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Recurrent neural networks with transient
trajectory explain working memory
encoding mechanisms

Check for updates

Chenghao Liu 1,5, Shuncheng Jia1,2,5, Hongxing Liu1,2,5, Xuanle Zhao1,2, Chengyu T. Li3, Bo Xu 1,2 &
Tielin Zhang 1,2,4

Whether working memory (WM) is encoded by persistent activity using attractors or by dynamic
activity using transient trajectories has been debated for decades in both experimental and modeling
studies, and a consensus has not been reached. Even thoughmany recurrent neural networks (RNNs)
have been proposed to simulate WM, most networks are designed to match respective experimental
observations and show either transient or persistent activities. Those few which consider networks
with both activity patterns have not attempted to directly compare their memory capabilities. In this
study, we build transient-trajectory-based RNNs (TRNNs) and compare them to vanilla RNNs with
more persistent activities. The TRNN incorporates biologically plausible modifications, including self-
inhibition, sparse connection and hierarchical topology. Besides activity patterns resembling animal
recordings and retained versatility to variable encoding time, TRNNs show better performance in
delayed choice and spatial memory reinforcement learning tasks. Therefore, this study provides
evidence supporting the transient activity theory to explain the WM mechanism from the model
designing point of view.

Working memory (WM) is an important cognitive ability that allows ani-
mals to hold limited key information to be used in the near future. It is
essential for many other cognitive abilities, including learning, reasoning,
and decision-making1. One particularly interesting question about working
memory is how the short-term memory content is maintained after the
sensory stimulus ends. Early biological experiments showed persistent
neuronal activities during delay periods2,3, which have inspired recurrent
neural networks (RNNs) that support context-depend output4 to simulate
attractor-type WM, attributing the memory maintenance to the attractor
state of the network dynamics5,6.

However, further studies found transient-trajectory type dynamics in
delay periods of biological neurons, and the number of these transient
neurons is surprisingly larger than that of the attractor-type neurons7–10.
Therefore, various alternative theories of WM maintenance have been
proposed. Some proposed that population coding through stable subspace
states is important for static WM maintenance with varying neuronal
activities11,12. Some other studies proposed that chaotic network activities
could keep the memories of different stimuli separable over time13,14.
Another prominent theory proposed that oscillation and phase coding
encode short-term memories15–17. Besides these activity-based memory

encoding theories, activity-silent states through short-term synaptic plas-
ticity were also hypothesized to be able to hold WM18–21. Another line of
research observed that transient activities of individual neurons could tile
together to span the entire delay period22–25, supported by some related
theoretical studies indicating that the transient trajectory is a special formof
heteroclinic orbits between saddle fixed points to encode stimuli and last
beyond the stimulation duration26–28.

At the same time, more RNNs were trained in working memory tasks
and showed transient activities14,29–33. Some studies observed transient
activities in trained RNNs and thus they focused on studying how the
memory is encoded. Some found it encoded with robust trajectories29 while
others found it encoded with amplitude of the transient oscillation31. Other
studies focused on how to replicate the transient activity patterns from
recordings. Barak et al. compared three types of models and showed both
reservoir network and the partially trained RNNcouldmatch some features
of the data14. Rajan et al. found that the neural activity pattern could take the
form of a line attractor or transient trajectory, depending on the connection
parameters of the circuit mechanism32. Orhan et al. showed that the change
between these two patterns could be continuous in RNNs depending on the
network parameters and tasks33. However, whether keeping memory with
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transient trajectory or persistent activity provides better performance in
working memory tasks is still an open question, because few studies have
simulated WM task to discuss their capabilities such as memory capacity
and energy efficiency.

Here we based our tests and model design on a previous mouse
working memory study, where neural activities were recorded form mice
performing the olfactory delayed paired association task (ODPA). Brain-
wide activity waves were found to encode transient-type WM patterns,
where sequentially coactivated chains and loops of neurons were identified,
and coupled spikes were hierarchically organized34.

To build models to represent the transient trajectory encoding with
adjustable configurations that control the activity patterns, we modified the
vanilla RNN to enforce transient activities. The resulting transient RNN
(TRNN) contains self-inhibiting transient neurons, sparse connection, and
hierarchical topology matching the sensory-association-motor con-
nectome.The self-inhibitionmodification is similar to the negative feedback
design based on the spike-frequency adaptation (SFA)mechanism that was
used to induce traveling waves in computational models35–37. This
mechanism implemented in the form of adaptive firing thresholds is also
introduced to a spiking RNN to enhance its performance in sequence tasks
by encoding the memory in the thresholds38–40.

Unlike previous RNNmodeling studies, we kept the vanilla RNN and
theTRNNin separated groups in our analyses and combined the results that
match themodeling data to the experimental recordings and the results that
show performance advantages of transient trajectory encoding models. We
first analyzed the activities patterns of the vanilla RNN and TRNN and
found the TRNN matched the transient activity from animal recordings
better qualitatively, while the vanilla RNNhadmore persistent activity. This
makes them good representative models to compare the two working
memory mechanism theories. Then we showed that even with transient
trajectory encoding, TRNN is still versatile in terms of memory time. The
activity dynamics were also analyzed in the form of low-dimensional tra-
jectories to help explain how memory is encoded. Further analysis of the
activities showed higher information richness and lower average squared
activity of TRNN compared to a vanilla RNN using persistently firing
neurons, suggesting a highermemory capacity and lower energy cost. Then
we compared the size-matchednetworks in a range of simpleWMtasks that
simulated animal experiments, including delayed choice experiments and
spatial memory experiments41, using reinforcement learning42, and got
better performances with TRNNs. The closer activity patterns to animal
recordings and better performances of TRNNs support transient trajectory
as a working memory encoding mechanism.

Results
Reproduce transient trajectory in neural activity pattern
with TRNNs
In the previous ODPA experiment (Fig. 1a), extracellular Neuropixel
recordings were done in over 30 mouse brain regions (Fig. 1b). A total of
33,208 neurons were collected from 113 recording sessions34. To study the
transient trajectory observed in animal workingmemory experiments using
computationalmodels, we designed stimulatedODPA experiment as a task
to train and test themodels. Briefly, the ODPA task is composed of fixation
period, a sample period, a delay period, a test period and a response period.
The animal is rewarded for licking during the response period when the
odor received during the sample period and the test period is a matching
pair. Since the animal’s actionwould not change the stimuli, the experiment
was simulated with fixed sequences of input-output pairs as a supervised
learning task (see “Methods” for more details about the animal experiment
and the simulated versions of the task).

