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Neuromodulators are critical controllers of neural states, with dysfunc-
tions linked to various neuropsychiatric disorders. Although many
biological aspects of neuromodulation have been studied, the compu-
tational principles underlying how neuromodulation of distributed
neural populations controls brain states remain unclear. In contrast to
external contextual inputs, neuromodulation can act as a single scalar
signal that is broadcast to a vast population of neurons. We model the
modulation of synaptic weight in a recurrent neural network model
and show that neuromodulators can dramatically alter the function of
a network, even when highly simplified. We find that under structural
constraints like those in brains, this provides a fundamental mecha-
nism that can increase the computational capability and flexibility of
a neural network. Diffuse synaptic weight modulation enables storage
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of multiple memories using a common set of synapses that are able to
generate diverse, even diametrically opposed, behaviors. Our findings
help explain how neuromodulators unlock specific behaviors by creating
task-specific hyperchannels in neural activity space and motivate more
flexible, compact and capable machine learning architectures.

1 Introduction

Neuromodulators are a central mechanism in the biological control of neu-
ral states that manifest as mood, arousal, motivation, and other variable
behavioral modes (Allen et al., 2019; Avery & Krichmar, 2017; Bacqué-
Cazenave et al., 2020; Burgos-Robles et al., 2017; Inagaki et al., 2012; Katz
& Edwards, 1999; Lee & Dan, 2012; McCormick et al., 2020). Other mech-
anisms, like exogenous contextual cues (e.g., a red light at a traffic signal),
can also generate specific behaviors (Mante et al., 2013) by providing input
signals that elicit specific activity patterns in a neural network. Although
exogenous cue-based mechanisms can be advantageous in some circum-
stances (e.g., fast behavioral switching), they are impractical when massive
scaling is needed. Broadcasting cue information across large brain regions
would require many millions of neural connections to simply convey a con-
stant cue signal to maintain conditioned activity (Dayan, 2012). Neuromod-
ulation is an ideal system to control major changes of behavioral state, albeit
at slower timescales, by modifying how neurons transduce information, in-
cluding modulation of intrinsic ion channels and synaptic strengths. The
impact of neuromodulation is not as specific as arrays of heterogeneous in-
puts, but we show here that it can flexibly select different computational
outcomes in response to the same heterogeneous inputs.

A classic example of this trade-off is illustrated by sleep. Humans and
many other species cycle through internal sleep stages that are controlled by
a variety of neuromodulators. An exogenous cue-dependent system would
require a “sleep cue” to be widely broadcast across the whole brain, con-
stantly for hours, at great energetic expense. In contrast, neuromodulators
that broadcast sparse signals widely can shift the entire brain into internal
sleep states that persist for hours (Lee & Dan, 2012; McCormick et al., 2020).

The diffuse release of neuromodulators from a relatively small number
of neurons projecting across huge regions of the brain can control a variety
of “internal states” (Avery & Krichmar, 2017; Bargmann, 2012; Lee & Dan,
2012; O’Callaghan et al., 2020; Tarder-Stoll et al., 2020). In addition to
sleep, neuromodulators are responsible for controlling mood and states
of alertness (Gorfine et al., 2006; Lee & Dan, 2012) and regulating the
consumption of food and water during awake states (Allen et al., 2019;
Inagaki et al., 2012). Pioneering studies on the lobster and crab pyloric
networks (Johnson et al.,, 1995; Marder, 2012; Marder & Eisen, 1984)
and other systems (Jing et al., 2009; Katz et al., 1994) have revealed how
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neuron-specific neuromodulation can precisely tailor central pattern gener-
ator rhythms. Yet it remains unknown how large-scale neuromodulation of
vast distributed neural populations can control global network dynamics
and dictate behavior as it does in large brains.

Fully understanding neuromodulation in brains is important for several
reasons. First, most psychiatric disorders either stem from or are directly
related to neuromodulator dysregulation, and many psychiatric drugs
target neuromodulatory activity (Avery & Krichmar, 2017; Blokhin et al.,
2020; Staudt et al., 2019). Second, many of the psychiatric drugs currently
only partially or imprecisely target neuromodulatory processes and effect
their results through mechanisms that remain unclear (Ashok et al., 2017;
Bacqué-Cazenave et al., 2020; Hyman, 2013). Third, the effects of many
psychiatric treatments are highly variable, with some patients responding
strongly and others failing to respond to multiple drugs (Lauschke et al.,
2019; Reynolds et al., 2013; Staudt et al., 2019; Voineskos et al., 2020).
Fourth, neuromodulation acts via multiple mechanisms (as discussed be-
low), allowing powerful circuit control but also making it difficult to fully
understand their combinatorial actions (Avery & Krichmar, 2017; Marder
& Thirumalai, 2002; Nadim & Bucher, 2012). Fifth, given the central role
of neuromodulators in control of brains, a better understanding promises
to make deep learning models based on brain architectures more flexible,
more compact, and more efficient.

Neuromodulators affect several processes in brains including synap-
tic strengths, neural excitability, plasticity, and, indirectly, downstream
circuit activity (Marder, 2012; Nadim & Bucher, 2012; Newman et al.,
2012; Weele et al., 2018). Prior research has focused on different aspects of
neuromodulation (Fellous & Linster, 1998), including Yu and Dayan (2005)
who modeled the role of acetylcholine and norepinephrine in Bayesian
probability estimations of uncertainties; Stroud et al. (2018) and Vecoven
et al. (2020) who considered modulation of the neural activation function;
Beaulieu et al. (2020) who formulated neuromodulation as a separate
network that masks effector networks; Miconi et al. (2019) who used
modulation of synaptic plasticity to train networks; Hasselmo et al. (1995)
who developed a model incorporating experimental work on multifactor
neuromodulator-specific circuit dynamics, particularly in hippocampal
memory processes; and models of the locus coeruleus and norepinephrine
(Aston-Jones & Cohen, 2005; Usher et al., 1999) that have helped elucidate
the role of gain modulation in regulating decision making and balancing
exploitation versus exploration in tasks. Each of these models has helped
elucidate a component of neuromodulator function, helping form a more
complete understanding of the various roles neuromodulators play.

We focus here on another critical aspect of neuromodulation in brains—
synaptic weight modulation (Hasselmo, 2006; Johnson et al., 1995; Katz
et al., 1994; Marder, 2012; Marder & Thirumalai, 2002; Nadim & Bucher,
2012)—a poorly understood and important control mechanism in brains.
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We consider a simplified approximation in which neuromodulators act as
nearly uniform synaptic weight amplifiers or dampeners—a single multi-
plicative scalar—within a local region of a neural network. We show how
this form of neuromodulation establishes distinct memories using a com-
mon set of synapses, generating unique dynamic activity landscapes within
a structurally conserved neural network. We demonstrate how neuromod-
ulated circuits give rise to idiosyncratic, nonlinear dose-response proper-
ties that can differ depending on the mode of neuromodulation. Using a
neuromodulation-mediated behavioral paradigm in Drosophila, we show
how this form of neuromodulation naturally handles intermediate neural
states and, as such, generalizes models of discrete internal state switch-
ing (Calhoun et al., 2019; Cermak et al., 2020) to continuous state transitions.
Although many mechanisms may influence behavioral shifts, we show that
a simple multiplicative factor applied to weights already acts as a powerful
network control device, through which neuromodulators can increase the
flexibility and complexity of computation in brains and suggest the poten-
tial for developing artificial neural networks that are more flexible, compact
and capable.

