2).Thus, inthe text, we generally summarize the W, matrix by asingle
vector w,,,, computed as the difference between the two rows of W,.
All results are unchanged (up to sign) if w,,, was instead taken to be
either row of W,..

Synaptic plasticity

To model synapticlearning, recurrent connections are endowed with
modulable Hebbian plasticity®°. Each connection maintains aso-called
Hebbian eligibility trace H(t), which is a decaying running average of
the product of outputs and inputs.

H(t+1) = nx(@© 1t =1 + (1 - pH(t) (5)

Since the network is recurrent, x(¢) corresponds to the ‘outputs’,
while r(¢ - 1) corresponds to the ‘inputs’ across the recurrent connec-
tions (cf. equation (1)).

Finally, the network continually produces a neuromodulation
signal m(¢) that gates the Hebbian trace into actual changes in plastic
weights P.

P(t +1) = P(t) + m(t) H(t) (6)

We emphasize that P(¢) is initialized to O at the beginning of each
episode, and changes according to the above equations (without reini-
tialization) over the course of an episode. Also note that while H(¢) is
decaying, P(t) does not decay within an episode.

Inequation 5, nis anetwork-wide parameter, optimized by gradi-
ent descent between episodes. Notably, across many experiments,
we observed that training consistently settles on a value of = 1. This
means that H(¢) is almost fully updated at each time step, with essen-
tiallyno memory of events occurring before time ¢ — 2. Assuch, we can
approximate the actual plasticity process as follows:

P(t+1) ~ P(t) + m(O)X(t =D r(t —2)" %)

This observation has animportant role in the elucidation of net-
work behavior, as described in the main text.

Task settings
Our objective is not simply to train successful learning networks but
also to fully understand the neural mechanism of learning in these

Nature Neuroscience


http://www.nature.com/natureneuroscience

Article

https://doi.org/10.1038/s41593-024-01852-8

trained networks. To this end, we deliberately sought to simplify trial
structure as much as possible while retaining the essential structure
of real-world experiments.

First, werestricted eachtrial tothe shortest possible duration that
stillallowed for successful training, which we found to be exactly four
time steps—stimulus presentation at step 1, network response at step
2, external feedback (reward) at step 3 and, lastly, a delay time step
before the start of the next trial, as step 4.

Second, we reset neural activations x(¢), r(t) and Hebbian eli-
gibility traces H(¢) at the start of each trial (but not plastic weights
P(t)). This is to ensure that neural activity dynamics remain con-
fined to a single trial, with only plastic weights carrying memory
of past events from one trial to the next. If we do not reset neural
activations between trials, trained networks consistently settle on
strategies that process information from successive trials in paral-
lel; that s, activations in trial k represent information not just from
trial kbut also fromtrial kK - 1. While potentially interesting, this phe-
nomenon complicates the investigation of mechanisms underlying
within-episode learning. We therefore chose to reset activations at
the start of each trial.

Rewards in the last ten episodes are upweighted by a factor of
4; this only modifies the metalearning loss for outer-loop gradient
descentand does not affect the reward signal registered by the network.

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

Code availability

Allcode for the experiments described above, as well as saved param-
eter files for representative networks for both discovered solutions, is
available at https://github.com/ThomasMiconi/Transitivelnference.
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Extended Data Fig. 1| Performance of the suboptimal network. Proportion
of correct test trials, in standard (single-list) conditions (top; compare to
high-performance network in Fig. 2a) and list-linking conditions (bottom;

compare to high-performance network in Fig. 3a), over 2,000 episodes. Median

and interquartile range of correct responses for each item pair over 10 sets
of 200 episodes each. Note that the suboptimal network performs transitive

inference and expresses the symbolic distance effect for asingle list, but fails the

list-linking task. Conventions as in Figs. 2 and 3.
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Extended Data Fig. 2 | Step-by-step representation changes for different withheld pairs. Conventions are as in Fig. 6 (showing mean +s.d. over 1000 separately run
episodes), but here the pair that is withheld until trial 20 is either CD (a) or EF (b) rather than DE. Representation learning proceeds similarly for these other pairs.
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Extended Data Fig. 3 | Reinstatement of recoded decision axis. Correlation of the combined output weight vector w,, is strongly represented at step 3,
between neural activity r(t) and recoded vector of output weights W, at with sign correlated with network response for this trial. This representation
each time step of trial 20 (mean +s.d. over 2000 separately run episodes), enables Hebbian association with recoded representations of stimuli reinstated
shown separately for runs in which network response at trial 20 was positive atstep 2 (Fig. 6).

vs. negative. While actual response occurs at step 2, the recoded representation
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