We started with vanilla RNNs that have been commonly used in
working memory modeling studies. Examining the details of previous
studies showed that different kinds of network architectures, such as
reservoir network and vanilla RNN, had been used. The studies also used
different network sizes, neuronal nonlinearity and optimizing methods
(Supplementary Table 1)14,29,30,32,33,43,44.We chose a vanilla RNN architecture

withReLUnonlinearity and thebackpropagation for optimization.Tomake
the network more biologically plausible, we also initialized its recurrent
connection weights according to a 4:1 composition ratio of excitatory and
inhibitory neurons45. Besides, we added regularization to the average neu-
ronal activity during training to keep the neuronal activities stable. In
practice, these two features were also important for the training of the
models. When the neuronal activities were plotted, variability between
models with different initializations could be observed (Fig. 1e, Supple-
mentary Fig. 1b), as shown in the previous study33.

To compare these to neuronal activities from animal experiments, we
analyzed data shared with us by our collaborators collected in their recent
work34. The activities also have some variance between recording sessions
(Fig. 1d, Supplementary Fig. 1a). The results from the animal experiments
seem to have a clearer sequence of transient activities during the delay
periods than thoseof theRNNs.Toquantify this difference,weproposed the
transient index (TI, Fig. 1c), which extended the previous sequential index33

and contained three key components. The first component was the syn-
chrony of the firing rate peaks of participating neurons measured as
Shannon entropy (peak-firing-time entropy). The time of the firing rate
peak was treated as a random variable and each neuron is a sample. The
Shannon entropy measured how variable this peak time was and thus
measured how synchronized the samples/neurons were. The second com-
ponent, ridge-to-background ratio, described the persistency of the neu-
ronal firing by measuring how sharp the firing rate peak was for each
neuron24. Neurons with sharper peaks were less persistent. The third
component was the proportion of memory-related peak firing and mea-
sured the proportion of transient trajectory encoding neurons whose peak
activities are in the delay period. This ensured that the firing rate peaks we
examined were in the delay period and likely encoding working memories.
Finally, three components were summed up to TI, which should be high for
neuron activity peaks that tile and overlap the delay period. We found that
RNNs indeed had much lower TIs than the animal neural net-
works (Fig. 1h).

To increase theTI andbetter replicate the transient dynamics of in vivo
working memory encoding, we introduced a transient encoding modifica-
tion to the basic model to get the TRNN (Fig. 1g). The transient encoding
modification is composed of three parts. First, at the neuronal scale, it
endowed theneuronwith anadditional self-inhibition input proportional to
its past activity. Since connectivity constraint is another common way to
modifyRNNs, sparse connectionswere enforced at the network-connection
scale45. Thiswasproposedbecausepersistentfiring in attractormodels relied
on strong recurrent connections5,6. Third, the RNN was divided into three
functional regions, sensory, association, andmotor regions, congruent to the
pathway found in natural neural networks34. Inter-region connections were
sparser than intra-region connections, based on the finding that there are
more spike coupling events within brain regions than between34. Compared
to sparsity enforcement, self-inhibition targeted neuronswith high activities
more specifically and could bemore effective at stopping persistent firing in
neurons with slow dynamics. As expected, the activity dynamics of the
TRNNs resemble that of the animal neural networks, and the TIs of the
TRNNs are significantly higher than theRNNs (Fig. 1f, h). SinceTRNNand
RNN have the same number of learnable parameters but are different in
activity patterns duringmemory encoding, in the following experiments, we
could compare TRNNs to RNNs to study the advantages of the transient
encoding mechanism.

The TRNN’s resemblance to the experimental results was further
analyzed. We firstly focused on odor-selective neurons that exhibited
statistically-significant selection to specific odors (Fig. 2a, “Methods”)34. The
proportion of stimulus selective neurons in the transient RNN reached a
proportion of 38.2% (Fig. 2b), close to the statistical result of biological
experiments (32.6%, Fig. 2c). Similar to the observation in the brain
recording experiments, we found neurons that were selective to one of the
odors at different phases during the delay periods (Supplementary Fig. 2a).
We ranked all the neurons based on the time of their peak response dif-
ferences in the two odors, plotted the differences in their firing rate
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Fig. 1 | Transient activities examined in animal experiments and
computational model. a This schematic diagram depicts the ODPA task. b The
visualization of Neuropixel probes in many brain regions to record large-scale
neuronal activities. a, b are adapted from Huang et al. with permission34. c The
transient index (TI) as the quantitative indicator for transient trajectory encoding is
composed of three factors: the ridge-to-background ratio measures the temporal
localization of the cell-assembly activity during delay; the peak-firing-time entropy
measures the uniformity of the peak response times of the cell assembly in a given
trial; the proportion ofmemory-related peak firingmeasures the number of neurons
participating in encoding during the delay period. d, e, f Heatmap of activities of
neurons during the ODPA task from an example trial recorded in animal experi-
ments (d), an RNN (e), and a TRNN (f). Only memory-selective neurons in the

animals were included. The neurons were ordered based on their activity peak times.
The dashed vertical lines indicate the border between the four periods in the task.
g The biology-inspired TRNN, including transient neurons with self-inhibition,
sparse connections between neurons, and hierarchical topology between brain
regions (orange arrows). h TIs of neural activities from animals and the two RNN
models (mean ± SEM). The biological group includes average TIs of correct trials in
14 sessions with over 85% correct trials. The TRNN or RNN groups include average
TIs of 10 trained models each. The RNNs have significantly lower TIs than the
animals (Student t test, t =−30.00, p = 2.42e-19) and the TRNNs (Student t test,
t =−14.34, p = 2.74e-11). The difference between the animals and the TRNNs is not
significant (Student t test, t =−1.99, p = 0.059).
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(Supplementary Fig. 2b), and found that the selectivity also has a transient
trajectory pattern. It was found in the biological experiment that the pro-
portion of selective neurons has a negative correlation with the sensory-
motor index, the ratio between the output strength to the motor cortex M1
and the input strength from the olfactory bulb, of the corresponding brain
region (Fig. 2d). As a comparison, a similar trend was also identified in our
simulated ODPA task using the TRNNmodel (Fig. 2e). As an extension to
the biology experiments, we varied the magnitudes of differences between
the two odor stimuli and tested the accuracies of the models. The perfor-
mance plotted against the differences could be fitted with a logistic psy-
chometric functionwith a log-likelihoodof−18.25 (SupplementaryFig. 2c).