2 Results

2.1 Neuromodulation Creates Multiple Weight Regimes within
Shared Synaptic Connections. The effects of neuromodulators on synap-
tic weights present a mode of circuit control (Nadim & Bucher, 2012) that
is poorly understood in brains—both how it is implemented at scale and
the computational mechanisms by which it shifts coordinated activity to
generate different behaviors. Several recent studies on cell type diversity
have made clear that brains contain a complex array of neuromodulators
that act with carefully coordinated spatiotemporal precision (Li et al., 2018;
Patriarchi et al., 2018; Radnikow & Feldmeyer, 2018; Xie et al., 2021; Zhang
et al.,, 2021). As a first step, we sought to assess whether a simplified form
of neuromodulation—modeled as a uniform multiplicative factor acting on
synaptic weights in a recurrent neural network (RNN)—could help us un-
derstand how neuromodulators control neural state. Although other modes
of neural network control such as exogenous contextual cuing have been
shown to successfully shift network behavior (Mante et al., 2013), uniform
weight modulation represents a completely different biological and com-
putational mechanism, which, given the complex, nonlinear, and often un-
predictable nature of RNNSs, requires explicit assessment. Furthermore, sys-
tems in which exogenous cues are required to drive neurons (Driscoll et al.,
2024; Mante et al., 2013) are unsurprisingly more sensitive to external noise
(see Extended Data Figure 2), while internally controlled neuromodulation-
based systems are robust to such fluctuations in external inputs (Haddad &
Marder, 2018) (see Extended Data Figures 1 and 2; although they are subject
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Figure 1: Neuromodulation weight scaling separates overlapping synaptic
memory regimes. (A) Positive-negative output task. Given a stimulus (either
+ or ¢), in the absence of neuromodulatory effect, the recurrent neural network
(RNN) should produce outputs from the Behavior 1 repertoire (input + — pos-
itive output; input ¥ — zero output) and in the presence of neuromodulator,
from Behavior 2 (input + — zero output; input § — negative output). (B) Neu-
romodulatory effectimplemented in the model: all synaptic weights in the RNN
are multiplied by a constant factor, here 0.5. (C) Mean output from 10 indepen-
dently trained RNNSs to + and ¥ input stimuli on the positive-negative output
task with global neuromodulation factor 0.5. Shading represents standard devi-
ation. (D) Individual neuromodulators elicit unpredictable transforms of intra-
cellular voltage traces in crustacean stomatogastric ganglion (STG) neurons LP
and PD. Blue-shaded traces indicate the presence of neuromodulator serotonin.
(Reprinted and adapted from Neuron 76, Marder, Neuromodulation of Neu-
ronal Circuits: Back to the Future, 1-11, 2012, with permission from Elsevier.)
(E) Five example neurons’ activity patterns from neuromodulated model RNN
show complex nonlinear transformations analogous to crustacean STG activity
changes under neuromodulation. Shading represents standard deviation. For
A, C, and E, arrowheads with dashed lines indicate timing of onset and offset
of stimulus pulse (for + stimulus).

to internal sources of noise: see Extended Data Figures 2c to 2f), supporting
neural states like sleep as described above (McCormick et al., 2020).

We designed a simple experimental paradigm that we call the positive-
negative output task (see Figure la and section 4) to assess whether given
identical input stimuli, uniformly shifting all the recurrent weights in a
RNN could elicit a unique trained behavior from the same network. In the
positive-negative output task, one of two possible stimuli (+ or ¥) are in-
put to the RNN. The RNN is trained to produce either a positive, zero,
or negative output for each stimuli. For example, in Figure 1a, Behavior
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1 in black shows output from an RNN trained to produce a positive out-
put when given the positive (+) input signal and to produce zero output
when given the zero (¥) input signal. Under a different neuromodulation
state, depicted in Figure 1a as the blue RNN and Behavior 2, the RNN pro-
duces different outputs to the same input stimuli (e.g., + stimulus elicits a
zero output and ¢ stimulus elicits a negative). This task simulates how a
human or animal may behave differently to the same external cues while in
a different internal state. For example, a thirsty mouse cued that only wa-
ter is available (+ stimulus) may run to the water (positive output) and do
nothing when no water cue is given (¥ stimulus leads to zero output), but
a hungry mouse may do nothing when cued that only water is available (+
stimulus leads zero output) and forage for food when no water-only cue is
given (/ stimulus leads to negative output).

We found that neuromodulation simulated as broadcast synaptic weight
scaling was able to generate the distinct behaviors for the task. For exam-
ple, scaling all weights by a factor of 0.5 (see Figure 1b) could generate
unique output behaviors (see Figure 1c). This simple mechanism demon-
strates how neuromodulators operating in brains can effectively separate
synaptic memory regimes within a fixed circuit and access them through
uniform scaling of weights to unlock specific behaviors (see Extended Data
Figure 4). We found this result held over a wide range of neuromodula-
tory factor magnitudes (see Extended Data Figures 5a to 5c). We refer to
particular neural network weight configurations that generate particular
behaviors as a “synaptic memory regime” since that configuration stores
the memory to that specific input-to-behavior mapping. When the neuro-
modulator is applied, the same network transitions into a new synaptic
memory regime, that is, a new configuration storing a distinct network
memory specific to a different input-to-behavior mapping.

RNNSs could successfully separate behaviors when recurrent weights
only or recurrent, input, and output weights were all modulated at the same
time, but not when only input or only output weights were modulated (see
Extended Data Figures 5d to 5f). For the analyses presented below, we focus
on modulation of only the recurrent weights.

Application of this form of neuromodulation led to unpredictable
transformations of individual neuron activity patterns and global network
activity (see Figure le and, Extended Data Figures 3a and 3b). This is
reminiscent of the observed neuromodulator effects on individual neuron
activity patterns in the stomatogastric ganglion of crabs (see Figure 1d)
and other organisms (Johnson et al., 1995, 2011; Katz et al., 1994; Marder,
2012), where neural activities shifts have been shown to be unpredictable
and display nonlinear transforms.

Given the stability of outputs toward the end of each trial in the positive-
negative output task, we also investigated whether neuromodulated RNNs
resulted in configurations that led to stable and reproducible fixed points as
described in prior work (Driscoll et al., 2024). “Fixedpoint analysis” refers
to a method of discovering points in activity state space where neural
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dynamics are static when all inputs are held constant. This framework
can prove useful in understanding principles of network dynamics that
are reproducible between independently initialized and trained neural
networks (e.g., attractor dynamics, decision boundaries, unstable points
as in Driscoll et al., 2024). These dynamics can then be studied in-depth as
inputs, network parameters, or training parameters are varied. We applied
fixed-point analysis (Golub & Sussillo, 2018) to neuromodulated RNNs
trained on the positive-negative output task (see section 4 for details of
analysis). Interestingly, we found that neuromodulated RNNs did not
consistently yield fixed points (see Extended Data Figure 6). Fixed-point
analysis is dependent on specific network design, hyperparameters, and
task and in our case did not yield interpretable results. This inability to
identify consistent fixed points between replicate RNNs precluded further
application of this analysis technique.

2.1.1 Targeted Neuromodulation Can Toggle Behaviors across Multiple
Global Network States. In brains, neuromodulators are released in specific
regions—some tightly localized, others broadcast widely—to influence lo-
cal and global neural output. We found that RNNs with neuromodulated
subpopulations of sizes across a broad range (100%—-10% of the whole pop-
ulation) consistently supported the opposing behaviors of the task (see Fig-
ures 2a to 2c). Just as some neuromodulators affect neurons in a cell-type
specific manner, for example, selectively influencing activity of excitatory or
inhibitory neurons with corresponding receptors (Wester & McBain, 2014),
we found targeting of neuromodulators in this manner also was able to gen-
erate multiple behaviors (see Figures 2d and 2e).

We next tested whether several unique behaviors could be learned
and unlocked from a single network through targeted neuromodulation.
To assess this, we created an extended version of the positive-negative
output task in which the same two input stimuli (+ and @) could elicit
nine unique combinations of corresponding output behaviors from an
RNN (see section 4 for details). We found that neuromodulation of distinct
subpopulations or with distinct neuromodulation levels could support the
multiple output behaviors. In a single 200-unit neural network, we were
able to generate nine distinct behaviors by varying the location of where
the neuromodulator effect was broadcast (see Figures 2f and Extended
Data Figures 7 and 8).

2.1.2 Distinct Global Network Activity Hyperchannels Emerge from Neu-
romodulation and Exhibit Nonlinear Transition Dynamics. To understand
how this form of neuromodulation leads to network behavior shifts, we
analyzed the coordinated activity of all neurons in the RNN in the ab-
sence and presence of neuromodulators. At the individual neuron level,
neuromodulation shifted the net difference of excitatory and inhibitory
inputs, which in turn altered the recurrent propagation of activity over
time and resultant internal network dynamics (see Extended Data Figures
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Figure 2: Targeted neuromodulation flexibly supports multiple behaviors.
(A) A range of different-sized neural subpopulations (0%—-100% neural units)
embedded within an RNN as neuromodulated (factor (f,,) = 0.5). 100%
was positive control demonstrated in Figure 1; 0% was negative control.
(B-C) RNNs with embedded neuromodulated subpopulations across the size
spectrum could support the behaviors of the positive-negative output task. (B)
Number of training trials required to reach stop criteria, indicating successfully
trained networks (see section 4). (C) Test performance of trained RNNs (1
on y-axis is 100% correct; see section 4). (D) Neuromodulation of exclusively
excitatory or inhibitory neurons (blue annuli). (E) Excitatory or inhibitory
neuromodulation supported learning of the positive-negative output task.
(F) Nine-behavior extended positive-negative output task with unique neu-
romodulated subpopulations (subpops) and example corresponding outputs.
(G) RNNs successfully learned the task from panel F with nine targeted
subpops (each 10% of the RNN, nonoverlapping; f.» = 2.5). Application of the
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9 to 11). At the whole population level, neural activity trajectories for
the same stimulus with and without neuromodulator followed nonover-
lapping, stereotyped paths, or hyperchannels (Goudar and Buonomano,
2018; Low et al., 2018; Nieh et al., 2021), in activity space (see Figure 3a).
Activity hyperchannels, also called “hypertubes” in the literature (Goudar
& Buonomano, 2018), refer to bundles of stereotyped trajectories in activity
space (activity patterns) that define the constrained subspace of all possible
network activities that is occupied when the network is in a given state
(e.g., the neuromodulation level) and presented with a given stimulus (e.g.,
positive stimulus), as defined in Goudar and Buonomano (2018). Through
amplification of synaptic weights, neuromodulation effectively resets all
relative synaptic weights, altering activity flow patterns through the RNN
(see Extended Data Figures 1c to 1d and 12a).

