bioRxiv preprint doi: https://doi.org/10.1101/2022.10.14.512301; this version posted May 31, 2023. The copyright holder for this preprint (which

e

© o N o ot

10
11
12
13
14

15
16
17
18
19
20
21
22
23
24
25
26
27

was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

Random noise promotes slow heterogeneous synaptic dynamics

important for robust working memory computation

Nuttida Rungratsameetaweemana 2 *, Robert Kim 22 * Thiparat Chotibut 4, Terrence J.

Sejnowski 56

1 Department of Biomedical Engineering, Columbia University, New York, NY 10027, USA

2 Computational Neurobiology Laboratory, Salk Institute for Biological Studies, La Jolla, CA
92037, USA

3 Neurology Department, Cedars-Sinai Medical Center, Los Angeles, CA 90048, USA

4 Chula Intelligent and Complex Systems, Department of Physics, Chulalongkorn University,
Bangkok, Thailand

5 Institute for Neural Computation, University of California San Diego, La Jolla, CA 92093, USA

6 Division of Biological Sciences, University of California San Diego, La Jolla, CA 92093, USA

* Equal contribution

Correspondence: thiparatc@gmail.com (T.C.) and terry@salk.edu (T.J.S.)

Abstract

Recurrent neural networks (RNNs) based on model neurons that communicate via continuous signals
have been widely used to study how cortical neurons perform cognitive tasks. Training such networks
to perform tasks that require information maintenance over a brief period (i.e., working memory
tasks) remains a challenge. Critically, the training process becomes difficult when the synaptic decay
time constant is not fixed to a large constant number for all the model neurons. We hypothesize that
the brain utilizes intrinsic cortical noise to generate a reservoir of heterogeneous synaptic decay time
constants optimal for maintaining information. Here, we show that introducing random, internal
noise to the RNNs not only speeds up the training but also produces stable models that can maintain
information longer than the RNNs trained without internal noise. Importantly, this robust working
memory performance induced by incorporation of internal noise during training is attributed to an
increase in synaptic decay time constants of a distinct subset of inhibitory units. This increase leads

to slower decay of stimulus-specific activity, which plays a critical role in memory maintenance.
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28 Introduction

29 It is widely acknowledged that the cortex exhibits a high level of spontaneous activity that appears
30 unrelated to task-specific neural codes or behaviors. However, recent works have demonstrated that
31 such “cortical noise” contains information about the environmental context and has a direct impact
32 on downstream behavioral outcomes [IH3]. For instance, Musall et al. [I] showed that the cortical
33 noise in mice contains information about the visual stimulus even in the absence of a task, suggesting
34 that it may play a role in sensory processing. Similarly, Stringer et al. [3] found that the cortical
35 moise in mice contains information about the animal’s location and movement speed, which is crucial
36 for navigation. Furthermore, previous studies have also shed light on the significance and relevance
37 of cortical noise to cognitive processes. For example, Caron et al. [4] showed that the random
38 structures of the olfactory system in Drosophila optimized the diversity of odor representations in
39 neural circuits. Together, these findings challenge the traditional view of cortical noise as mere

40 “background noise,” highlighting its potential role in cognitive functions.

41 In addition to the experimental findings, there is growing evidence from computational and
42 modeling studies that introducing noise during the training process can lead to improved stability
43 and robustness of neural networks. Specifically, several studies have demonstrated that injecting
44 Gaussian noise during the training process of multi-layer perceptron (MLP) and recurrent neural
45 networks (RNNs) can improve their performance [5H7]. For example, Lim et al. [7] examined the
46 impact of injecting noise into the hidden states of vanilla RNNs and found that it contributed to
47 stochastic stabilization through implicit regularization [§]. Additionally, Camuto et al. [6] studied the
48 regularization effects induced by Gaussian noise in MLPs and showed that the explicit regularization

49 provided several benefits, including increased robustness to perturbations.

50 Despite the demonstrated benefits of noise injection in vanilla RNNs and MLPs, it is not yet
51 clear whether these findings extend to more biologically plausible RNNs that incorporate neuronal
52 firing rate dynamics. It is also unclear if introducing noise can improve the cognitive capabilities of
53 these RNNs. We hypothesize that incorporating noise into such biologically plausible RNNs will give

54 rise to persistent activity, which in turn will be crucial for enhancing working memory performance.

55 In this study, we propose a systematic approach to address these questions. Specifically, we
56 investigate the impact of noise during training of firing-rate RNNs to perform tasks that require
57 different cognitive functions, such as decision making and working memory. We show that the
58 introduction of noise during training significantly enhances the RNN’s performance on tasks that

59 specifically require working memory. By dissecting the networks trained with noise and employing
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60 stability analysis methods, we further show that noise induces slow dynamics in inhibitory units and
61 forces these units to be more active, resulting in more stable memory maintenance. These findings
62 aligned with recent experimental and theoretical studies that place specific subtypes of inhibitory
63 neurons at the center of working memory computations [9-13]. Therefore, our study illustrates how
64 seemingly random noise in the cortex could lead to specific changes in synaptic dynamics critical for

65 complex cognitive functioning.

66 Results

67 Biologically plausible RNN model and task overview. Even though recent advances in deep
68 learning and artificial intelligence (AI) have greatly increased the functionality and capability of
69 artificial neural network models, it is still challenging to train a network of model neurons to perform
70 cognitive tasks that require memory maintenance. Models based on recurrent neural networks
71 (RNNs) of continuous-variable firing rate units have been widely used to reproduce previously
72 observed experimental findings and to explore neural dynamics associated with cognitive functions

73 including working memory, an ability to maintain information over a brief period [14HI7].