TRNNmaintains memory for a variable amount of time
With the memory encoded in stable attractor activities, the vanilla RNN
should be able to keep memory for an arbitrary amount of time. On the
other hand, since the memory-related neuronal representation changes
dynamically, TRNNmodel might have trouble with variable delay periods.
To test this hypothesis, we trained the TRNNmodels in ODPA tasks with a
delay period between short (i.e., 3 s) and long (i.e., 6 s) time. The TRNNs
were able to complete these tasks and got lower accuracy (mean+ SEMover
randomly initialized models, 92.19 ± 0.13% on average) in variable delay
periods than in fixed ones (96.25 ± 0.26%).With variable delay periods, the
transient firing peaks of the neurons could still be tiled to cover the entire
delay period (Fig. 3a, Supplementary Fig. 3a). The only noticeable difference
is that the temporal density of neurons with peaks in the second half of the
delayperiod,which is also the variable part, is lower innetworks trainedwith
variable delay (Supplementary Fig. 3b). One questionwewould like to ask is
whether the neurons have the same functions in trials of different lengths.
To test this, we first divided the hidden layer neurons into different func-
tional groups based on their peak activity time, including the baseline group

(peaking before the presentation of thefirst odor), sample responding group
(peaking during the presentation of thefirst odor),memory encoding group
(peaking during the delay period), and test responding group (peaking
during the presentation of the second odor).We noticed that the functional
group of the neurons varied with the sample odor (Supplementary Fig. 3c).
One specificquestion iswhethermoreneuronswouldbe recruited to encode
thememory for longerdelays?Wedivided thememory encodingneurons in
long trials with delay of 6 s into early ones and late ones, which exhibited
firing peak in the first and last 3 s in the delay period, respectively. For these
two groups of memory encoding neurons, their groups in the short trials
with delay of 3 s responding to the same sample odor were analyzed
(Fig. 3b). If the functions of the neurons are the same in the long and short
trials, the two groups of memory encoding neurons should both belong to
the memory encoding group in short trials. The early memory encoding
neuronswere indeedmostly from thememory encoding group.However, it
was found that the late memory encoding neurons were not only from the
memory encoding group in the short trials but also from the baseline and
test responding groups. This suggests that more neurons are recruited for
longer memory time, implying that the WM time is limited by neuron
numbers and matching the short-term property of the WM.

Thenwe analyzed howworkingmemory wasmaintained in trials with
delay periods of different lengths. Firstly, the trajectories of neuronal
activities before the end of the delay period were plotted, after dimension
reduction with demixed principal component analysis (dPCA)46 (Fig. 3c).
The first stimulus-dependent component and the first time-dependent
component were chosen to summarize the activity. As expected, when the
sample odorwas presented, the two types of odors were encoded in separate
trajectories. During the delay period, the trajectories remained separated
and kept evolving, regardless of the length of the delay period. This suggests
that the memory is encoded dynamically in transient trajectories. Then we

Fig. 2 | Comparison of biological discovery and
artificial modeling. a The activity of sample odor-
selective neurons in response to stimulation of dif-
ferent odors (mean ± SEM). The green shade labels
the time bin highlighting the averaged activities
significantly differ between trials with the two sti-
muli. b Composition of neurons in the TRNN.
c Composition of neurons in animals doing the
ODPA task. d Proportion of selective neurons in
brain regions, including anterior olfactory nucleus
(AON), taenia tecta (TT), dorsal peduncular area
(DP), piriform area (PIR), orbital area (ORB),
anterior cingulate area (ACA), frontal pole (FRP),
retrosplenial area (RSP), somatosensory area (SS)
and motor area (MO). e Proportion of selective
neurons in different neuron groups in the TRNN
models (mean ± SEM).
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looked at the activities of the output neurons to see how the memory was
compared to the test odor, plotting the activities of the match and non-
match output neurons (Fig. 3d). With the same sample odors, different test
odors drove the activities in twodirections, leading todifferent decisions.On
the other hand, with different sample odors inmemory, the same test odors
also led to activities in different directions. This result suggests that con-
sistent information could be decoded from the dynamic activities of the
neural networks. The trajectories of all three output neurons in the entire
trials show that thematch andnon-matchneurons’ activities remained close
to each other and lower than the fix neuron’s activity until the presentation
of the test odor (Supplementary Fig. 3d). Lastly, the weight matrix of the
recurrent connections between the hidden neurons was studied in Fig. 3e,
where the neurons were kept in the same order as those in Fig. 3a. The
feedforward connection from neurons early in the chain of activity to later

neurons is stronger than the feedback connection (Fig. 3f). This kind of
asymmetry underlies the consecutive transient activity32 and traveling wave
formation in head direction cells47, which explains how the neural network
maintains working memory in transient activities. Such asymmetry is also
used in theoretical modeling of transient trajectories26,48. These asymme-
trical connections might also underlie the directional spike coupling
observed in Huang et al.34.

Information richness and energy cost vary with transient activity
After confirming that TRNNs could reproduce observations in animal
experiments and maintain memory for a variable amount of time, we stu-
died their capabilities as memory networks in the ODPA task, by con-
sidering their information richness and energy consumption (Fig. 4a). The
three parts of the transient encoding modification were adjusted separately

a b

c d

e f

Fig. 3 | Analysis of TRNNs trained in tasks with variable delay periods. a Sample
neuronal activity heat maps in trials with delay periods of 3 s (left) and 6 s (right).
b Distribution of the neuronal classes in trials with 3-s delay periods for neurons
classified as basic and extended memory encoding neurons in trials with 6-s delay
periods. Error bars stand for the standard error of the means. c Values of the
stimulus-dependent and time-dependent components after dPCA, showing trials
with the two different sample odors. Triangles mark the boundaries between trial
stages. The green circle marks the start of the trials. d Activities of match and non-
match output neurons after the end of the delay periods of 3 s (left) and 6 s (right).