The distinct hyperchannels in activity space derive from a common
underlying neural network. This suggests that there must be a transition
between the hyperchannels that is accessible through intermediate amounts
of neuromodulation. To characterize these transitional states, we applied
intermediate levels of neuromodulation to the RNN after training, that
mapped a smooth transition from trajectories of the nonneuromodulated
hyperchannel to those of the fully neuromodulated hyperchannel (see Fig-
ure 3b). We found that intermediate neuromodulation generated intermedi-
ate outputs from the network (see Figure 3c). In this way, neuromodulated
neural trajectories provide a means to dynamically respond to interme-
diate, even unexperienced, neural states (e.g., hunger levels), just as in
other work, RNN neural trajectories have been shown to naturally address
temporally varying sensory-motor patterns (Goudar & Buonomano, 2018).

We then characterized how the RNNs’ output behaviors transitioned
over the spectrum of applied intermediate neuromodulation levels. To com-
pare different RNNs’ output behaviors, we took the output of each RNN at
the midpoint of each trial for each level of neuromodulation, which cap-
tured each RNN’s output behavior response after any given stimulus pre-
sentation. We found that increasing neuromodulator levels led to nonlinear
progression from nonneuromodulated behavior to fully neuromodulated
behavior (see Figure 3d; nonneuromodulated behavior in this simulation
was output of +1; neuromodulated behavior was output of 0; behavior pro-
gression was best fit by exponential or sigmoid function).

neuromodulator to any subpop unlocked a specific behavior set (beh.) from
the nine-behavior repertoire (fraction of trials correct is approximately 1 on
diagonal; see section 4). Off-diagonal fraction correct due to partial output
overlap between behavioral sets (e.g., ¥ output as shown for output behaviors
1 and 3 shown in panel F is the same); for perfect performance, off-diagonals
should be 0.5 or 0 depending on whether there is output overlap.
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Figure 3: Neuromodulation separates activity hyperchannels with idiosyn-
cratic nonlinear transition dynamics. (A) Global network activity dynamics af-
ter PCA-based dimensionality reduction for positive stimulus. Activity trajec-
tories follow stereotyped, nonoverlapping paths or hyperchannels in activity
space. (B) For an RNN trained with a neuromodulatory factor of 9, intermediate
levels of neuromodulation lead to partial transitions (traces in shades of blue)
toward full neuromodulation activity hyperchannel (traces in darkest blue). (C)
Partial neuromodulation maps to intermediate output behaviors. (D) Transi-
tion from none to full neuromodulation behavior is nonlinear (best-fit exponen-
tial and sigmoid shown) and defines network sensitivity, measured as EC50.
(E) Output transition for 29 networks independently trained on the positive-
negative output task and tested across intermediate levels of neuromodulation.
(F) Twenty-nine independently trained RNNs exhibit large variability in transi-
tion dynamics, with EC50 ranging from 2.1 to 6.5 and sigmoid slope (o _slope)
from 0.9 to 26.3. Network EC50 is positively and significantly correlated with
skewness of global weight distribution. (H) Zoomed image demarcating path
at a given time point over a network’s neuromodulation transition manifold
(orange; transition arc) that connects hyperchannels corresponding to different
neuromodulation levels in activity space (gray-blue trajectories). Blue shading
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We next assessed the degree of variability of this neuromodulator-
dependent nonlinear behavioral progression. It could be that similar
neuromodulation of different networks results in similar transitions in be-
havior, representing a conserved property of neuromodulation transitions.
Alternatively, individual differences in network connectivity could cause
high variability in behavioral transition dynamics under neuromodula-
tion. To evaluate this, we independently trained several RNNs generated
with identical parameter constraints (1 = 29; see section 4 for parameter
constraints used). All RNNs exhibited nonlinear transition dynamics best
fit by an exponential or sigmoid function (see Figures 3e and Extended
Data Figure 12b), but networks’ sensitivities to neuromodulator and rates
of transition varied drastically. To quantify this variability, we defined a
“half maximal effective concentration” (EC50) as the amount of neuro-
modulator required to generate a half maximal output, analogous to the
metric used to assess drug efficacy in pharmacology (see section 4). While
all networks could produce intermediate outputs, the EC50 of individual
networks trained with a full neuromodulator factor of 9 ranged from 2.1
to 6.5 (3.1x range; see Figure 3f, left) and rate of transitions (steepness of
the transition dynamics sigmoid) varied widely as well from 0.9 to 26.3
(see Figure 3f, right). This result reveals a new, previously uncharacterized
form of “circuit-based sensitivity” (Alonso & Marder, 2020; Dethier et al.,
2015; Gutierrez & Marder, 2013; Jang et al., 2012) that occurs even when all
parameters of the circuit are selected in an identical manner and networks
exhibit identical end behaviors. This variability, which is derived purely
from the stochastic nature of weight initialization (the random starting
configuration) and specific training experience (the specific sequence of
instances experienced) may contribute to the wide individual variability
of neuropsychiatric drug sensitivities observed clinically (Furukawa et al.,
2019; Staudt et al., 2019; Voineskos et al., 2020).

same as in panel B. At a given time point (here ¢t = 100), intermediate levels
of neuromodulation (represented by individual points) trace an arc between
no neuromodulation (left-most point on each curve) and full neuromodulation
(right-most point on each curve) states in phase space. Purely linear interpola-
tion would lie along the x-axis at “distance from line (y-axis)” = 0. Each curve
represents an individual network’s transition arc across neuromodulation lev-
els. Arcs are shaded by relative EC50. Arcs represent cross-section of full transi-
tion manifold connecting hyperchannels across all time points at intermediate
neuromodulation; each point on the arc is an average of a cross section of a sin-
gle hyperchannel. (J) The angle of departure (angle formed between direct path
and first neuromodulation-level hyperchannel) exhibits a strong positive corre-
lation with network EC50. Transition in direction more orthogonal or away from
full neuromodulation state results in lower sensitivity, that is, higher EC50. For
all PCA plots, the top three PCs accounted for 80% to 92% of activity variance.
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We next sought to characterize what properties of the networks con-
tribute to the variability in sensitivity to neuromodulator. Since the neu-
romodulation effect we simulated acted on synaptic weights, we first
analyzed individual network weight distributions. We found that the skew-
ness of networks” weight distributions exhibited a positive correlation with
EC50s (R = 0.51, p < 0.01; see Figure 3g), suggesting networks with more
positively skewed weights (longer tail of strong excitatory weights) were
less sensitive to neuromodulators.

To further understand the source of network sensitivity variability, we
characterized the shape of the networks” activity transition curves across
neuromodulation levels (see Figure 3h). At a given trial time point, purely
linear interpolation yielded linear sensitivity relationships with invariant
EC50 (see Extended Data Figure 13). In contrast, progressive neuromodula-
tion defined an arc (see Figures 3h and 3i). Taken across all time points, this
arc extended to form a curved transition manifold connecting each activity
hyperchannel defined by a specific intermediate neuromodulation level.
“Manifold” here refers to a constrained region of activity state space that the
network’s activity occupies and transitions across depending on activity
initialization parameters, stimuli, and neuromodulation level. The geome-
try of each network’s transition arc (measured as the angle of departure; see
section 4) was strongly correlated to network sensitivity (see Figure 3j). This
suggests that while individual networks achieve identical performance on
the trained task (at no and full neuromodulation), the geometry of their
population activities at intermediate neuromodulation levels is unique,
leading to emergent sensitivity profiles. In particular, characterization of
networks’ transition arcs revealed that transition dynamics are nonlinear
due to curvature of the activity space transition, and that the specific
shape of a network’s transition arc is tightly linked to its sensitivity to
neuromodulator.