74 We study the following RNN model composed of excitatory and inhibitory rate units:

dl‘i

N
R = i Y wid () + (win)u 0
j=1

75 where 7; and x; refer to the synaptic decay time-constant and synaptic current variable, respectively,
76 for unit ¢. The synaptic current variable is converted to the firing-rate estimate via a nonlinear
77 transfer function (¢(-)). Throughout this study, we employed the standard sigmoid function for ¢.
78 w;; is the synaptic strength from unit j to unit ¢, and w(t) is the task-specific input data given to

79 the network. The input signals are given to neuron i via (w;y,);.

80 The above firing-rate RNN model was trained using backpropagation through time (BPTT; [18])
81 to perform a task that involves maintaining information over a brief period (i.e., working memory
82 task). The task is a delayed match-to-sample (DMS) task that requires the model to match the signs
83 of the two sequential input stimuli (Figure ; see Methods). While the model has shown success in
84 various cognitive tasks [14H17], training the model with important biological constraints to perform
85 the DMS task with a long delay period between the two input stimuli remains challenging. Notably,
86 the training time increases exponentially as a function of the delay duration. As shown in Figure [Tp,
87 the model required more trials to achieve successful training on the DMS task as the delay interval

88 increased from 50 ms to 150 ms and 250 ms (all Ps < 0.001, two-sided Wilcoxon rank-sum test).
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89 Moreover, when the synaptic decay time constant (7) was fixed at a small constant (i.e., fast decay

90 rate), the training process failed to converge.

91 Noise improves learning and enhances network resilience on working memory tasks. In
92 order to study the effects of noise on the dynamics of the firing-rate RNNs and their performance
93 on the DMS task, we introduced noise in the form of random Gaussian currents injected into the
94 units during the training process (Figure [If; see Methods). For each noise level (C; see Methods),
95 we trained 50 RNNs to perform the DMS task with a delay interval of 250 ms. Specifically, there are
96 4 stimulus conditions (s =41/ +1,s=+1/—-1,s=—-1/+1, and s = —1/ — 1). For the matched
97 cases (stimulus condition 1 and 4), the model had to generate an output signal approaching +1. For
98 stimulus condition 2 and 3 where the signs of the two sequential stimuli were opposite, the model
99 had to produce an output signal approaching -1. As shown in Figure [I{d, the training success rate
100 for the baseline model (i.e., no internal noise; C' = 0) was 66% (33 out of 50 RNNs were trained
101 within the first 20,000 trials). As the number of the noise channels (C) increased (see Methods), the
102 training success rate also increased (see Supplementary Materials). When C' = 10, all 50 RNNs were
103 successfully trained to perform the task (dark green in Figure ) For the networks successfully
104 trained, we did not see any significant difference in the number of training trials/epochs required
105 among the four different noise conditions (C' € {0,1,5,10}; Figure ) We observed a similar trend

106 for a DMS task involving two delay intervals (see Methods; see Supplementary Materials).

107 As shown in Figure and [Tk, the noise condition of C' = 10 yielded the highest training
108 efficiency. Importantly, the RNNs trained with this optimal noise structure were also more robust
109 to perturbations of noisy input signals and internal dynamics (see Methods) and could perform the
110 DMS task with longer delay periods as compared to the RNNs trained without any injection of
111 internal noise (Figure ) These results suggest that the injected noise facilitated contextualized
112 sensory encoding and led to a more robust representation of the input stimuli. To further investigate
113 the impact of internal noise on the RNN dynamics, we applied the Potential of Heat-diffusion for
114 Affinity-based Transition Embedding (PHATE; [19]) to the internal state trajectories of the RNNs
115 trained with and without noise (see Methods). Applying this dimensionality reduction method to
116 one example RNN realization from the baseline (C' = 0) and noise (C' = 10) conditions revealed
117 distinct differences in the dynamics and representations of the four stimulus conditions (Figure )
118 In the RNN trained without noise, the neural representations of distinct stimulus conditions were
119 found to intermingle in the lower-dimensional embedding space (Figure ) However, in the RNN

120 trained with noise (Figure ), the dynamical structures corresponding to the four conditions were
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121 clearly demarcated, indicating a more distinct representation of the stimuli. Notably, these neural
122 trajectories exhibit meaningful and informative bifurcations that are driven by the temporal structure
123 of the DMS task (as indicated by the black arrows in Figure ) Specifically, the first bifurcation
124 occurs upon presentation of the first stimulus (at 250 ms), followed by a second bifurcation at the
125 onset of the second stimulus (at 750 ms). These distinct bifurcations observed in the trajectories
126 over time highlight the role of injected internal noise in facilitating contextualized sensory encoding

127 and working memory computation, as evidenced by the clear segregation in the trajectory patterns.

128 Noise modulates cell-type specific dynamics underlying working memory computation.

129 Next, we investigated how the noise facilitated stable maintenance of stimulus information by
130 examining the optimized model parameters. Given the previous studies highlighting the importance
131 of inhibitory connections for information maintenance [9, [ITHI3], we hypothesized that the internal
132 noise enhances working memory dynamics by selectively modulating inhibitory signaling. To test
133  this, we first compared the inhibitory recurrent connection weights of the RNNs across different noise
134 conditions (C' = 0,1, 5,10). We did not observe any significant differences in the inhibitory weights
135 (see Supplementary Materials). Similarly, the excitatory recurrent weights were also comparable

136 across the noise conditions (see Supplementary Materials).