Circles mark the states at the end of the delay periods and the colors of them denote
the sample odor types. The colors of the trajectories indicate the test odor types.
e Synaptic weights between neurons in the hidden layer of the TRNN trained for
variable delay period tasks. The weights are clipped between −0.1 and 0.1 which
includes 93.98% of the data. The neurons are ordered based on their activity peak
time in sample trials with different lengths of delay periods. f Connection strength
between neuron i and neuron j averaged over pairs of neurons with the same rank-
order distances i–j. The neurons are ordered as in Fig. 3 right.
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with TI as an integrative measurement to quantify the transient degree. For
transient neurons, we adjusted the inhibition strength of the neuronal
feedback. The sparsity controlled the probability of synaptic connections,
and the elimination of connection was random during initialization.
Compared to full connection, the hierarchical topology reduced long-term
projection connection numbers between neighboring brain regions. The
effect of inhibition strengthofneurons and sparsity of thenetworkonTIwas
non-linear (Fig. 4b). In the case without hierarchical topology the TIs were
much lower than that with hierarchical topology (Fig. 4c). To study how
transient trajectory encoding affects the information richness and energy
consumption of the network, we compared 100 networks of the same sizes
with different TI values from Fig. 4b. For simplicity, we represented the
information richness with the Shannon entropy of the activity as described
in the TI. Similarly, since energy consumption was found to be positively
correlated to neuronal firing rate49,50, it was represented with the average
squared firing rate of all neurons. These properties were plotted against the
TI. We found that the entropy increased approximately linearly with the

incremental TI values (Fig. 4d) while the average squared firing rate
decreased in a stepwise manner with the TI of the networks (Fig. 4e). These
results suggest that compared to the vanilla RNNswith lowTIs, the TRNNs
with high TIs have higher information richness and lower energy con-
sumption. Higher information richness implies that TRNN could encode
more information in its activities and might have higher memory capacity.
To test this, we compared their performances in reinforcement learning
tasks with complex visual input and reward feedback, that are closer to
animal experiments.

TRNN performs better in simulated WM tasks
Besides previously introduced standard classification task, we further tested
the networks in reinforcement learning tasks, since they match the value-
based learning paradigm used in animals experiments better, and they are
also more versatile (e.g. they could be used to simulate spatial working
memory experiments). Their performances in the reinforcement learning
tasks were compared.
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Fig. 4 | Three key components of the TRNN and their contributions. a The three
components introduced in the TRNN for network encoding, including transient
neuron (component I), network sparsity (component II), and hierarchical topology
(component III). b, c Distribution of TI score performance for TRNNs using dif-
ferent proportions of transient neuron and network sparsity, with (b) and without
(c) using additional hierarchical topology. Black dots in the manifold show some
examples of transient trajectories with different TI scores, where transient neurons

using different inhibition strength is used to adjust the transient firing duration.
d, e Distribution of entropy (d, purple dots) and average squared firing rate
(e, orange dots) values for TRNN models achieving different TI values, given dif-
ferent configurations of three key components in (b). Entropy represents the mea-
surement of information richness. The energy is calculated as the average squared
firing rate of all neurons. Note that the vanilla RNN always shows a small TI value
and is marked with a gray bar.
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We first simulated a direction-following task, where the agent was
shown an arrow, and after a short delay period, the agent was rewarded after
movingone step towards thedirectionof the arrow (Fig. 5A).Both theTRNN
and vanilla RNNwere trained in the task, and they got very close tomaximal
rewards, much higher than feedforward neural networks that do not have
memory (Fig. 5B).We found theneuronal activity of the vanillaRNNwasnot
persistent atfirst glance (SupplementaryFig. 4c), confirmingpreviousfinding
that the activity pattern of RNNs during WM tests could vary continuously
betweenbeingpersistent and sequential basedon the task types33. Toquantify
the transient pattern of the activities, we calculated their TI and found that TI
of TRNNs were much higher (Supplementary Fig. 4d), suggesting that the
assumption that the TRNN represents WM models encoding with more
transient activities still held in reinforcement learning tasks.

Working memory is generally considered to be able to be maintained
even in the presence of distractions51. Therefore, we designed a new
direction-following task that contains a longer delay period when some
additional symbols of distractionswere presented. The reward of the TRNN
was higher than that of the vanilla RNN with three distractions, which
suggests that the TRNN is more robust to more distractions (Fig. 5C,
Supplementary Fig. 4a).

It has been suggested that attractor models have difficulty in main-
tainingmultiple items18, especiallywhen thenumberof items ismuchbigger
than the potential attractors52,53. Our analysis above also suggests that
transient-encoding networks have higher memory capacity than attractor-
based networks. Since it has been shown that thememory capacity of RNNs
varies with the network sizes and task paradigms54, we tested two networks
of the same size in the same task. In this task, we added more directions to
the direction-following task, where the agents were expected to move
multiple steps in those directions in order. The learning curves show that the
TRNN is better at keeping multiple items in memory (Supplementary
Fig. 4b). TRNNs performed better by achieving higher reward with more
items to remember (Fig. 5D), indicating that the transient trajectory model
has a much higher memory capacity. The rewards of the RNNwere higher
than frommoving in one direction correctly and increasedwith the number
of directions. This suggests that the RNN learned that the task was to move
in the observed directions in order. Further analysis about their accuracy for
eachmove in the sequence showed a slight primacy effect but not a recency
effect, with bettermemory of the items that appeared earlier in the sequence
than those appeared later, similar to findings in serial recall experiments55

(Supplementary Fig. 4e).

Water-maze

Fig. 5 | Performances comparison of TRNNs and vanilla RNNs in reinforcement
learning tasks. A Diagram of the direction-following task. The agent is indicated
with amouse icon and has a vision of the entire arena. The blue arrow is the direction
to follow. The red flag indicates the target location, which is invisible to the agent.
The black arrow indicates the agent’s past movement. B Learning curve of the
TRNN, vanilla RNN, and feedforward neural network in the direction-following
task (mean ± SEM). C Rewards of the two models with different numbers of dis-
traction symbols. Themean and the standard error of themean of their rewards were
plotted against the number of training frames. The differences between the TRNNs
and RNNs are significant when three distractions (Student t test, t =−2.7932,
p = 0.0492) are present. D Rewards of the trained RNNs in tasks with different
numbers of directions. The difference between the TRNN and vanilla RNN was
significant when the number of directions was 2 (Student t test, t =−2.8974,
p = 0.0442), 4 (Student t test, t =−3.9975, p = 0.0162) and 6 (Student t test,