Excessive neuromodulation can also occur either pathologically or
pharmacologically. To model this, we applied neuromodulation at levels
higher than those used during training and found neural dynamics could
sometimes diverge from trained activity hyperchannels into an adjacent
region of activity space, translating into inappropriate output behavior
(see Extended Data Figures 12c to 12e).

2.1.3 Neuromodulated RNN Replicates Dopamine-Mediated Starvation-
Dependent Sugar Sensitivity in Drosophila. Given our finding that neuro-
modulation provides a natural means of handling intermediate, unexpe-
rienced neural states, we next sought to evaluate our model’s ability to
recapitulate the behavioral effects of neuromodulation observed in vivo.
The neuromodulator dopamine controls the sugar sensitivity behavior of
Drosophila (Inagaki et al., 2012), as measured by proboscis extension reflex
(PER) probability, which increased with both duration of starvation (fed,
1-day-starved; 2-day-starved) and concentration of L-dopa administered
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in their diet (0, 3, 5 mg/ml) (see Figure 4a). PER is a behavior of Drosophila
in which they extend their proboscis in response to a desirable food
stimulus.

To assess if our neuromodulation model could reproduce these results,
we trained RNNs with neuromodulated subpopulations (20% subpopula-
tion) to reproduce the fed and 2-day starved sugar sensitivity curves of flies
(no neuromodulation ( f,, = 1) for fed; f,,, =5 for 2 day starved). We then
tested the RNNs’ behaviors at an intermediate, never-before-experienced
neuromodulator level (f,,; = 3). The RNNs produced a shifted sensitivity
curve very similar to that exhibited by 1-day starved flies, and the flies fed
an intermediate L-dopa concentration of 3 mg/ml (see Figure 4b), as mea-
sured by the sugar sensitivity curve shift and mean acceptance threshold
(MAT), which is the sugar concentration at which 50% of flies or networks
exhibit the PER (see section 4).

The behavior of the RNNs reliably mimicked the intermediate behaviors
of flies in vivo because intermediate neuromodulation caused a continu-
ous shift in the RNN’s activity hyperchannel between “fed” and “2-day
starved/5 mg/ml L-dopa” hyperchannels (see Extended Data Figures 14a
to 14c). Furthermore, our model reveals that transition manifolds (defined
by the hyperchannels connecting intermediate neuromodulation levels)
are unique to networks, predicting wide-ranging natural variability in
fly starvation-based sugar sensitivity profiles (see Extended Data Fig-
ure 14d). Neuromodulation in our model leads to natural handling of
never-before-experienced neural states by creating a network configura-
tion such that the neuromodulatory transition manifold has a geometry
that leads to intermediate outputs. Although the dopamine-dependent
control of sugar sensitivity in Drosophila is likely regulated by other effects
as well, our model shows that single scalar synaptic scaling is already suf-
ficient to fully account for the starvation-dependent sugar sensitivity shifts
observed.

2.1.4 Electrical Modulation Shifts Neural Dynamics through an Independent
Circuit Effect. Other endogenous and exogenous, influences can alter neu-
ral circuit dynamics through mechanisms that may be shared or indepen-
dent, and understanding relationships between such interventions is vital
for safe and effective treatment. We used our model to compare whether
exogenously delivered electrical modulation of a neuromodulated circuit—
analogous to use of optogenetics experimentally (Deisseroth, 2015) and
deep-brain stimulation (DBS), transcranial magnetic stimulation (TMS), or
transcranial direct current stimulation (tDCS) clinically (Gouveia et al.,
2019; Krauss et al., 2021; Risio et al., 2020; Thair et al., 2017)—alters network
activity in an analogous manner to chemical neuromodulation or operates
through an independent effect (see Figure 5a).

We simulated electrical modulation as added excitatory or inhibitory
current (see section 4) to RNNs that had been trained with neuromodu-
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Figure 4: Neuromodulated RNNs reproduce Drosophila sugar sensitivity
behaviors. (A) Drosophila sugar sensitivity behaviors from Inagaki et al. (2012)
measured as proboscis extension reflex (PER) behavior versus sugar concen-
tration and mean acceptance threshold (MAT; the sugar concentration that
elicits 0.5 PER fraction). (Reprinted from Cell 148, Inagaki et al., Visualizing
Neuromodulation In Vivo: TANGO-Mapping of Dopamine Signaling Reveals
Appetite Control of Sugar Sensing, 583-595, 2012, with permission from
Elsevier.) (B) Neuromodulated RNNs trained on extremes of Drosophila sugar
sensitivity (no neuromodulation factor (f,, = 1) for fed and f,, = 5 for two-
days starved) exhibit similar intermediate ( f,,,, = 3; untrained) and extreme (no
neuromodulation ( f,,, = 1) and f,,, = 5; trained) behaviors (1 = 10; error bars are
SEM; same statistical test as in Inagaki et al. (2012) for boxplots; see section 4).
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Figure 5: Targeted electrical modulation shifts network dynamics through
independent circuit effect. (A) Schematic of DBS and analogous electrical mod-
ulation (e-mod) of a neuromodulated RNN on the positive-negative output
task. “Off-target” refers to stimulation—either excitatory (green) or inhibitory
(orange)—applied to a random subpopulation of neurons in the network of
equal size to the size of the neuromodulated subpopulation; “on-target” refers
to stimulation applied specifically to the neuromodulated subpopulation of
neurons. (B) Test performance was significantly impaired in the absence of
neuromodulation (white bars) when inhibitory on-target electrical modulation
(e-mod) was given (p = 3.91e-11) and with neuromodulation (blue bars) when
excitatory and inhibitory on-target e-mod was given (p = 2.20e-08 and p =
2.18e-02, respectively). 'p < 0.05, “p < 0.01, Student’s t-test. Green indicates
applied excitatory e-mod; orange indicates inhibitory e-mod. Performance
decreased due to behavioral shifting directionally toward opposing neuromod-
ulation condition (see Extended Data Figures 15a and 15b). Error bars are SEM
over 10 independent networks (see section 4). (C) Example RNN output in
absence of neuromodulation to + stimulus with increasing inhibitory e-mod.
(D) For 30 RNNSs: Left: neuromodulation EC50. Right: electrical e-mods;. Down
arrows in (D-E) indicate RNNs that did not achieve e-modsy at maximum stim-
ulation. (E) No significant correlation between networks” EC50 and e-modsy.
(F) Neuromodulation and electrical modulation push activity trajectories along
different transition manifolds enabling independent transition dynamics.
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lated subpopulation (50% of neurons) on the positive-negative output task.
We found that while electrical current given to random subpopulations
(“off-target” stimulation) did not affect the RNNs’ performances, current
delivered to the neuromodulated subpopulation (“on-target” stimulation)
could significantly affect network output (see Figure 5b), shifting behaviors
directionally toward the opposing neuromodulation condition behavioral
set (see Extended Data Figures 15a and 15b).

In each RNN, increasing the level of targeted electrical input (e.g.,
inhibitory modulation in the absence of neuromodulator) led to a graded
transition in behavior similar to the transition observed with graded ad-
ministration of neuromodulator (see Figure 5c and section 4). To compare
these conditions, we measured the amount of electrical input that led to
output of 50% of the fully neuromodulated condition (e-modsp) analogous
to EC50 for neuromodulator levels. Interestingly, RNNs also exhibited
idiosyncratic circuit-based sensitivity to electrical modulation, with e-
modsy under inhibitory modulation ranging from —2.6 input current to
not achieving e-modsy by the maximum modulation we administered (—9
input current; > 3.5x range) (see Figure 5d, right).

We then assessed whether networks’ electrical and chemical sensitivities
were related and found no significant correlation (see Figure 5e). Since some
RNNSs’ outputs did not reach e-mods, saturating before the maximum elec-
trical input given, further evidence of a different mechanism at play, we
also measured each RNN’s output at maximum electrical input (input =
-9) and similarly found no significant correlation to EC50 (see Extended
Data Figure 15c). The lack of correlation suggests that networks insensitive
to chemical modulation may still be highly sensitive to electrical modula-
tion and vice versa. Consistent with this, we found that electrical modula-
tion progressively shifted population dynamics along a manifold transition
distinct to neuromodulation, enabling different rates of transition (see Fig-
ure 5f). This may help explain why some patients who fail pharmacological
treatments sometimes respond dramatically to electrical neuromodulation
interventions like DBS or TMS. In addition to their localized effects to spe-
cific brain regions, DBS and TMS utilize a different mechanism to chemical
modulation, leveraging an independent circuit-sensitivity to achieve ther-
apeutic efficacy.