137 As we did not observe any noticeable changes in the recurrent weight structure induced by
138 the noise, we next analyzed the distribution of the optimized synaptic decay time constants (7).
139 Interestingly, the synaptic decay constant distribution shifted toward the maximum value (125 ms;
140 see Method) for the RNNs trained with noise (Figure [3h). Separating the distribution of the
141 inhibitory units from the excitatory units revealed that the change in the decay dynamics was
142 mainly attributable to the shift in the inhibitory synaptic decay dynamics (Figure ) In addition,
143 the extent of the shift was correlated with the number of the noise channels (C'): as C increased,
144 the inhibitory synaptic signals decayed slower (see Supplementary Materials). We also observed
145 an increase in the decay time constant in the excitatory population as the level of noise increased
146 (Figure |3b). Notably, when comparing the changes in the population decay time constants between
147 inhibitory and excitatory groups, the noise-induced slowing dynamics were more prominent in the
148 inhibitory subpopulation (Ps < 0.001, H = 89.3; Kruskal-Wallis test with Dunn’s post hoc test).
149 These findings are in line with recent modeling studies that emphasized the importance of slow

150 inhibitory dynamics in maintaining information [13].

151 Since the RNNs trained with noise showed an increase in the inhibitory synaptic decay time-

152 constant, we explored whether increasing the inhibitory 7 would enhance the robustness of RNNs
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153 trained without noise. To test this hypothesis, we used the example RNN trained without noise
154 (same network as the one shown in Figure ) Despite the low-dimensional representations of
155 the stimulus conditions appearing blended (Figure ), the network exhibited high accuracy in
156 performing the DMS task (Figure ) When 7 for all the units in the network were increased to
157 the maximum value (i.e., 125 ms), the network’s performance significantly decreased (Figure [3g).
158 We also observed that increasing the inhibitory 7 to 125 ms, while keeping the excitatory T at its
159 original value, impaired the task performance (Figure |3f). Together, these findings underscore the
160 importance of incorporating internal noise during training to shape learned dynamics and enhance

161 the network’s capacity to robustly perform working memory computations.

162 Noise pushes model neurons with slow synaptic dynamics toward the edge of instability.
163 Given that artificially increasing the inhibitory synaptic time constants in the RNNs trained without
164 noise did not lead to improved memory maintenance (Figure [3f), we next focused on understanding
165 the role of slow inhibitory signaling in the networks trained with noise. Operating under the
166 assumption that a robust RNN generates stable and persistent activity patterns to maintain
167 information, we performed linear stability analysis around x(t) &~ «* during the delay window. This
168 condition can be achieved when each unit in the network maintains relatively stable synaptic current
169 activity throughout the delay window, i.e., (t) ~ x* at a given time point ¢ during the delay period,
170 where x* is the delay period steady state (see Supplementary Materials).

171 For each first stimulus condition, s; € {—1,+1}, we studied the impact of a small instantaneous

*

%,). In the absence of an

172 perturbation around the stimulus-specific delay period steady state (x

173 input stimulus, we have the following equation (modified from Equation (1f)):

de; 1 al
il ;wija(xj) = Fy(x) (2)
174 Perturbing x3, by dxs, would lead to
d
i = F(a,) + J(a, )8z, + O0(0a?) (3)

E w;‘l +ox s,
175 where J(x,) is the Jacobian matrix (see Methods). Since F(x},) ~ 0, the perturbed dynamics
176 (Equation (3))) can be re-written as

doxs,

(@] )0, 4)
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177 with the Jacobian matrix written explicitly as

1
Jij(@5,) = — [=6ij + wio(x;) (1 —o(xy)]| . (5)
T; z=x},
178 Performing spectral decomposition on J and calculating the eigenvalues (A) of the example

179 RNN models employed in Figure [2 revealed that all eigenvalues of J exhibited negative real parts,
180 indicating that the steady states (x} ) are indeed stable against mild instantaneous perturbations
181 (Figure fh; see Methods). Interestingly, the RNN model trained with noise contained more
182 slowly relaxing modes with oscillatory behaviors compared to the network trained without noise
183 (i.e., eigenvalues with non-zero imaginary components shifted toward zero along the real axis in
184 Figure fh). Furthermore, these modes characterized by slow relaxation dynamics were found to
185 exhibit de-localization, as evidenced by their low Inverse Participation Ratio (IPR) values (greener
186 dots in Figure [fe-h and comparison of average IPR values between the two RNNs shown in Figure [j;
187 see Methods). Specifically, a larger IPR indicates a more localized perturbation that affects a smaller
188 number of units, while a smaller IPR corresponds to a more delocalized perturbation affecting a
189 larger number of units. In other words, RNNs trained with noise are more robust compared to the
190 RNNSs trained without noise, as they require sustained perturbations to a larger number of units for

191 the steady state to be destabilized.

192 In order to further characterize the slow relaxation modes observed in the RNN trained with
193 noise, we first identified the units involved in the left eigenvectors corresponding to the top ten
194 eigenvalues (i.e., ten least negative eigenvalues) for each RNN model (see Methods). We categorize
195 the units with non-zero amplitudes in the top ten eigenvectors as dominant units, while the units
196 with zero amplitudes are referred to as non-dominant units. Notably, in both RNN models (trained
197 without and with noise), the dominant units were associated with significantly larger synaptic decay
198 time constants compared to the non-dominant units (Figure 4j and ) Furthermore, the synaptic
199 decay dynamics of the dominant units in the RNNs trained with noise were significantly slower than
200 the dynamics of the dominant units in the networks trained without noise (P < 0.001, two-sided

201 Wilcoxon rank-sum test).

202 These findings suggest that the injection of noise during training resulted in an increased
203 proportion of units exhibiting slower synaptic dynamics (i.e., dominant units). In addition, this
204 noise-induced effect pushed the top eigenmodes composed of these units closer to the edge of
205 instability (critical boundary between stable and unstable behavior). Next, we analyzed the firing

206 rate activities of the dominant and non-dominant units in the two models. As shown in Figure [,
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207 the firing rate timecourses of the dominant units (dark purple) in the RNN trained without noise
208 were not significantly different from those of the non-dominant units (light purple) during the delay
209 period following the first stimulus presentation. In contrast, the dominant units in the RNN example
210 model trained with noise showed elevated firing rates throughout the delay period (Figure ),
211 implying that these units sustain the stimulus information through persistent firing. Performing the
212 above analysis on all trained models revealed similar findings (Figure [5c and ) By comparing
213 the average delay period firing rate of the dominant units in the two models, we observed that the
214 dominant units in the RNNs trained with noise exhibited significantly higher activity compared to
215 the dominant units in the noise-free RNNs (Figure |5¢). No significant differences were observed in
216 the average delay period activity of the non-dominant units between the two models (Figure [5f).
217 These findings strongly suggest that training with noise induced the top eigenmodes to contain units

218 with slow synaptic dynamics conducive for sustaining information for extended periods.

