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Recurrent neural networks with transient
trajectory explain working memory
encoding mechanisms
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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 though many 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-making'. 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 periods™, which have inspired recurrent
neural networks (RNNs) that support context-depend output® to simulate
attractor-type WM, attributing the memory maintenance to the attractor
state of the network dynamics™’.

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 neurons’™".
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
activities'"">. Some other studies proposed that chaotic network activities
could keep the memories of different stimuli separable over time''.
Another prominent theory proposed that oscillation and phase coding
encode short-term memories'”"’. Besides these activity-based memory

encoding theories, activity-silent states through short-term synaptic plas-
ticity were also hypothesized to be able to hold WM'**". Another line of
research observed that transient activities of individual neurons could tile
together to span the entire delay period””, supported by some related
theoretical studies indicating that the transient trajectory is a special form of
heteroclinic orbits between saddle fixed points to encode stimuli and last
beyond the stimulation duration™ .

At the same time, more RNNs were trained in working memory tasks
and showed transient activities'*”’. 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 trajectories” while
others found it encoded with amplitude of the transient oscillation™. 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 RNN could match some features
of the data'*. 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 mechanism™. Orhan et al. showed that the change
between these two patterns could be continuous in RNNs depending on the
network parameters and tasks”. However, whether keeping memory with

"Institute of Automation, Chinese Academy of Sciences, Beijing, China. ?School of Artificial Intelligence, University of Chinese Academy of Sciences, Beijing, China.
SLingang Laboratory, Shanghai, China. “Center for Excellence in Brain Science and Intelligence Technology, Chinese Academy of Sciences, Shanghai, China.

5These authors contributed equally: Chenghao Liu, Shuncheng Jia, Hongxing Liu.

e-mail: xubo@ia.ac.cn; zhangtielin@ion.ac.cn

Communications Biology| (2025)8:137


http://crossmark.crossref.org/dialog/?doi=10.1038/s42003-024-07282-3&domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1038/s42003-024-07282-3&domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1038/s42003-024-07282-3&domain=pdf
http://orcid.org/0000-0001-6041-7586
http://orcid.org/0000-0001-6041-7586
http://orcid.org/0000-0001-6041-7586
http://orcid.org/0000-0001-6041-7586
http://orcid.org/0000-0001-6041-7586
http://orcid.org/0000-0002-5111-9891
http://orcid.org/0000-0002-5111-9891
http://orcid.org/0000-0002-5111-9891
http://orcid.org/0000-0002-5111-9891
http://orcid.org/0000-0002-5111-9891
http://orcid.org/0000-0002-1111-1529
http://orcid.org/0000-0002-1111-1529
http://orcid.org/0000-0002-1111-1529
http://orcid.org/0000-0002-1111-1529
http://orcid.org/0000-0002-1111-1529
mailto:xubo@ia.ac.cn
mailto:zhangtielin@ion.ac.cn
www.nature.com/commsbio

https://doi.org/10.1038/s42003-024-07282-3

Article

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 organized™.

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-inhibition modification is similar to the negative feedback
design based on the spike-frequency adaptation (SFA) mechanism that was
used to induce traveling waves in computational models™ . 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 thresholds™™.

Unlike previous RNN modeling studies, we kept the vanilla RNN and
the TRNN in separated groups in our analyses and combined the results that
match the modeling 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 RNN had more 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 higher memory capacity and lower energy cost. Then
we compared the size-matched networks in a range of simple WM tasks that
simulated animal experiments, including delayed choice experiments and
spatial memory experiments*’, using reinforcement learning®”, and got
better performances with TRNNs. The closer activity patterns to animal
recordings and better performances of TRNNSs 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. la), extracellular Neuropixel
recordings were done in over 30 mouse brain regions (Fig. 1b). A total of
33,208 neurons were collected from 113 recording sessions™. To study the
transient trajectory observed in animal working memory experiments using
computational models, we designed stimulated ODPA experiment as a task
to train and test the models. 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 action would 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)'******>**4** ‘We chose a vanilla RNN architecture

with ReLU nonlinearity and the backpropagation for optimization. To make
the network more biologically plausible, we also initialized its recurrent
connection weights according to a 4:1 composition ratio of excitatory and
inhibitory neurons®. 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. le, Supple-
mentary Fig. 1b), as shown in the previous study™.

To compare these to neuronal activities from animal experiments, we
analyzed data shared with us by our collaborators collected in their recent
work™. 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 those of the RNNs. To quantify this difference, we proposed the
transient index (T1, Fig. 1¢), which extended the previous sequential index’’
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
neuron™, 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 the TI and better 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 the neuron with an additional self-inhibition input proportional to
its past activity. Since connectivity constraint is another common way to
modify RNNs, sparse connections were enforced at the network-connection
scale”. This was proposed because persistent firing in attractor models relied
on strong recurrent connections™. Third, the RNN was divided into three
functional regions, sensory, association, and motor regions, congruent to the
pathway found in natural neural networks™. Inter-region connections were
sparser than intra-region connections, based on the finding that there are
more spike coupling events within brain regions than between™'. Compared
to sparsity enforcement, self-inhibition targeted neurons with high activities
more specifically and could be more 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 s are significantly higher than the RNNss (Fig. 1f, h). Since TRNN and
RNN have the same number of learnable parameters but are different in
activity patterns during memory encoding, in the following experiments, we
could compare TRNNs to RNNG 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”)*. 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 permission™. ¢ The
transient index (TT) 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 of memory-related peak firing measures 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

0" ”
Biological

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 ¢ test, t = —30.00, p = 2.42e-19) and the TRNN (Student ¢ test,
t=—14.34, p = 2.74e-11). The difference between the animals and the TRNNs is not
significant (Student ¢ 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 TRNN model (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 function with a log-likelihood of —18.25 (Supplementary Fig. 2¢).