3 Discussion

Neuromodulation in brains drives unique neural function in health and
disease. Using an RNN model, we showed how neuromodulators can act
through simple scaling of synaptic weights to generate unique behavioral
modes from a single RNN. Our model sheds light on how neuromodulation
works biologically, specifically neuromodulator effects on synaptic weights
(Hasselmo, 2006; Johnson et al., 1995; Katz et al., 1994; Marder, 2012; Marder
& Thirumalai, 2002; Nadim & Bucher, 2012). Using a series of tractable tasks,
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we showed how this unique and previously uncharacterized control mech-
anism in RNNs is able to rapidly reconfigure a network with only a single
scalar input.

We make two specific predictions. First, we posit that neural net-
works exhibit idiosyncratic activity transition profiles resulting in varying
sensitivities to neuromodulation. Networks’ sensitivities depend on the ge-
ometry of their transition profiles and weight distributions, specifically the
shape of the transition manifold defined in activity space. Second we pre-
dict that chemical neuromodulation acts on networks via a separate tran-
sition manifold to that of electrical stimulation, resulting in uncorrelated
sensitivity profiles between these different modes of neuromodulation.

These predictions can be directly tested. Although there is already
indirect evidence that neural networks in the brain have idiosyncratic
sensitivities to neuromodulation via variable response to treatments like
SSRIs, direct evidence could be gained with experiments applying varying
amounts of neuromodulator (e.g., concentrations of serotonin) to a specific
circuit, measuring network output, and repeating this over several circuits
(in vitro) or organisms (in vivo) to compare their response profiles. Neural
recordings of the circuits during these experiments would enable assess-
ment of transition profiles in neural activity space to test our hypothesis
about transition manifold geometries. Atabehavioral level, our simulations
studying Drosophila behavior could be tested experimentally by measuring
the behavioral transitions of individual flies and measuring the variability
compared to our model’s prediction. Our second prediction could be
tested with experiments applying both chemical neuromodulation (e.g.,
application of serotonin to a circuit) as well as direct electrical stimulation
(via electrode or optogenetics). By varying the degree of each mode of neu-
romodulation, output response profiles can be measured and compared to
characterize if each mode of neuromodulation operates along an indepen-
dent, uncorrelated transition profile as predicted by our simulations. Here
again, simultaneous neural recording would enable activity space charac-
terization and comparison to our model’s transition manifold predictions.

Our model provides insights into neuromodulation that are related to
other recently elucidated principles of neural computation. We showed
that neuromodulation leads to separation of distinct activity hyperchan-
nels, similar to those observed by Goudar and Buonomano (2018) and Nieh
et al. (2021), with neuromodulation effectively disentangling neural trajec-
tories by separating them in phase space analogous to the work of Russo
et al. (2018) in motor cortex. Just as neural trajectories provide transforma-
tions in phase space that naturally handle temporal variation of sensory-
motor patterns (Goudar & Buonomano, 2018), neuromodulation leads to
transformations in phase space that elucidate a biological mechanism for
handling intermediate and continuously transitioning neural states, even if
never experienced before. We demonstrated the biological use of this prop-
erty through replication of Inagaki et al.’s (2012) findings in Drosophila. In
this way, the level of neuromodulation acted as a controller on the amount
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of disentangling of neural trajectories, using internal neural state (amount
of weight modulation) to control output behavior. Such a system is robust
to external noise (see Extended Data Figure 2), since far apart neural states
generate trajectories that are widely separated in phase space.

Additionally, our model of synaptic weight modulation shares some sim-
ilarities to previous models, particularly to the neural excitability mod-
els (Stroud et al., 2018; Vecoven et al., 2020). Both lead to increased flexibility
and versatility, yet they operate through independent mechanisms biolog-
ically (Nadim & Bucher, 2012) and computationally (see appendix A in the
Extended Data).

Arecent work by Driscoll et al. (2024) presented an exogenously context-
cued RNN model in which they smoothly varied specific stimulus inputs
and characterized network activity and output, somewhat analogous to
our analysis of smoothly varying intermediate neuromodulation levels.
They performed detailed fixed-point analysis to characterize their RNNs
and found two interesting and relevant results. First, when they varied the
response-stimulus parameter and tracked fixed-point variation, they found
a smoothly rotating fixed-point geometry. This indicates that exogenously
cued networks can also follow smooth transition dynamics, though notable
in their analysis, these stimuli had been trained on and thus were not novel
to the network. In a second analysis, they showed that varying the context-
stimulus led to movement of stable and unstable fixed points such that a
decision boundary was defined, in this case for context stimuli not expe-
rienced during training. This result highlights the importance of the task
along with other network parameters (e.g., “g” gain, training procedure,
initialization) in defining the network dynamics and occurrence or lack of
bifurcations; thatis, particular task and network conformations may lead to
smooth or bifurcating dynamics, as we also saw when neuromodulator lev-
els outside the training range were applied (rather than intermediate levels;
see Extended Data Figures 12c to 12e). Future detailed comparison of multi-
plicative synaptic-weight-scaling neuromodulated RNNs, gain-modulated
RNNS, exogenously context-cue driven RNNs, and RNNs incorporating all
of these mechanisms applied to various task types will be informative.

Through our analysis, we discovered a type of circuit-based sensitivity
previously unreported to our knowledge. Previous studies have character-
ized network parameters (e.g., neuron types (Jang et al., 2012), maximal
gain conductances (Alonso & Marder, 2020; Dethier et al., 2015; Goldman
etal., 2001), and specific rectifying currents (Gutierrez & Marder, 2013)) that
can alter sensitivity of a network when varied and demonstrate that indi-
vidual networks can behave differently. Here, we identify a form of circuit-
based sensitivity that arises when networks are created under exactly the
same conditions (no network parameter is systematically varied between
them) and generate exactly the same end behaviors. The variability in sen-
sitivity emerges only in their transition dynamics and results purely from
the stochastic nature of network weight initialization and unique individ-
ual experiences (random sequences of the exact same training data). This
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type of circuit-based sensitivity may contribute (along with other forms)
to the high variability in drug and other therapeutic response observed
clinically (Furukawa et al., 2019; Staudt et al., 2019; Voineskos et al., 2020),
alongside more standard explanations like enzyme variant-dependent drug
metabolism and clearance rates (Lauschke et al., 2019; Ozomaro et al., 2013;
Reynolds et al., 2013; van Westrhenen et al., 2020).

This emergent sensitivity property of neuromodulated networks is
related to the well-known “many solutions” phenomenon where different
weight configurations can produce identical output (Maheswaranathan
et al., 2019; Mehrer et al., 2020; Prinz et al., 2004). Our model demonstrates
a new facet of circuit variability derived from the transition dynamics in
RNNSs under varying neuromodulation. We reveal that unique geomet-
ric configurations of phase space underlie emergent network sensitivity
profiles. An interesting future research question is whether the sensitiv-
ity described in this study is related to other forms of circuit sensitivity
previously described, for example, the variability observed in 2 to 16
neuron models comprising Hodgkin-Huxley-type neurons initialized with
different maximal gain conductances. Are particular weight profiles in the
larger networks analogous to a range of maximal conductance parameters
as was investigated in these smaller network models (Dethier et al., 2015),
perhaps also relating to “sensitive” and “insensitive” directions in both
parameter space (Goldman et al., 2001) and activity space?

Future studies aimed at identifying circuit parameters that control neu-
ral activity transition dynamic geometry will be critical for understanding
and use in therapeutic optimization. New insights into network sensitivity
will be gained by developing useful metrics to characterize how a given net-
work’s activity space is arranged (the shape of the transition surface) and
understanding the relationship between networks’ synaptic weight profiles
and their activity space geometries. Our study begins to contribute to this
effort by identifying the activity transition surface geometry as a critical
factor in predicting network sensitivity. The idiosyncratic nature of circuit-
based sensitivity aligns with current efforts in precision medicine calling
for the need to consider each patient as an idiosyncratic individual. Here we
provide computational evidence for this claim and its particular importance
in neuropsychiatric treatment (Provenza et al., 2019). Fully understanding
the relationship between chemical and electrical modulation and sensitiv-
ity is also crucial. Although our simplified model suggests how the modes
of modulation influence dynamics (see appendix B in the Extended Data),
further analytical and experimental investigation into their relationship as
network dynamics evolve over time could provide deeper insights.