219 Robustness and increased efficiency due to intrinsic noise are specific to working memory
220 computations. Finally, we asked if the modulatory effects of noise during training were specific
221 to working memory dynamics. To address this question, we devised two cognitive tasks that do
222 mnot require maintenance of sensory information over time, namely two-alternative forced choice
223 (AFC) task and context-dependent sensory integration (CTX) task (see Methods). In the AFC
224 task (Figure |§|a), the RNN model had to generate an output signal that indicated whether a target
225 sensory signal was present. The CTX task is a more challenging variant of the AFC task, where the
226 model was trained to produce an output that corresponded to one of the two input modalities as
227 determined by a context signal [14] (Figure [6). As these task paradigms do not involve any delay
228 interval, the model only requires minimal information maintenance, if any, to perform well on these

229 tasks.

230 Our findings demonstrated that the RNN models were able to perform these non-working memory
231 tasks well without any noise, and that adding noise during training did not further improve training
232 efficiency for either task. In fact, it took longer for models to reach successful training criteria
233 when noise was added during training for both sensory integration and context-dependent sensory
234 integration tasks (Ps < 0.001 for both tasks). To investigate if noise modulated the temporal
235 dynamics on these tasks, we analyzed synaptic decay time constants of all the units as well as
236 separately for excitatory and inhibitory units. Our results revealed no difference in the synaptic
237 decay dynamics in the inhibitory units from the models that trained without noise and those trained

238 with noise (Figure @b and d). These findings suggest that the slow synaptic decay dynamics induced
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239 by noise are specific to working memory functioning where robust information maintenance is needed
240 to ensure successful performance. Furthermore, the stability and perturbation analyses of the CTX
241 RNNs revealed that the networks trained with noise were not more robust compared to the models

242  trained without noise (see Supplementary Materials).

243 Discussion

244 In this study, we demonstrated that introducing random noise into firing-rate RNNs allowed the
245 networks to achieve efficient and stable memory maintenance critical for performing working memory
246 tasks. We also showed that the models trained with noise were able to generalize to sustain stimulus-
247 related information longer than the delay period used during training. Further analyses uncovered
248 that the introduction of noise led to the emergence of inhibitory units with slow synaptic decay
249 dynamics, which were predominantly associated with dominant eigenmodes situated near the edge
250 of instability. These eigenmodes were critical for maintaining information during the delay period of
251 the working memory task. In addition, these effects were specific to the models trained to perform

252 working memory task, suggesting that noise-induced changes were specific to working memory.

253 Our findings are closely related to the previous studies that reported the benefits of random neural
254 noise ubiquitous in the cortex in memory recall and associative learning |20, 21]. For example, recent
255 experiments showed that a high level of noise and randomness in the olfactory system (i.e., random
256 and seemingly unstructured networks in the piriform cortex) allows for not only flexible encoding of
257 sensory information but also maintenance of the encoded information [4, 22H24]. Consistent with
258 this line of work, the injected noise in our RNN models during the training helped stabilize the
259 encoding of sensory space and thus enhanced learning efficiency. Taken together, our study provides
260 an easy-to-use framework for understanding how internal noise influences information maintenance

261 and learning dynamics when performing working memory cognitive tasks.

262 One limitation of the present study is the lack of comparisons with RNNs trained with learning
263 algorithms that are not based on gradient-descent optimization. One such algorithm is First-Order
264 Reduced and Controlled Error (FORCE) learning which has been employed to train rate and spiking
265 RNNs [25], 26]. Due to the nature of the method, it is currently not possible to train the synaptic
266 decay time constant term using FORCE training, making the comparison with our models difficult.
267 Reinforcement learning is another learning algorithm that can be employed to train biologically

268 realistic RNNs [27].

269 Even though we showed that increasing the number of noise channels could lead to heterogeneous
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270 synaptic decay time constants, it is unclear why only inhibitory synaptic decay constants undergo
271 significant changes for working memory tasks. Future work will focus on better understanding the

272 theoretical and computational basis for the emergence of slow inhibitory synaptic dynamics.

273 By interpreting the concept of noise in machine learning within the context of biology, the
274 present study proposes a general framework that bridges recent advances in machine intelligence
275 with empirical findings in neuroscience. Our approach includes introducing internal noise into a
276 Dbiologically realistic artificial neural network model during training to simulate cortical noise and
277 systematically evaluating its effects on model dynamics and performance under different testing
278 conditions. Elucidating the computational underpinnings of how cortical noise modulates cognitive
279 functions will help us better understand how such processes are disrupted in neuropsychiatric
280 conditions such as schizophrenia and autism spectrum disorder. Finally, our framework has the
281 potential to shed light on the fundamental mechanisms that may give rise to the therapeutic effects
282 of deep brain stimulation (DBS), a neuromodulation technique that entails the targeted delivery of

283 electrical stimulation to specific brain regions.