t =−7.3029, p = 0.0019). E Diagram showing one trial in the water maze task.
F Learning curve of RNNs in the water maze task (mean ± SEM). G Relative time
spent to find the platform in the first three trials. Each model was tested in 1000
episodes and the average time was taken. For TRNN, the time in the first trial is
significantly higher than the second (Student t test, t = 3.6143, p = 0.0225) and the
third (Student t test, t = 6.0052, p = 0.0039) trial. For RNN, the differences are not
significant (Student t test. 1st vs 2nd, t = 0.8082, p = 0.4643; 1st vs 3rd, t = 0.6341,
p = 0.5604). All these experiments are repeated three times with each model using
different randomly initialized parameters for training. In the learning curves, the
mean and the standard error of the mean of their rewards were plotted against the
number of training frames. The learning curves were smoothed with the moving
average method. The window size is 10 and the stride is 1. In the bar graphs, the
average values were plotted with the standard error of the mean as the error bars.
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Besides sequential information, we simulated a WM version of the
Morris water maze experiment56,57 in the grid world environment (Fig. 5E),
to test TRNN’s spatial WM for navigation41. Specifically, the goal of the
agentwas to reach the target cell thatwas randomly assigned in each episode
which hadmultiple trials. One trial composed of threemain steps: the agent
started from a random initial position; it found the target platform after a
period of active searching; the agent reached the target and got reset to a
random position. To facilitate training, the episodes had fixed time lengths,
and the goal of the agent was to find the target as fast as possible. Learning
curves showed that the total reward was increased during training in both
models, whereby the TRNNs achieved remarkably higher rewards than
vanilla RNNs (Fig. 5F). The vanilla RNN got similar rewards as the feed-
forward neural network, suggesting that the vanilla RNN is not fit for
keeping spatial WM. To confirm this, the time consumption for agents to
find the platformwas compared. Similar to biological experimental results56,
the TRNN agents spent a longer time to locate the platform in the first trial
but less time in the following two trials with the help ofWM (Fig. 5G). As a
comparison, the vanilla RNN agent spent similar time in different trials,
indicating that they didn’t use memory of the target location formed in the
first few trials to find it faster in the following trials. This suggests that the
TRNN has better spatial WM ability.

Discussion
In this paper, we showed that the structural modifications to a vanilla RNN
are enough to reproduce the transient trajectory activity. Though transient,
these trajectory activities could also keep memory for variable time. Com-
pared to the vanilla RNN, TRNN has better performance in various rein-
forcement learning tasks that require working memory. These results
support the transient trajectory theory as a mechanistic explanation of
animal working memory.

There have been some ways to restrict the neural network to produce
transient trajectory patterns in the literature. Goldman proposed a func-
tionally feedforward network, which restricts the recurrent connection
weight matrix to be a linear transformation of a feedforward connection
weight matrix48. This results in transient dynamics of neurons whose
summedoutput could last. Since the linear network usually performspoorly
in machine learning tasks, we did not take this approach. Bick and Rabi-
novich proposed a working memory model based on winner-less
competition58. Since all the inter-neuronal connections were inhibitory in
thatmodel, it was not used in this study. Instead, we chose some restrictions
that resulted in transient activity of the neurons but not necessarily con-
secutivewave-like activity across the network.We expected that the training
for memory tasks would make the network rely on consecutive activity
across neurons to keepmemory. This was based on the general concept that
theRNNstoresmemory in cell activity. Since the network design prohibited
lasting activity in individual neurons, the activities would dynamically span
the entire delay period to keep the memory.

The self-inhibition connection was a simplification of the inhibitory
connections in the brain, it sufficed to build artificial neural networks with
the transient trajectory pattern. In this simplified implementation, the rate-
codedneurons in ourmodel couldbe interpretedas groups of excitatory and
inhibitory neurons with recurrent connections of both signs. It is also
possible that the transient activity feature is implemented with other
mechanisms such as SFA in the brain35–40.

In tasks with fixed length of memory time, the network only needs to
establish a one-to-one association between its final state in the transient
trajectory and the memory content. This is, however, not quite viable when
the memory time varies. This challenges the transient trajectory theory as a
mechanism of working memory in the nervous system. In our tests, how-
ever, TRNNmodels were found to generalize to variable memory time and
the dynamic trajectories were analyzed. Unlike previous discovery29, we
found that the velocity of the trajectory in the phase plane did not decrease
towards the end of the delay period, which suggests that the memory is
maintained in a trajectory insteadof afixedpoint (Fig. 3c).With thedecision
being one of the major sources of variance in the activities, some principal

components should also represent thedecision.As shown in Supplementary
Fig. 3e, f, the decision-dependent component of the hidden neuronal
activities has similar trajectories as the decision output neurons. This
component is independent of the sample odor during the sample phase.
However, when the test odor is presented, the component diverges based on
the comparison between the two odors. This is shown clearer when both the
decision-dependent component and the sample-dependent component are
plotted in the same graph (Supplementary Fig. 3g, h).

It has been previously proposed that the asymmetric synaptic con-
nection underlies traveling wave activities both in theoretical models47 and
numerical neural network models32. This type of asymmetric connection
has been shown to be equivalent to the SFA or self-inhibition in a con-
tinuous attractor neural network (CANN)37. Interestingly, in our models,
both the self-inhibition and the asymmetric connection were present to
support the working memory storage through the transient trajectory. The
reason why the self-inhibition and the asymmetry were shown to have
redundant function in the CANN could be that a distance-based recurrent
connection has already been incorporated to form attractor states for
memory keeping.

Since the firing ratemodel is used in our study, it was assumed that the
memory is stored in the firing rates. However, the theories of WM only
specify that the neuronal activity encodes the memory, but they do not
exclude thepossibility that the spike timing is involved59. Therefore,whether
spike timing coding is involved in WM should be considered before
applyingfindings in thiswork. Ideally, spikingneural networks (SNN)could
be used for simulation. Self-inhibition and connection modification should
reducepersistency in SNNaswell.However, theywerenot used in this study
due to the lack of efficient training techniques for complex tasks.

Traditional computationalmodels are usually specifically tailored to fit
certain activity patterns, and it would be hard to compare the performance
of the models on the same ground. Besides, traditional computational
models are mostly limited to a specific task paradigm. In this study, we
compared the memory capabilities of networks with different activity pat-
terns using the transient encoding modifications. With basic properties of
the networks, such as parameter number and structure, controlled, we were
able to compare their capabilities as memory networks in various simulated
working memory experiments. This was valuable because it would be very
hard to manipulate the memory mechanism in live animals to evaluate the
capabilities of different models. The simulation results could provide
hypothetical answers to why one working memory model is adopted over
the other.

We found the vanilla RNNs had low TIs and defined them as attractor
models. The TRNNs had higher TIs on average and were defined as tran-
sient trajectory models. Although the boundary between them was not a
clear cut. We analyzed their properties as a group by sampling more than
onemodel in each group to avoid the bias issue. It was confirmed that, in the
direction-following reinforcement learning task, the TRNNs have higher
TIs. Thewatermaze taskdoesnot have anapparentdelayperiod andTIover
the delay period does not exist. Thus, we assumed that the TRNNs repre-
sented the transient trajectory model and the vanilla RNNs represented the
attractor model based on the earlier results.