TRNN maintains 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, TRNN model might have trouble with variable delay periods.
To test this hypothesis, we trained the TRNN models 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 + SEM over
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
delay period, which is also the variable part, is lower in networks trained with
variable delay (Supplementary Fig. 3b). One question we would 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 the first odor), sample responding group
(peaking during the presentation of the first 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. 3¢).
One specific question is whether more neurons would be recruited to encode
the memory for longer delays? We divided the memory encoding neurons 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 3s 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
neurons were indeed mostly from the memory 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.

Then we analyzed how working memory was maintained 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)* (Fig. 3c).
The first stimulus-dependent component and the first time-dependent
component were chosen to summarize the activity. As expected, when the
sample odor was 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
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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. ¢ 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).

Presynaptic neurons

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.

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 two directions, leading to different decisions. On
the other hand, with different sample odors in memory, 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 the match and non-match neurons’ 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 activity’” and traveling wave
formation in head direction cells”, which explains how the neural network
maintains working memory in transient activities. Such asymmetry is also
used in theoretical modeling of transient trajectories*’. These asymme-
trical connections might also underlie the directional spike coupling
observed in Huang et al.”.

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

Communications Biology | (2025)8:137


www.nature.com/commsbio

https://doi.org/10.1038/s42003-024-07282-3

Article

a Three components
: Transient s . Hierarchicalg‘—>§
. parsity : !
‘. neuron topology :

1.0 q

Entropy

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, ¢ Distribution of TI score performance for TRNNSs using dif-
ferent proportions of transient neuron and network sparsity, with (b) and without
(¢) using additional hierarchical topology. Black dots in the manifold show some
examples of transient trajectories with different TI scores, where transient neurons

Network encoding

@

Average sqauréd

Network performance

Information T 1
richness ;

Energy
comsumption

104 -
103 4
9 RREE
8
2 |
g’lO
101 4
Vanilla.RNN
0
10 0.0 0.5 1.0 1.5 2.0

Tl
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(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.

with TT 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 strength of neurons and sparsity of the network on TTwas
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 TIL Similarly, since energy consumption was found to be positively
correlated to neuronal firing rate”””, 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 RNNs with low TTs, 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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where L represents the number of split time windows (each is 100 ms) 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
fire more uniformly during the delay period. When combined with the other
properties, the entropy is normalized using the following equation,

_ Hx)
" log,L’

E(x) (16)

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 At = 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:

tp+At
t=t, —AtTit
=lp

1
N "

i

wherer,, is the firing rate of neuron i at time step ¢. T'is the trial length and ¢,
is the peak firing time of neuron i.

Proportion of memory-related peak firing. It measures how specific the peak
firing of the neurons is to the delay period when the memory is maintained.
It is calculated using the following equation.

N
P =4
()=,

(18)
where N, is the number of neurons whose firing peak lies in the delay
period. Neurons firing at the peak during the delay period could help to form
the transient trajectory and transmit odor information. A higher proportion
indicates more neurons are involved in the formation of the transient tra-
jectory. Then the TT indicator is defined as the sum of these three sub-
indicators after normalization to the value range of zero to one, shown as the
following equation.

TI(x) = E(x) + R(x) + P(x). (19)

Memory-selective neurons

To identify memory-selective neurons, the trials are each divided into one
second time bins. Wilcoxon rank-sum test”' is done by comparing the mean
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
neuron might 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, those without selectivity or multiple 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:

(20)

O—m *

+e-

P(6) =
1

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

calculate the maximum likelihood and the corresponding parameters 1 and
s. A total number of n = 64 trials is tested for each 0. With r; correct trials for
0; found in the tests, the log-likelihood function is defined as the following
equation.

1= 3 [rlogp (@) + (1~ ) logP(6)].

1

@D

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.*. 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= Xt + Xs[ + Xnoise = ZX4> + Xnoise' (22)
¢

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

X= Xf + Xst +th +Xn0ise = ngb +Xnaise‘ (23)
¢

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

2
Lapca = Z “X¢ - F¢D¢X|‘ : (24)
¢

The decoder matrix D,, 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 D, was used. For the discussion about the
decision representation, the sample-odor-dependent term Dy, and the
decision-dependent term D, were used.

Statistics and reproducibility

For the TI comparison in the ODPA task, Student ¢ test was used to analyze
the statistical significance. The animal data had averaged TTs in 14 recording
sessions, and the modeling data had TIs of 10 models trained with different
initializations. In the reinforcement learning tasks, all data was tested with
Student ¢ 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 the modeling
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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