Our formulation of the neuromodulatory effect on synaptic weights is a
simplification of the true biological mechanism. Elaborating our model to
support differential weight modulation (e.g., via multiple neuromodula-
tors and neuromodulator receptor subtypes on specific cell types) (Bacqué-
Cazenave et al., 2020; Disney, 2021; Harris-Warrick & Johnson, 2010),
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neuromodulator multiplexing (Li et al., 2018; Wester & McBain, 2014), and
metamodulation (Katz & Edwards, 1999; Nadim & Bucher, 2012; Ribeiro &
Sebastiao, 2010) will likely lead to even more sophisticated network behav-
ior. Our model also uses arbitrary neuromodulation levels, whereas brains
likely use specific levels for optimal functionality. Future investigation into
which levels are optimal and methods of learning these will be important.

Additionally, the tasks we used to investigate how this aspect of neuro-
modulation works were relatively abstract and simple: scalar range to scalar
range mapping in the Drosophila task and dynamic time-varying signal to
time-varying output in the positive-negative output task. This allowed us to
tractably demonstrate and probe properties of neuromodulation and how
they affect network computation and behavior. Future investigation into
whether this simple mechanism alone is sufficient to support libraries of
much more complex behaviors within a network, or context-dependent be-
haviors in other learning paradigms such as reinforcement learning, which
humans utilize in everyday life, as well as exploring when more sophisti-
cated versions of neuromodulation like multiplexing and metamodulation
are required is a fascinating direction of future research.

Our model of neuromodulation suggests several interesting connections
to biological and clinical phenomena, but also has limitations. In addition to
those noted above due to the simplified model we investigated, our study is
rooted in artificial neural network (ANN) models. This approach has major
advantages in studying fundamental principles of how neuromodulation
of synaptic weights can modify parallel, distributed circuit computations,
but also is strongly limited in its explanatory power of the full biological
phenomena, as in psychiatric diseases, which have many more relevant
parameters (e.g., neuron subtypes, circuit architecture, glia, environmen-
tal and historical factors, vasculature) not accounted for in our ANN mod-
els. Given these limitations of our model, our findings require experimental
validation.

Finally, neuromodulation provides interesting directions for machine
learning (ML). By separating synaptic memory regimes in a single net-
work, we demonstrate how a network can have much greater flexibility
and increased capacity, supporting a library of unique behaviors for over-
lapping external contingencies. Furthermore, each behavior can be rapidly
accessed through targeted application of the relevant neuromodulatory fac-
tor. High-capacity, compact networks with high-speed access to different
output modes presents a promising component for ML development and
storage-limited applications like edge computing. Additionally, through
the separation of memory regimes that effectively splits a single RNN
into multiple processors, this mechanism may provide a means of realiz-
ing the super-Turing capability of specific RNN configurations as defined
by Siegelmann (1995). The addition of a continuous modulating variable,
the neuromodulation factor, may be sufficient to surpass Turing compu-
tation, analogous to Cabessa and Siegelman’s (2014) finding that synaptic
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plasticity enables super-Turing computation within RNNs. Future theoreti-
cal assessment of neuromodulated RNNs’ capacity will establish if this sim-
ple mechanism is sufficient to exceed the Turing limit.

4 Methods

4.1 Positive-Negative Output Task. In the positive-negative output
task two possible stimuli could be given to the agent (RNN in our simu-
lations): either a positive pulse referred to as positive stimulus or +; or no
pulse, also referred to as null stimulus or @ (see the extended data in the
online supplement for details of input signals). The agent is trained to give
a positive output (+1) for the positive stimulus and zero output (0) for the
null stimulus. When a neuromodulation effect is applied (e.g., broadcast
synaptic scaling by factor of 0.5), the agent is trained to output a different
set of behaviors to the same stimuli: zero output for the positive stimulus
and negative output for the null stimulus.

The positive-negative output task has many similarities to the well-
known go-no go task which is a widely used experimental paradigm.
The positive-negative output task differs in that there are two behavioral
repertoires that can be elicited depending on the internal state of the agent
that corresponds to the presence or absence of the neuromodulatory effect
in our RNN models. The internal state typically transitions over longer
timescales than stimulus-driven shifts in behavior; our task was designed
to depict these longer timescale shifts in the internal state that drive diverse
behaviors.

The three behavior and nine behavior variants of the positive-negative
output task followed a similar paradigm with additional added behaviors.
In the three-behavior version, a third behavior of positive stimulus — nega-
tive output, null stimulus — positive output was added. The nine-behavior
version was similarly elaborated with nine possible behaviors. See the sup-
plementary online file for details. In our simulations, each trial lasted 200
time steps of 5 ms each for a total represented duration of 1 second.

4.2 Neuromodulatory Neural Network Model. For our simulations,
we used a continuous rate recurrent neural network (RNN) model with
biologically plausible parameters similar to RNNs in prior works (Kim &
Sejnowski, 2020; Trujillo et al., 2020). Consistent with biological neural net-
works, we implemented Dale’s Law using the method in Song et al. (2016)
such that each neuron was either excitatory or inhibitory. For all our sim-
ulations, we used an RNN with N = 200 neuron units, 80% excitatory and
20% inhibitory. In the RNN, each neuron can be connected to any other neu-
ron with probability p., (peon Was initialized at 0.8 in our simulations), and
each neuron receives weighted input from connected neurons to produce a
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firing rate governed by the neural dynamical equation,

d
rdit‘ = —x + Wr+ Wyu+ N(0,0.1), (4.1)

where 7 € RV is the synaptic decay time constant for the N neurons in
the network, x € RN is the synaptic current variable for the N neurons,
W e RN*N s the matrix of synaptic weights between all N neurons, r €
RN is the output firing rates of the N neurons in the network, W;, € RN
are weights associated with external input 1, and N(0, 0.1) is added noise
drawn from a normal distribution with mean 0 and variance 0.1. The output
firing rate for the neurons is given by an element-wise nonlinear transfer
function transformation of the synaptic current variable. In our network,
we used the standard logistic sigmoid function as implemented by prior
models (Kim & Sejnowski, 2020; Kim et al., 2019):

1
r= .
1+e>

4.2)

The synaptic connectivity matrix W was randomly initialized from a normal
distribution with zero mean and standard deviation g/./N - pcn, where g
is the gain. We set g = 1.5 as previous studies have shown that networks
operating in a high-gain regime (¢ > 1.5) support rich dynamics analogous
to those of biological networks (Kim & Sejnowski, 2020; Kim et al., 2019; Laje
& Buonomano, 2013). The synaptic decay time constants were randomly
initialized to a value in the biologically plausible range of 20 to 100 ms. As
in Kim et al. (2019), we used the first-order Euler approximation method to
discretize equation 4.1 for the simulations; for neuron i:

At At
Xit = (1 - 7) Yig-1+ — ijirjz‘,t—l + Wyitr—1 | +N(0,0.1). (4.3)
j

Output was generated by taking all recurrent network neurons’ activities
and passing them through a weighted output unit,

Onetwork = Wour? + bout,
where W,,; € RN*! are the neural output weights and by, is the output

unit’s bias term. RNNs were trained by backpropagation through time us-
ing AdamOptimizer with a least root squared error objective function:
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where z is the desired output and o; is the network output at time t in a
trial of total length T (T = 200 time steps where each time step represents 5
ms, for a total trial length of 1 second in our simulations). For the positive-
negative output task, desired output was a 200 time step output trace as
described in section 4.1. For the Drosophila task, the desired output was a
single target value as described in section 4.8; in this case, only one time
step of output (the final network output at t = 100) contributed to the loss.

To apply an amplifying or dampening neuromodulatory effect, target
neurons’ weights were scaled by the neuromodulatory factor. For whole
network neuromodulation, this effect was applied to all neurons in the
RNN; for subpopulation neuromodulation, the effect was applied only to
the selected subpopulation of neurons.

For the positive-negative output task, RNNs were trained until one of
two possible stop criteria was met: (1) average trial root square error over
the last 50 trials was under a threshold of 1, or (2) 10,000 training trials was
reached. Performance on the task was then assessed by evaluating the per-
centage of test trials that matched the following performance criteria: for
positive output trials, output was required to reach 1.0 0.2 by time step
120 (full trial was 200 time steps); for zero output trails, output was required
to be 0.0 + 0.2 and for negative output trails —1.0 & 0.2 at time step 120.

For the Drosophila task, RNNs were trained until one of two possible stop
criteria was met: (1) average trial square error over the last 100 trials was
under a threshold of 0.005 or (2) 10,000 training trials were reached. Out-
put of RNNs was then assessed to determine network MAT (see mean ac-
ceptance threshold (MAT) description that follows) and behavior at inputs
corresponding to standard sugar concentrations taken from Inagaki et al.
(2012).