10


https://doi.org/10.1101/2022.10.14.512301
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2022.10.14.512301; this version posted May 31, 2023. The copyright holder for this preprint (which
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

284 Methods

Continuous-rate recurrent neural network (RININ) model. We constructed our biologically
realistic RNN model based on Equation . All the units in the network are governed by the

following equations:

) N
Ti% = —zi(t) + Y wigri(t) + (Wnoise )it (£) + (win)iu(t) + &(1) (6)
j=1
1
i) = o) = ) v
o(t) = wour(t) +b (8)

285 where 7; is the synaptic decay time constant of unit 4, x; is the synaptic current variable of unit 4,
286 wjj is the synaptic weight from unit j to unit 4, and r; is the firing rate estimate of unit ¢ (estimated
287 by using the sigmoid transfer function in Equation (7). Each model contains 200 units. To adhere
288 to previous empirical observations regarding the proportion of excitatory and inhibitory units in the
289 Dbrain, we constructed each RNN with a composition of 80% excitatory and 20% inhibitory units
290 (i.e., E-I ratio of 80/20; [28-30]). The model receives time-varying input composed of U channels
291  of signals over T time steps (u € RUXT) via the input weight matrix, w;, € R¥*U ((w;,); refers
292 to the input weight matrix for neuron 7). The input signal (u) represents task-specific incoming
293 sensory information. The network also receives random noise via Wpeise € RY *C where C is the
294 number of independent noise signals in ¥ € R€*T. Each signal in 1 was drawn from the standard
295 normal Gaussian distribution (i.e., zero mean and unit variance). We considered C € {0, 1,5, 10}.
296 The sensory noise (€ € RV*T) was modeled with a Gaussian noise, uncorrelated in time, with zero
297 mean and variance of 0.01. The output (o) of the network was computed as a weighted average of

298 the activities of the units via the readout weights (wyy,) and the constant term (b).

299 The dynamics were discretized using the first-order Fuler approximation method and with the

300 step size (At) of 5 ms:
At At
Ty = <1 - T) T+ 7(’107%4 + WhoisePi—1 + Wint—1) + &1 9)

301 where @; = x(t) and 1/7 denotes a diagonal matrix whose i'" diagonal element is 1/7;. The network
302 was trained using backpropagation through time (BPTT). The trainable parameters of the model
303 included w, wyoise, T, Wout, and b. To further impose biological constraints, we incorporated Dale’s
304 principle (separate populations for excitatory and inhibitory units) using methods similar to those

305 implemented in previous studies |31}, 32].

11
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Instead of fixing the synaptic decay constant (7) to a fixed value for all the units, we optimized
the parameter for each unit using a similar algorithm similar to the method described in Kim et al.
[32]. The parameter was trained to range from 20 ms to 125 ms to model heterogeneous synaptic
dynamics of different receptors in the cortex [33, 34]. We initialized the synaptic decay time constant

parameter (7) using
T = U(N(07 1))Tstep + Tmin,

306 where o(+) is the sigmoid function and N(0, 1) refers to the standard normal distribution. Ty, =
307 20 ms and Tep = 105 ms were used to constrain the parameter to range from 20 ms to 125 ms. The
308 gradient of the cost function with respect to the synaptic decay term is derived in Supplementary

309 Information.

310 The schematic diagram of the model is shown in Figure [Tg. All the models were implemented
311 with TensorFlow 1.10.0 and trained on NVIDIA GPUs (Quadro P4000 and Quadro RTX 4000).

312 Delay match-to-sample (DMS) task. Two match-to-sample (DMS) tasks were used to train
313 our RNN model and assess how the noise influenced the robustness of memory maintenance in the
314 network. Both tasks involved two sequential stimuli (each lasting 250 ms) separated by a delay
315 interval of 250 ms. The first stimulus was presented after a fixation period of 250 ms. During
316 the stimulus window, the input signal (u) was set to either -1 or +1 (Figure ) If the signs of
317 the two sequential stimuli matched (i.e., stimulus condition 1: s = (+1/ + 1); stimulus condition
318 4: s = (—=1/ —1); Figure ), the model was trained to produce an output signal approaching
319 +1. When the signs were opposite (i.e., stimulus condition 2: s = (+1/ — 1); stimulus condition
320 3: s =(—1/+1); Figure Bp), the model had to produce an output signal approaching -1. For the
321 first task, the model had to respond immediately after the second stimulus (Figure ) A second
322 delay period of 250 ms was added after the second stimulus for the second task (see Supplementary
323 Materials). Due to the two delay periods, the second DMS task is considered a more challenging
324 working memory task than the first task. The primary focus of the present study is the one-delay
325 DMS task, and all the DMS findings presented in the main text are exclusively derived from this
326 specific paradigm.

327 Training protocol. Our model training was deemed successful if the following two criteria were

328 satisfied within the first 20,000 epochs:

329 e Loss value (defined as the root mean squared error between the network output and target

330 signals) < 7
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331 e Task performance (defined as the average accuracy of the network output over 100 randomly

332 generated testing trials) > 95%

333 If the network did not meet the criteria within the first 20,000 epochs, the training was terminated.
334 For each task and each value of C' € {0,1,5,10}, we trained 50 RNNs using the above strategy. We

335 considered the RNNs trained with C' = 0 (i.e., without any noise) as the baseline model.

336 Testing protocol. To evaluate the robustness and stability of the trained RNNs, we devised a
337 series of testing conditions where different aspects of the one-delay DMS task (Figure [1f) were
338 systematically manipulated. During testing, internal noise and noisy input signals were introduced
339 to the trained networks. For each successfully trained RNN, we generated w,ise and 1) as identically

340 distributed Gaussian random variables to deliver random noise during testing.