In the multiple-direction-following task, we only observed primacy
effect when multiple items are recalled. In free recall experiments, where
items were freely recalled regardless of their order, both the primacy effect
and recency effect were observed60–63. Our setup is a type of serial recall
experiment which showed no recency effect in a previous study55. Specifi-
cally, the agents needed to recall the directions in the exact order as shown.
Since they were not trained to fill the positions of forgotten directions with
placeholder actions, if they skipped a direction, all following actions are
likely wrong.

In the water maze experiment, the overall performance of the trained
TRNN was much better than the vanilla RNN. The vanilla RNN and the
feedforward neural network had similar performances. This suggests that
vanilla RNNs have worse navigation ability possibly due to poorer memory
of the entire map, failure to learn the task, or worse movement execution.
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This couldmake the comparison of their memory abilities with the TRNNs
less valid.

In summary,we introduced transient encodingmodifications toRNNs
to compare transient encoding ofworkingmemorywith attractor encoding.
Through a series simulation experiments and analyses, we found evidence
that support transient encoding as a workingmemorymechanism, which is
a supplement to animal experimentswhere directmanipulationof encoding
mechanism is hard. In the future, this approach could be extended to
combiningworkingmemory researchwith long-termmemory research64–66

to study the information transfer between working memory and long-term
memory and how items from observation and long-term memory interact
within working memory.

Methods
Simulated working memory tasks
The ODPA task. The ODPA task was designed to test the decision-
making response of head-fixed mice after being given two different odor
stimuli. It starts with a fixation period of 1 s and a sample period of 1 s,
during which one out of two odors is presented. After a delay period of 3
or 6 s, a test stimulus, one odor from another set of two odors, was
presented for 1 s. At the end of the second stimulus, the animal could
respond in the response window of 1 s. The animals are rewarded if they
lick in response when the two stimuli matched. Note that each sample
odor was assigned to match a different test odor before training
arbitrarily.

We designed a digital version of the OPDA task to test the ANN
models. It is a supervised learning task with sequential inputs and outputs.
There are twomajor differences from the animal version. Thefirst is that the
response period is removed, and themodel responds during the test period.
Secondly, the odor input is replaced with a vector with amplitude A and
direction θ. 24 neurons are used to encode the odor input using von Mises
distribution. Each of the encoding neurons i has a preferred input direction
θipref , which are evenly distributed between 0 and 2π. The output of neuron i
at time step t could be expressed as the following equation.

uit ¼ Aeκ cos θ�θipref

� �
þ

ffiffiffiffiffiffiffiffi
2=a

p
σ inN 0; 1ð Þ; ð1Þ

where the amplitude A is set as 4= exp κð Þ when the odor stimulation is on
and 0when the stimulation is off. κ is the concentration coefficient and is set
to 2. Nð0; 1Þ is the standard normal distribution used to represent input
noise. The noise variance σ in ¼ 0:1, and a ¼ 0:1. The inputs of θ ¼ 0 and
θ ¼ π are used to represent odor 0 andodor 1.Odor 0 andodor 1 are used in
both the sample and test period and the test criterion is whether the two
odors are the same.Themodel is expected to output the response during the
test period. The stimulation was on during the sample period and the test
period. The stimulation was off during the delay period and the response
period.

We designed three binary output neurons for the ODPA task, and the
expected activity is known for every input sequence. The fixation neuron
signals inactivity and should be on until the start of the test period. The
match/non-match neurons are only on during the test period when the
sample and the test inputs are the same/different respectively.

Memory tasks in the grid world environment. The direction-following
task and its variants and the 2D water maze task were all implemented in
the grid world environment. The agent has a discrete action space with
three actions, turning left/right by 90 degrees and moving forward. In
both tasks, the observation is the visual input of the entire map. The
direction following task is adapted from the Mortar Mayhem task from
the Memory Gym library67. The 2D water maze task was implemented
using the Minigrid library68.

In the direction-following task, the environment is a 5 × 5 grid. In the
sample phase, a symbol is randomly chosen from up, down, left, and right
arrows anda circle is shown.The symbol is displayed at the centerof the grid
for three timesteps. After the delay period of 16 timesteps, the agent is

required to actwithin six timesteps according to the symbol inmemory for a
reward of 0.1. If one of the arrows is shown, the agent should move to the
next cell in the direction of the arrow. If the circle is shown, the agent should
stay. In the version with distractions, 1 to 3 random distracting symbols are
displayed during the delay period. In the multiple-direction version, 2, 4, or
6 random symbols are shown in the sample phase. In the test phase, the
agent should take the accordant actions in the order as the symbols are
shown.There are 6 timesteps for eachaction and2 timestepgaps inbetween.
To compare the TRNN and the vanilla RNN, 3 randomly initialized net-
works from each group were trained to solve the tasks.

The 2D water maze task is adapted from the design by Heess et al.57.
Instead of a circular arena, a 9× 9 square grid world arena is used. There are
landmarks positioned at the four corners of the arena. There is a hidden
platformat a random cell which is only visible when the agent reaches it and
its position changes across episodes. The agent has a vision of the entire
arena. The agent starts at a randomposition and is only rewarded when it is
on the platform. After 5 timesteps on the platform, the agent is placed in a
random position and needs to find the platform again. The entire episode
has 484 timesteps.

Design and training of the neural networks
Vanilla RNN. The vanilla RNN is a standard three-layer network. The
hidden layer contains 600 artificial neurons with full recurrent connec-
tions. The Win, Wr and Wout are connection weights between input-
hidden, inner hidden, and hidden-output layers, respectively. The neu-
rons are separated into excitatory and inhibitory groups (4:1 ratio). The
output connections of the excitatory neurons are initialized by the
Gammadistributionwith a shape parameter of 0.1 and scale parameter of
1. The inhibitory output connections are initialized as the negative of a
value from theGamma distribution with a shape of 0.2 and scale of 1. The
inhibitory neurons in the input and output layers are ignored. The net-
work biases in hidden and output layers, br and bout , are initialized to 0
before network learning. The input layer does not have a bias term. The
artificial neuron in hidden layers can be defined as the following equation.