4.3 Comparison to Context-Dependent Cued Model. For comparison,
we created a cue-driven RNN model and trained it on the positive-negative
output task. The cue, which we refer to as the “context cue,” was delivered
to the RNN as an additional input stimulus and signaled which output be-
havior was desired. We created models with two types of cues: transient
cues were constant value inputs present only during the stimulus input pe-
riod (t = 1 to t = 75); persistent cues were constant value inputs across the
whole trial. For comparisons between models, we ran models with cue pairs
of +1.0/—1.0 (2.0 sep in Extended Data Figures 2a and 2b), +0.5/—0.5 (1.0
sep), and +0.2/—0.2 (0.4 sep).

We compared neuromodulatory and context-cued RNNs tolerance to
noise in input signals and noise in neuromodulatory signal. For each noise
condition we tested, we ran 100 simulations in four replicate RNNs and
measured consistency of final network states using a measure of mean Eu-
clidean distance. For details of noise simulations” comparison to context-
dependent cued model, see the extended data in the online supplement.

920z AeW LT UO IMSMONLES HONTINWAL ‘ODEIA NVS VINNOAITYD A0 ALIS¥IAINA Aq Fpd-68%T e 0D2U/8Z1085¢/T6Z/€/8¢/Ipd-2T0T3aR/0ODU/NPS " 3TW 3091TP//:d33y wox3 pespeoTumoq



Neuromodulators Generate Context-Relevant Behaviors 315

4.4 Fixed-Point Analysis. Fixed-point analysis attempts to find station-
ary points in activity space that help characterize reproducible network
dynamics between independently initialized and trained neural networks
(Driscoll et al., 2024). We followed the fixed-point analysis described in
Driscoll et al. (2024) and applied it to neuromodulated RNNs. To do this
we trained RNNs with neuromodulation factor 2 on the positive-negative
output task. After successful training, we used the fixed point finder pack-
age (https://github.com/mattgolub/fixed-point-finder; Golub & Sussillo,
2018) to search for stationary points corresponding to correct model out-
put. We used the default arguments for fixed-point finder, following the
example of the 3-bit flip-flop, including 5000 maximum iterations and 1000
initial states. We performed this analysis for five replicate RNNs indepen-
dently initialized and trained, and for each replicate RNN, we ran the anal-
ysis both with neuromodulation present and absent. For g value cutoffs, we
used g << 1/T? where T is the task timescale; for positive-negative output
task T = 200, so g << 2¢-5 for a fixed point similar to the g values used in
Driscoll et al. and specifically tailored to our task time length. Minimum
g values did not reach criteria of being sufficiently small to be considered
fixed points (see Extended Data Figure 6). To confirm that the state vec-
tor had velocity while the model output remained sufficiently constant to
meet our performance criteria for the task, we calculated the magnitude of
the velocity vector over time from our hidden states and found this con-
tinued to fluctuate when output was constant and remained on the scale
of /. To evaluate if RNN dynamics were moving in a particular direction
versus following more random motion, we measured the cosine similarity
between velocity vectors at successive time points and found some direc-
tionally correlated movement during the beginning of the task followed by
apparently random motion later on, possibly resulting from the noise term
in the RNN'’s governing equation 4.1. While the hidden state vector does
not, strictly speaking, settle into a stable fixed point, it does appear to fluc-
tuate randomly within a relatively confined region of activity space. Given
that the hidden state dimension is much greater than the output dimension,
multiple hidden states map to similar enough output states to meet our per-
formance criteria, which permits the network to wander through this space
with stable output. Our RNNs’ lack of fixed points while other RNNs con-
sistently yield reproducible fixed points (Driscoll et al., 2024) likely is due
to specific network design (i.e., governing equation including noise terms
and activation functions), training procedures, hyperparameter selections,
and the specific task the networks are trained on.

4.5 Neuromodulation of Multiple Subpopulations and Multiple Lev-
els. For neuromodulation of nonoverlapping subpopulations, same-sized
groups of neurons were chosen randomly without any overlap and neu-
romodulator applied to each for a given behavior. For overlapping sub-
populations, groups of neurons were chosen randomly allowing overlap
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(see Extended Data Figure 8). Our RNN models were initialized with ran-
dom connections W as described above; thus, subpopulations of neurons
selected randomly for neuromodulation targeting were not spatially local-
ized. The subset of neuromodulated neurons in our models is analogous to
a subset of neurons that receive neuromodulatory projections in the brain,
which are often spatially dispersed subpopulations.

Neuromodulation at different levels (“multifactor networks”) was done
by applying different neuromodulation factors ( f,). For the nine-behavior
positive-negative output task, this was done using factors € [1:1: 9]; that
is, for Behavior 1, no factor was applied ( f,» = 1); for Behavior 2, fu, = 2;
for Behavior 3, fu, = 3, and so on.

To test networks across the range of subpopulation sizes with single or
multiple neuromodulator factors on n-behavior positive-negative output
tasks, stop criteria were adjusted to account for the increased behaviors: (1)
average trial root square error over last n*25 trials was under threshold of 1,
or (2) 15,000 training trials was reached. Performance on the tasks was as-
sessed as before. For overlapping subpopulations, overlap was quantified
in two ways. For each network, the number of neurons neuromodulated in
two or more subpopulations was measured (see Extended Data Figure 8d).
Overlap was also quantified by measuring the average number of neuro-
modulated subpopulations; a neuron in the network was a member of (see
Extended Data Figure 8e).

4.6 Single Neuron Inputs, Functional Clustering, and Selectivity In-
dex. Neural activity in an RNN is a complex function of all the neuron ac-
tivities tracing all the way back in time. To understand how neuromodu-
lation shifted synaptic inputs at the single-neuron level, we considered the
first time point in a trial. For any trial, at t = 0 all activities are randomly
initialized from a normal distribution. As a result, at t = 1, a neuron reacts
only to the weighted inputs of its incoming connections, uncontaminated
by propagating recurrent activity dynamics from past time points. Analysis
of neuron activity at this time point is shown in Extended Data Figures 9a
to 9c.

In order to examine whether trained models contained functionally spe-
cialized neurons, we grouped neuron activities by combination of subtask
(which maps one-to-one with neuromodulatory state) and stimulus given
(stimulus-subtask combinations). We averaged activity of each neuron over
time and trials within each group. This resulted in a matrix of time-trial
averaged neuron activities with a number of rows equal to the stimulus-
subtask combinations, and number of columns equal to the number of
neurons. Using k-means, we clustered neurons with similar activity levels
across stimulus-subtask combinations. We computed a silhouette score to
find the optimal number of clusters, which for the RNN in Extended Data
Figure 9, was 6. The silhouette score computed for five and six clusters dif-
fered only by 0.7%, and the additional cluster was very small and similar to

920z AeW LT UO IMSMONLES HONTINWAL ‘ODEIA NVS VINNOAITYD A0 ALIS¥IAINA Aq Fpd-68%T e 0D2U/8Z1085¢/T6Z/€/8¢/Ipd-2T0T3aR/0ODU/NPS " 3TW 3091TP//:d33y wox3 pespeoTumoq



Neuromodulators Generate Context-Relevant Behaviors 317

an existing cluster, so we conducted further analysis with five clusters for
simplicity.

To measure the selectivity of individual neurons for particular stimulus-
subtask combinations, we calculated a selectivity index (si) for each

neuron j:

Fmax _ fsecofld_max
i j

Sif = Fmax ’

Fmax

where 7; is the average firing rate of neuron j over the trial duration, 7 i
indicates the maximum 7; across all the stimulus-subtask combinations
and fjm”d—"'“x indicates the second highest 7; over all the stimulus-subtask

combinations. The selectivity index thus captures a normalized approxi-
mation of how uniquely active a neuron was for a given stimulus-subtask
combination.

4.7 Network Population Dynamics. To represent whole network pop-
ulation activity dynamics, we sought a low-dimensional representation of
whole population activity. We used principal component analysis (PCA)
since the leading components capture the largest projections of activity vari-
ability, which we hypothesized would effectively separate our neuromod-
ulatory conditions if large differences occurred (Cunningham & Yu, 2014).
We found this was the case. We found qualitatively similar results using
multidimensional scaling, which finds projections designed to best preserve
distances in high-dimensional activity space. For our figures, we display
the first three PCs, as these captured a large amount of the activity vari-
ance (80%-92% explained across the analyses) and effectively represent the
activity dynamic differences in the analyses.

To map the neuromodulation-dependent activity subspace, we gener-
ated 100 independent stimuli series consisting of random numbers drawn
from a uniform distribution between 0 and 1 at each time point (f = 0 to
t = 200) and fed this into the RNN with and without neuromodulation
(shotgun stimulus mapping from Extended Data Figure 12a), which defined
nonoverlapping subspaces of activity space.