341 For the noisy input signal, white-noise signals (drawn from the standard normal distribution)
342 were added to the sensory signals (u) to mimic stimulus-related noise. Additionally, we also varied
343 the duration of the delay interval to range from 250 ms to 1250 ms (with a 500-ms increment) to

344 assess the stability of memory maintenance (Figure )

345 Working memory-independent tasks. In addition to the DMS tasks that require memory
346 maintenance over time, we designed two additional cognitive tasks that do not involve working
347 memory computation. By comparing the dynamics of the RNNs between the DMS tasks and
348 these working memory-independent tasks, we were able to identify the specific network dynamics

349 associated with working memory computation.

350 For the two-alternative forced choice (AFC) task, our RNN model was trained to produce an
351 output signal approaching +1 when a stimulus was presented (250 ms in duration), following a
352 fixation period of 250 ms. For a trial where a stimulus was not presented, the model had to maintain
353 the output signal close to 0 (Figure[6p). For the context-dependent sensory integration (CTX) task,
354 the model received two streams of noisy stimulus signals (input modality 1 and input modality 2;
355 (Figure |§|c) along with a constant-valued, context signal which informed the model which sensory
356 input modality was relevant on each trial. A random Gaussian time series signal with zero mean and
357 unit variance was used to simulate a noisy sensory input signal. Each time series signal was then
358 shifted by a positive or negative constant offset value to encode sensory evidence towards either the
359 positive or negative choice, respectively. The magnitude of the offset value determined the degree of
360 evidence for the specific choice (positive/negative) represented in the relevant noisy input signal.

361 The network had to generate an output signal approaching +1 or -1 in response to the cued input
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362 signal with a positive or negative mean, respectively. Thus, if the cued input signal was generated
363 with a positive offset value, the network was expected to produce an output that approached +1
364 irrespective of the mean of the irrelevant input signal. For both the AFC and CTX tasks, the

365 training termination criteria were similar to those used for the DMS (see Training protocol).

366 Visualization of network dynamics. To visualize the neural dynamics of working memory
367 computation as a function of injected internal noise during training, we employed the Potential of
368 Heat-diffusion for Affinity-based Transition Embedding (PHATE) algorithm [I9]. This dimensionality
369 reduction technique is a manifold learning algorithm that enables faithful visualization of high-
370 dimensional data while best preserving the global data structure. Two example RNN models
371 successfully trained either without (C' = 0) or with noise (C' = 10) were presented with a simulation
372 of 100 DMS test trials (25 from each of the four stimulus conditions). The delay interval was fixed
373 at 250 ms, such that the temporal structure of the testing phase mirrored that of the training
374 environment (see Figure [If).

375 We then used the resulting neural activity data from each model type during this testing phase
376 as input data for PHATE in order to compute the low-dimensional embedding corresponding to
377 the neural activity of the RNNs trained with and without noise. Specifically, for each of the RNNs
378 trained under each noise condition (without or with noise), the diffusion operator matrix was first
379 calculated using pairwise similarities among individual points in the input network activity time
380 series (downsampled by a factor of 5). This matrix was raised to a power exponent to amplify the
381 local structure while preserving the global structure of the input data. The resulting matrix was
382 then used to generate the low-dimensional embedding that captures the neural dynamics of the

383 input data.

384 To characterize potential topological patterns within the neural dynamics associated with
385 each RNN, clustering was performed on this PHATE-generated embedding. Specifically, a K-
386 means clustering algorithm was used to partition the data into distinct groups based on their
387 spatial proximity in the low-dimensional space. For visualization purposes, a 3-dimensional PHATE
388 embedding of a sample model from each noise condition (i.e., without noise and with noise; Figure —
389 c¢) was plotted and colored by stimulus conditions (Figure ) Black arrows were also included to
390 indicate the temporal evolution of the neural trajectories over the trial duration. These embeddings
391 provided insights into the temporal structure underlying working memory computation associated

392 with the network dynamics that resulted from the incorporation of internal noise during training.
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393 Network stability analysis. To investigate the neural dynamics associated with memory main-
394 tenance, we employed linear stability analysis. Specifically, we performed this analysis on the
395 synaptic currents of the RNNs successfully trained without or with noise during the delay period
396 in the DMS task (i.e., from the offset of the first stimulus to the onset of the second stimulus
397 (see Figure ) Throughout this window, the network activities exhibited consistent steady-state

398 patterns, as illustrated in Supplementary Materials.

399 For each first stimulus condition s; € {—1,+1}, we defined the steady-state synaptic current
400 variable (3, ) by first averaging x, (t) across time within the delay window and then averaging across
401 multiple trials (50 trials per each first stimulus condition). The impact of a small instantaneous
402 perturbation around the delay period steady state g on the synaptic current patterns is determined

403 by the deterministic dynamics of Equation in the absence of an input stimulus:

N
dd? = 711 —Ti + ;wz’ja(l‘j) = Fi(). ()
404 For a weak perturbation dxs, around x}, , the linearized approximation of the perturbed dynamics
405 is 4z _—— = F(x}) + J(x},)0xs, + O(6x2)), where J(x},) is the Jacobian matrix J;;(x% ) =
406 gfjf e By the assumption of the late-time steady state x , which is also consistent with the

407 numerical results, we have F(z} ) ~ 0. Thus, the linearized dynamics of the perturbation dxs, can

408 be written as

déxs,
dt

~ J(zh,)oxs,, 1)

409 with the Jacobian matrix written explicitly as

Ji(@) =~ =6+ wigo o)1 — o) B)

Ti m:w*l
410 Network responses to weak perturbations around the steady states can now be systematically

411 explored by the spectral analysis (eigenvalues and eigenvectors) of the Jacobian in .