τ
drt
dt

¼ �rt þ f Winut þWrrt þ br þ σr
� �

; ð2Þ

where ut is the input from the input layer and rt is the recurrent input. τ is
the membrane time constant. Rectified linear unit (ReLU) is chosen as the
activation function f �ð Þ. σr represents an independent Gaussian white noise
with a mean of 0 and a standard variance of 0.1. We use the forward Euler
method to numerically solve the equation and get the following equation.

rt ¼ 1� αð Þrt�1 þ αf Wrrt�1 þWinut þ br þ σr
� �

; ð3Þ

whereα ¼ Δt=τ represents the time step size relative to themembrane time
constant. In the ODPA task and reinforcement learning tasks, α is set as 0.6
and 0.98, respectively. The time step size Δt ¼ 100ms. The network is
trained by the Adam stochastic gradient descent with a batch size of 64. The
learning rate is 0.001 and the loss function was defined as the cross-entropy
error. The average squared neuronal activity is also added to the loss
function with a factor of 0.01 to stabilize the network.

Transient RNN. The network architecture of the TRNN is the same as
that of the vanilla RNNbut additionally separates hidden layers into three
sub-brain regions, i.e., the sensory, association, and motor brain regions.
It is assumed that the inter-region connections are sparser than the intra-
region connections. This hierarchical topology is implemented by
applying an element-wise mask matrix Wm to the recurrent connection
matrix Wr . Random inter-region connection elements in the mask are
zeros and others are ones.

Compared to artificial neurons in the vanilla RNN in Eq. (1), the
transient neuron has an additional self-inhibition term V to inhibit neural
activities instantaneously. Originally proposed as a slow negative feedback
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component in the travelingwavemodel35, the transient neuron is defined by
the following equations.

τr
drt
dt

¼ �rt þ f Winut þWrrt þ br þ σr
� �� γVt ð4Þ

τv
dVt

dt
¼ �Vt þmrt ð5Þ

where τr is the time constant of the transient neuron. ReLU is used as the
activation function f . τv is the time constant of the dynamic inhibition term.
The hyperparameters γ andm represent the scale of the influence of self-
inhibition. In the ODPA task γ ¼ 2; m ¼ 2, in the direction following task
γ ¼ 10; m ¼ 2, and in the water maze task γ ¼ 3; m ¼ 2. Similarly, with
Euler method approximation, we get

rt ¼ 1� αr
� �

rt�1 þ αr f Wrrt�1 þWinut þ br þ σr
� �� γVt�1

� �
;

ð6Þ

Vt ¼ 1� αv
� �

Vt�1 þ αv mrt�1

� �
; ð7Þ

InODPA task and the reinforcement learning tasks, αr is set as 0.6 and
0.98 respectively and αv is set as 1/10. A sparse connection is imposed by
randomly initializing a proportion of the connectionWr as zero. They are
still trainable after initialization. This proportion parameter was adjusted
when studying the impact of sparsity on the TI. The connections between
regions are initialized to be sparser than within the regions. The connection
ratio is 0.9within the sensory region and 1within the other two regions. The
connection ratio across regions is 0.8. A similar trainingmethod as with the
RNN was used. Except for that an L2 regularization of the recurrent con-
nection weights was added to the loss with a factor of 0.1 to maintain
sparsity.

RNN models with convolution layers. For the tasks in the grid world
environment, convolution layers were attached ahead of the RNN to
extract features from the video input of 3 color channels (84 × 84 pixels
for Memory Gym and 64× 64 pixels for Minigrid). We used three con-
volution layers with 3, 32, and 64 filters respectively. The filters’ sizes are
8× 8, 4× 4, and 3× 3 respectively, and the strides are 4, 2, and 2 respec-
tively. The output of the convolution layers is squeezed into 1D by
concatenation before being fed into the RNN.

Proximal policy optimization. To train our models in these reinforce-
ment learning tasks, we used the proximal policy optimization (PPO)
algorithm due to its robustness (not sensitive to hyperparameter
tuning)69. As an on-policy algorithm, it suffers from sample complexity
problems, where it needs to produce a lot of samples during the training.
To alleviate the problem and speed up training, an asynchronous PPO
algorithm was proposed with the sample factory architecture70. We used
their architecture and implementation to train our models within a
reasonable amount of time. The goal of the PPO is to maximize the
expected return of a policy πθ , represented withJ θð Þ, which is equivalent
to the Q-value under the policy, shown as the following equation.

J θð Þ ¼ Êt Q̂t

� �
: ð8Þ

Denoting the parameters of the policy before the update as θold, it’s
been shown that the expected return of a policy πθ could be linked to the
policy before the update π θoldð Þ with the following equation.

J θð Þ¼J θold
� �þ Êt

πθ atjst
� �

πθold
at jst
� � Ât

2
4

3
5: ð9Þ

Ât is the estimation of the advantage A st ; at
� � ¼ Q st ; at

� �
-V st

� �
where V is the state value function. Let rt θð Þ denote the probability ratio
rt θð Þ ¼ πθ at jstð Þ

πθold at jstð Þ. The goal becomes maximizing a surrogate objective
function.

L θð Þ ¼ Êt rt θð ÞÂt

� �
: ð10Þ

To keep the updated policy from being too different from the current
policy, PPO clipped rt θð Þ to be around 1 with a hyperparameter ϵ ¼ 0:2,
then the surrogate objective becomes the following format.

LCLIPðθÞ ¼ Êt min rt θð ÞAt ; clip rt θð Þ; 1
1þ ϵ

; 1 þ ϵ

� ��
Ât

	 

: ð11Þ

The advantage Ât is estimated using generalized advantage estimation
in a length-T trajectory based on state value functions, as shown in the
following equations.

Ât ¼ δt þ γλ
� �

δtþ1 þ . . .þ γλ
� �T�tþ1

δT�1; ð12Þ

δt ¼ rt þ γV stþ1

� �� V st
� �

; ð13Þ

where neural networkmodels are used to approximateboth the policyπ and
the state value V. Thus a loss function that combines the policy surrogate
and the mean squared error of state values is used, shown as follows:

LCLIPþVF θð Þ ¼ LCLIP θð Þ � c1Et Vθ st
� �� V̂t

� �2h i
þ c2S πθ

� �
st
� �

; ð14Þ

wherec1 and c2 are coefficients, V̂t ¼
PT�1

n¼t γ
nrnþ1 is the sampled state

value and S is an entropy of the policy. This combined target is maximized
using stochastic gradient descent.