To analyze neuromodulation transition curves, we compared activity
under intermediate neuromodulation levels with linear interpolation. Lin-
ear interpolation was done by evenly dividing the distance between no and
full neuromodulation activity states into nine sections analogous to the nine
neuromodulation levels assessed. These nine points in activity space were
then used to generate output that is plotted in Extended Data Figure 13.
The geometry of the neuromodulation-based transition was assessed by
calculating the Euclidean distance of intermediate neuromodulation-level
states at a given trial time point to the nearest point on the line connecting
no and full neuromodulation states at that time point. These distances
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are plotted in Figure 3i. The angle of departure (AoD) was defined as the
angle formed by the line between no and full neuromodulation states and
the line between no neuromodulation and the first neuromodulation level
states, which can be calculated as

Vi = PF — PN

U1 = pr1 — PN,
R CRET
AoD = cos ' ———,
|11 ][v1]

where py is the network state with no neuromodulation, pr is the network
state with full neuromodulation, and p;; is the network state with the first
level of neuromodulation.

4.8 EC50. The EC50 of a network was defined as the level of neuro-
modulation that led to half the output of full neuromodulation, analogous
to EC50 measured in dose-response curves for pharmaceuticals: the dose
(“effective concentration”) that drives a half-maximal (50%) response. For
the results reported, we used EC50 calculated for the positive stimulus. For
this stimulus in the positive-negative output task, a nonneuromodulated
network outputs 41 and a fully neuromodulated network outputs 0 (mea-
surements for outputlevel were taken at 0.5 s through the trial); the EC50 for
the network in this case is the amount of neuromodulator required to output
0.5. The EC50 was calculated by fitting a sigmoid curve to the progression
of output (from +1 to 0 in this case) with increasing the neuromodulation
level (see Figure 3d),

1
output =1 — T3 ettt
where f,;, is the neuromodulation level. The EC50 neuromodulation level
was calculated by finding the intersection of the sigmoid and the half-
maximal output; for half-maximal output of 0.5, EC50 = —b/a. Sigmoid
curves were fit using a least squares fit.

To assess the variability of individual network sensitivities to intermedi-
ate levels of neuromodulation, 29 RNNs were independently trained with
a neuromodulation factor of 9. Since our focus in this analysis was on the
variability of sensitivity to neuromodulator exhibited by networks, approx-
imately 30 independent samples of RNNs was sufficient to show the high
variability: a 3.1 x spread, ranging from 2.1 to 6.5 with a full neuromod-
ulation factor of 9. This demonstrated that occurrence of low, and high-
sensitivity networks occurred with relatively high likelihood—roughly at
least 1/30 or 3%.
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4.9 Drosophila Sugar Sensitivity Task. We implemented a computa-
tional version of Inagaki et al. (2012) to train our network models. During
training, models were presented with a constant sugar concentration (exter-
nal input proportional to sugar concentration) for 100 time steps (equivalent
to 500 ms) and trained to output a probability of proboscis extension reflex
(PER), a behavior exhibited by Drosophila where the proboscis is extended
inresponse to a desirable food stimulus. This network output represents the
upstream signal of executing the PER behavior; thus, when a network out-
put was 50%, 5 times out of 10 that network would do the PER. This directly
would translate into the fraction of flies on average that would exhibit PER
in that condition as measured in Inagaki et al. (2012). Curves in Figure 4b
show average behavior of multiple networks, where each network showed
unique behavior transitions as reflected in Extended Data Figure 14d. For
fed and 2-day starved training, we used a piece-wise linear approximation
estimated from Inagaki et al. (2012) to determine desired output values. To
compare box plots of MAT, one-way ANOVA followed by t-test with Bon-
ferroni correction was used as in Inagaki et al. (2012).

During training, networks received an input stimulus corresponding
to a sugar concentration drawn from a continuous uniform distribution
between a maximum and minimum sugar concentration (6.25 mM and
800 mM as in Inagaki et al., 2012). Networks were trained to output the
sugar sensitivity curves corresponding to fed (no neuromodulation) and 2-
day starved (full neuromodulation, factor 5). After training, networks were
tested with no neuromodulation, full neuromodulation (factor 5), and an
intermediate neuromodulation level not seen during training (factor 3).

4.10 Mean Acceptance Threshold (MAT). MAT is the sugar concentra-
tion at which PER = 0.5. Analogous to the analysis done for flies in Inagaki
et al. (2012), for each RNN a sigmoid was fit,

PER =

1
Xougar *
1+ e*”‘k’gz A/;%y

where a is the slope of the sigmoid. When PER = 0.5, then X0, = MAT.
Sigmoid curves were fit using a least squares fit.

For intermediate neuromodulatory level ( f,,, = 3) MAT variability anal-
ysis, a normalized change in MAT (% AMAT) was calculated:

MATy,, -3 — MATy,, 1
MATy,, s — MATy,, 1"

% AMAT =

where MATy, ., is the RNN’s MAT with neuromodulation factor x.
%AMAT gives a network normalized metric for how much the interme-
diate neuromodulation ( f,,,=3) moved the fly from no neuromodulation
(fum=1) to full neuromodulation ( f,,=5) sensitivity.
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4.11 Electrical Modulation. We administered electrical modulation as
an external current applied for the duration of the trial. “On-target” mod-
ulation was applied to the neuromodulated neuron population, and “ran-
dom” modulation was applied to a randomly selected group of neurons
of equal size; these could include both neuromodulated or nonneuromod-
ulated neurons. All neurons (both excitatory and inhibitory) within the se-
lected subpopulation were given identical external current modulation. For
fixed electrical modulation simulations (see Figures 5b and Extended Data
Figures 15a and 15b), a current of magnitude 1 was applied (+1 for excita-
tory modulation; —1 for inhibitory).

The initial experiment testing the e-mod effect (see Figure 5b and
Extended Data Figures 15a and 15b) was done in 10 independently
trained RNNs with 50% subpopulation of neurons neuromodulated
by a factor of 0.5. After identifying the effect of e-mod on RNNs,
we sought to compare e-mod sensitivity to neuromodulation sensi-
tivity. To do this, we trained 30 RNNs with 50% subpopulation neu-
romodulated and a factor of 9 (similar to the sensitivity analysis in
Figure 3). We then administered graded electrical modulation (e-mod
€ —{0.0,0.5,1.0,1.5,2.0,2.5,3.0,3.5,4.0,5.0,6.0,7.0,8.0,9.0}) and as-
sessed network sensitivity (e-mod50) the same way as for neuromodulation
(EC50). For these networks, we also measured neuromodulation sensitivity
for comparison. These results are shown in Figures 5c to 5f and Extended
Data Figure 15c. For details see the online supplementary material.

Test performance (Figures 5b and Extended Data Figures 15a and 15b)
was measured in the same way as described previously for the positive-
negative output task by assessing the percentage of test trials that matched
the following performance criteria: for positive output trials, output was re-
quired to reach 1.0 & 0.2 by time step 120 (full trial was 200 time steps); for
zero output trials, output was required to be 0.0 + 0.2 and for negative out-
put trails —1.0 £ 0.2 at time step 120. To assess decreases in test performance
shown in Figure 5b, further analysis was done to characterize the break-
down of specific behaviors as shown in Extended Data Figures 15a and 15b.

Though similar to exogenous cues (Mante et al., 2013) in the mode of de-
livery (compare W,;u and U, terms in the last equation of appendix B in
the Extended Data), electrical modulation in these experiments was deliv-
ered to an RNN after it had been trained rather than during training when
the network could learn to use it as a signal. In this way, our implementation
of electrical modulation is more akin to experimental use of optogenetics in
probing neuromodulation-dependent network behavior or clinical admin-
istration of DBS and TMS in therapeutic modulation.

5 Conclusion

Neuromodulation, through the release of molecules like serotonin, nore-
pinephrine, and dopamine, provides a control mechanism that allows
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brains to shift into distinct behavioral modes. We used an artificial neural
network model to show how neuromodulatory molecules acting as a broad-
cast signal on synaptic connections enables flexible and smooth behavioral
shifting. We find that individual networks exhibit idiosyncratic sensitivi-
ties to neuromodulation under identical training conditions, highlighting
a principle underlying behavioral variability. Network sensitivity is tied to
the geometry of network activity dynamics, which provides an explanation
for why different types of neuromodulation (e.g., molecular versus direct
current modulation) have different behavioral effects. Our work suggests
experiments to test biological hypotheses and paths forward in the devel-
opment of flexible artificial intelligence systems.
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