412 For clarity, we will add the subscript s only when the stimuli-specific statement is needed. Also,
413 J will denote the Jacobian evaluated at the steady state of interest. In this notation, given the
414 linearized perturbed dynamics of , the initial perturbation dxg will evolve into the response at

415 time ¢, dx(t), that can be studied via the spectral decomposition of J [35] as

N

dx(t) =Y eMpft (pLom), (10)

n=1
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416 where L and ¥ are, respectively, the left and the right eigenvector of J with the eigenvalue \,,.
417 Notably, our trained RNNs exhibit highly asymmetric w such that the Jacobian is non-hermitian,

418 leading to distinct left and right eigenvectors.

419 Eq. states that an initial perturbation dxg via 7,[),’% will contribute to a response Q/Jf, such
420 that the response will grow (decay) exponentially on the timescale of |1/Re (A,)| when Re (A,) >0
421 (Re (M) < 0).

422 Since the dominant responses to a perturbation depend on the overlap between the perturbation
423 and the top-most left eigenvectors ( ﬁéwg), the non-zero elements of the top-most left eigenvectors
424 determine the spatial extent of perturbation required to significantly influence the system’s response.
425 Along this line, the larger the number of non-zero elements in the top-most left eigenvectors, the

426 larger the number of units that need to be perturbed to destabilize the late-time steady states.

427 We employ the Inverse Participation Ratio (IPR), a measure commonly used in the study of
428 localization phenomena in statistical physics [36], to reflect the number of units participating in the
429 perturbation. The IPR provides valuable insights into the localization of perturbations by indicating

430 the number of units involved in the perturbation process. In particular,

IPR(A,) = it ()il ) a)
(S )il

431 The IPR of the left and the right eigenvector will be denoted by IPR;, and IPR g respectively, though

432 we will focus on IPR, as we are interested in the size of the neural subpopulations participating
433 in the perturbation. Note that the maximum and the minimum values of IPR}, are attained at,
434 respectively, 1 when only a single neuron is non-zero, and 1/N when all the units are uniformly
435 activated. A larger or a smaller value of IPRy, indicates that the perturbation is localized around a

436 smaller number of units, or extended over a larger number of units, respectively.

437 Perturbation analysis. For the example models shown in Figure 2] we first performed the network
438 stability analysis described above. We then ranked the eigenvalues (A) based on their real values
439 and identified the corresponding left eigenvectors (1) for the top ten eigenvalues. For each of the
440 top ten eigenvalues, we also computed the associated IPRy, (see Supplementary Materials). Next, we
441 perturbed the set of units that contributed to each of the ten left eigenvectors during the response

442  window to assess the network’s sensitivity to perturbation (see Supplementary Materials).

443 For each of the ten perturbations, the network’s task performance was computed (average

444 task performance shown in Supplementary Materials). To determine the task performance per
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445 TPRy (PIPR), we divided the IPR values by the corresponding perturbed task performance (see

446  Supplementary Materials).

447 Statistical analyses. All the RNNs trained in the present study were randomly initialized (with
448 random seeds) before training. Throughout this study, we employed non-parametric statistical
449 methods to assess statistically significant differences between groups. For comparing differences
450 between two groups (e.g., the log;o IPRL, of RNNs trained with or without noise), we used two-sided
451  Wilcoxon rank-sum or signed-rank test. For comparing morethan two groups (e.g., the synaptic decay
452 time constants associated with RNNs trained with varying degree of noise), we used Kruskal-Wallis

453 test with Dunn’s post hoc test to correct for multiple comparisons.
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Fig. 1 | Delayed match-to-sample (DMS) task and model schematic. a, A schematic diagram
of a Delayed match-to-sample (DMS) task with two sequential stimuli separated by a delay interval. b,
The number of trials/epochs needed to train continuous-variable RNNs increases exponentially as the delay
interval increases. For each delay duration condition, we trained 50 firing-rate RNNs to perform the DMS
task shown in a. The maximum number of trials/epochs was set to 20,000 trials for computational efficiency
(all Ps < 0.001, two-sided Wilcoxon rank-sum test). ¢, A schematic diagram illustrates the paradigm used to
trained our RNN model on the DMS task in which one delay was present. We introduced and systematically
varied the amount of noise in the RNN network to study the effects of noise on memory maintenance in a
biologically constrained neural network model. The model contained excitatory (red circles) and inhibitory
(blue circles). The dashed lines represent connections that were optimized using backpropagation. d, Training
performance of the RNN models on the DMS task. RNN models with varying amount of noise (i.e., 0, 1, 5,
and 10 noise channels) were trained to perform this task. Training success rate was measured as the number
of successfully trained RNNs (out of 50 RNNs). e, The average number of trials required to reach the training
criteria. f, Testing performance of the RNN models on the DMS task. RNNs successfully trained either
without noise (0 noise channels; n = 33) or with 10 noise channels (n = 50) were tested on the DMS task in
which both internal noise and noisy input signals were introduced. We also varied the delay duration of these
testing trials to range from 250 ms, 750 ms, and 1250 ms. For each testing condition, average accuracy of the
trained RNN models is shown. Across all conditions, RNNs trained with no noise had lower accuracy than
those trained with 10 noise channels (all Ps < 0.01, two-sided Wilcoxon rank-sum test). Boxplot: central
lines, median; bottom and top edges, lower and upper quartiles; whiskers, 1.5 X interquartile range; outliers