In the sample factory architecture, the training process is delegated to
three parallel components, including the rollout workers, policy workers,
and learners. The rollout workers are responsible only for environmental
simulation. The rollout worker calculates observations xt , rewards rt , and
feeds themto thepolicyworkers. Policyworkers sample actionsbasedon the
current policy and update hidden states ht of the agents. The length-T
trajectories become available to the learners once completed. The learners
continuously process batches of trajectories and update the neural network
parameters asynchronously, meaning that the policy workers don’t wait for
the policy updates. In our experiments, one learner, one policy worker, and
8–32 rollout workers were used, and each rollout worker hosted 12 envir-
onment instances.

Analysis of the neural networks
Transient index. The transient index is used to measure how well the
activity pattern of neuronal activities during the delay periodmatches the
transient trajectory theory. Three aspects of the activity pattern are
considered, including the uniformity, selectivity, and specificity of the
neuronal activities. These are measured by Shannon entropy, ridge-to-
background ratio33, and proportion of memory-related peak firing
respectively.

Shannon entropy. It is calculated to represent the information capacity of all
neurons in networks using different encoding methods. For each time
window t in a delay period, the probability of neurons attending encoding
peak firing of a trajectory is p tð Þ ¼ nt=N . nt is the number of neurons with
their peak activity in this timewindowandN is the total number of neurons.
Then, the Shannon entropy is calculated using the following equation,

H xð Þ ¼ �
XL
t¼1

p tð Þlog2p tð Þ; ð15Þ
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where L represents the number of split time windows (each is 100ms) for
raw delay period. A pseudo-count of 0.1 was added to each bin before
calculating the entropy. Shannon entropy also represents the uniformity of
the peak firing time, where a higher entropy usually indicates that neurons
firemoreuniformlyduring thedelayperiod.When combinedwith theother
properties, the entropy is normalized using the following equation,

E xð Þ ¼ H xð Þ
log2L

: ð16Þ

Ridge-to-background ratio. It is used to describe the selectivity of the neural
activity, i.e., how concentrated the firing activity of neurons is around the
peak. The ridge was defined as the mean activity in the Δt ¼ 1 timestep
surrounding the peak value, and the background was defined as the mean
activity in all the timesteps. Thus the ratio is defined as the following
equation:

R xð Þ ¼ 1
N

X
i

PtipþΔt
t¼tip�ΔtritPT

t¼0rit
; ð17Þ

where rit is thefiring rate ofneuron i at time step t.T is the trial lengthand tip
is the peak firing time of neuron i.

Proportionofmemory-relatedpeakfiring. Itmeasures howspecific thepeak
firing of the neurons is to the delay period when thememory is maintained.
It is calculated using the following equation.

P xð Þ ¼ Na

N
; ð18Þ

where Na is the number of neurons whose firing peak lies in the delay
period.Neuronsfiring at thepeakduring thedelayperiod couldhelp to form
the transient trajectory and transmit odor information.Ahigher proportion
indicates more neurons are involved in the formation of the transient tra-
jectory. Then the TI indicator is defined as the sum of these three sub-
indicators after normalization to the value range of zero to one, shownas the
following equation.

TI xð Þ ¼ E xð Þ þ R xð Þ þ P xð Þ: ð19Þ

Memory-selective neurons
To identify memory-selective neurons, the trials are each divided into one
second time bins.Wilcoxon rank-sum test71 is done by comparing themean
firing rates of the trials from different stimuli in each time bin. If the mean
firing rates are significantly different in any time bin between two stimuli,
the neuron is considered selective to the stimuli with higher responses. One
neuronmight be selective to multiple stimuli depending on which stimulus
is compared against. However, memory-selective neurons are defined as
those that have statistically significant firing rates for one specific stimulus.
In contrast, thosewithout selectivity ormultiple selective stimuli are defined
as non-selective neurons. Based on this definition, memory-selective neu-
rons in TRNNs after learning an ODPA task could also be identified
accordingly.

Psychometric function
We fitted the TRNN model’s performance data in the OPDA task to a
logistic psychometric function, shown as follows:

P θð Þ ¼ 1

1þ e
θ�m
s

: ð20Þ

The maximum likelihood estimation is used to determine the para-
meters m and s in the psychometric function. Powell algorithm is used to

calculate themaximum likelihood and the correspondingparametersm and
s.A total numberofn ¼ 64 trials is tested for eachθ.With ri correct trials for
θi found in the tests, the log-likelihood function is defined as the following
equation.

l ¼
X
i

rilogP θi
� �þ n� ri

� �
log P θi

� �� �
: ð21Þ

Demixed principal component analysis
We used dPCA to reduce the dimension of the population activities. This
algorithm is described in detail by Kobak et al.46. In brief, the activity matrix
of the neurons, X, is decomposed into task variable dependent terms by
taking averages over the task variables. In our case, we first decomposed the
matrix into sample-odor-independent, sample-odor-dependent, and noise
terms, shown as the following equation.

X ¼ Xt þ Xst þ Xnoise ¼
X
ϕ

Xϕ þ Xnoise: ð22Þ

For additional discussion,we also decomposed thematrix into sample-
odor-dependent, decision-dependent, time dependent, and noise terms,
shown as the following equation.

X ¼ Xt þ Xst þ Xdt þ Xnoise ¼
X
ϕ

Xϕ þ Xnoise: ð23Þ

Each term is then approximated using separate decoder and encoder
matrices, Dϕ and Fϕ, by minimizing the following loss function.

LdPCA ¼
X
ϕ

��Xϕ � FϕDϕX
����� ���2: ð24Þ

The decoder matrix Dϕ is composed of the demixed principal com-
ponents similar to PCA. The difference is that the demixed principal
components reconstruct the task variable-specific activities. These compo-
nents are ordered by the amount of variance explained. In the sample
response and delay period analysis, the principal components specific to the
sample-odor-dependent term Dst was used. For the discussion about the
decision representation, the sample-odor-dependent term Dst and the
decision-dependent term Ddt were used.

Statistics and reproducibility
For the TI comparison in the ODPA task, Student t test was used to analyze
the statistical significance.The animal data had averagedTIs in 14 recording
sessions, and the modeling data had TIs of 10models trained with different
initializations. In the reinforcement learning tasks, all data was tested with
Student t test. Three models trained with different randomly initialized
parameters were included in each group.

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

Data availability
The source data used for the graphs in the figure is provided in the sup-
plementary data file. The data could also be reproduced using themodeling
code. All other data are available from the corresponding author on rea-
sonable request.

Code availability
The code used in this study is available at https://github.com/jiashuncheng/
Transient.
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