are not plotted.
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Fig. 2 | Neural representations of each stimulus condition on the DMS task. a, A schematic of
the four stimulus conditions used in the delayed match-to-sample (DMS) task. For stimulus condition 1
(s=+41/+1)and 4 (s = —1/—1), the model had to generate an output signal approaching +1. For stimulus
condition 2 (s =41/ —1) and 3 (s = =1/ + 1), the model had to produce an output signal approaching
-1. b, PHATE-embedding computed from network activity on testing trials (see Methods) of an example
RNN model trained without noise. The embedding based on network activity from the onset of the first
stimulus is plotted. ¢, PHATE-embedding extracted from the network activity during testing of a sample
RNN model that was trained with noise (C' = 10). The embedding based on network activity from the
onset of the first stimulus is plotted. Black arrows indicate temporal progression of the PHATE trajectories
over the trial duration. Trajectories within the PHATE-embedding are illustrated based on the stimulus
conditions from which the data were extracted. While task-based clusters can be clearly observed in the
PHATE-embedding of the RNN model trained with noise (c), such patterns are not present in the embedding
of the model trained without noise (b). Importantly, the task-informed clustering associated with the model
trained with noise exhibits temporal dynamics that are tightly linked to the onsets of the first and second
stimulus such that the first and second branching emerged at the presentation onset of the first and second

stimulus, respectively.
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Fig. 3 | Influence of noise on cell-type specific temporal dynamics. Comparison of synaptic decay
time constants of RNN models trained on the DMS task with varying amount of noise. a, For each noise
condition, synaptic decay time constants of successfully trained models are reported for all units (n = 33,
40, 46, 50 for the noise conditions of 0, 1, 5, and 10 channels, respectively). Overall, injection of random
noise during training increased synaptic decay time constants averaged across all units in the networks (Ps <
0.001, H = 113.8; Kruskal-Wallis test with Dunn’s post hoc test). b, Comparison of synaptic decay time
constants for excitatory units of the trained RNN models (Ps < 0.01, H = 52.5; Kruskal-Wallis test with
Dunn’s post hoc test). ¢, Comparison of synaptic decay time constants for inhibitory units of the trained
RNN models (Ps < 0.001, H = 120.3; Kruskal-Wallis test with Dunn’s post hoc test). Gray horizontal lines,
mean. d, Network output of a sample RNN model successfully trained without noise to perform the DMS
task. The model can differentiate among the four possible stimulus conditions and generate appropriate
responses based on the maintained memory (41 when s = 41/ + 1 (dark green) or —1/ — 1 (dark purple)
and -1 when s = +1/ — 1 (light green) or —1/ 41 (light purple)). e, Network output of a RNN model trained
without noise where synaptic decay time constants of all units were set to 125 ms (maximal 7; see Methods).
The model failed to maintain memory and generate correct responses. f, Network output of a RNN model
trained without noise where synaptic decay time constants of inhibitory units were fixed at 125 ms. The
overall performance is higher than that of (b), further confirming the differential effect of noise on inhibitory

circuits.
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Fig. 4 | Noise-induced network spectral properties. Spectra of the Jacobian (J) extracted from the
network activity during the delay window. a and b, Spectra of a sample RNN model trained without noise
(same RNN as Figure [2b) during the delay period following the first stimulus presentation (s; € {+1,—1}).
c and d, spectra of a sample RNN model trained with noise (C' = 10; same network as Figure ) during
the delay period following the first stimulus presentation (s; € {+1,—1}). For both noise conditions, we
observed stable steady states 3, as evident from the real parts of all the eigenvalues being negative. For the
RNN trained with noise, the eigenvalues with non-zero imaginary parts shifted to the right (toward zero
along the real axis) and were associated with lower Inverse Participation Ratio (IPR) values (c and d). i,
Average IPR values from the RNN trained without noise were significantly higher (i.e., more localized) than
those from the model trained with noise. j, Average synaptic decay time constants of the dominant (non-zero
elements in the top ten eigenvectors) and non-dominant (zero elements in the top ten eigenvectors) units
from all the RNNs trained without noise. k, Average synaptic decay time constants of the dominant and
non-dominant units from all the RNNs trained with noise. Boxplot: central lines, median; bottom and top
edges, lower and upper quartiles; whiskers, 1.5 X interquartile range; outliers are not plotted. P < 0.001,

two-sided Wilcoxon rank-sum test.
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Fig. 5 | Persistent activity of dominant units from RNNs trained with noise. a, Average firing rate

timecourses for the dominant (dark purple) and non-dominant (light purple) units from the example RNN

model trained without noise (same RNN as the one used for Figure ) b, Average firing rate timecourses for

the dominant (dark purple) and non-dominant (light purple) units from the example RNN model trained with

noise (same RNN as the one used for Figure ) ¢, Similar to a but averaged across all RNNs successfully

trained (n = 33 RNNs). d, Similar to b but averaged across all RNNs successfully trained (n = 50 RNNs).

e, Average firing rate activity during the delay period for the dominant units from RNNs trained without

noise (gray) and with noise (dark green). f, Average firing rate activity during the delay period for the

non-dominant units from RNNs trained without noise (gray) and with noise (dark green). Boxplot: central

lines, median; bottom and top edges, lower and upper quartiles; whiskers, 1.5 X interquartile range; outliers

are not plotted. P < 0.001, two-sided Wilcoxon rank-sum test.
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Fig. 6 | Network functional motifs underlying working memory-independent computation.
Schematics diagrams illustrating working memory-independent tasks and the corresponding network dynamics
of the RNN models successfully trained on these tasks. a, Two-alternative forced choice (AFC) task, in which
the RNN modes were trained to produce an output indicating the presence of a brief input pulse. b, For the
inhibitory units from the RNNs trained on the AFC task, synaptic decay time constants were similar across
all noise conditions. ¢, Context-dependent sensory integration (CTX) task, where the RNN models were
trained to generate an output based on the identity of a sensory stimulus whose relevance was determined by
an explicit context cue. d, Across all the noise conditions, the inhibitory units from the networks trained on
the sensory integration task exhibited similar synaptic decay time constants. e, For the CTX task, similar
PIPR was observed for a sample RNN model trained without and with noise (C' = 10). f, Task performance
on the CTX task after perturbation was similar regardless of whether intrinsic noise was introduced during

training. Gray horizontal lines, mean.
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