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SUMMARY

Internal affective states accompany evolutionarily ancient survival behaviors such as mating, aggression, 
and predator defense and may contribute to emotional feelings in humans. In this perspective, we introduce 
a dynamical system framework for thinking about such states. We synthesize evidence from recent studies 
suggesting that key state features, such as their intensity and duration, may be encoded by approximate line 
attractor manifolds in the hypothalamus. Evidence for these attractors arises from unsupervised data-driven 
dynamical system modeling of high-dimensional calcium imaging data from genetically identified cell 
populations in freely behaving mice. Dissection of the fit dynamical models and closed-loop modeling with 
experimental perturbations raise new questions regarding circuit- and cellular-level mechanisms of attractor 
implementation. These findings challenge prevailing views of hypothalamic behavioral control and afford a 
new avenue to study the emergence of slow state-encoding neural dynamics across scales, from single neu-

rons to recurrent networks and neuromodulatory signaling.

INTRODUCTION

A fundamental goal in neuroscience is to understand how ani-

mals use sensory cues to produce behavioral outputs. Essential 

to this process is the concept of the internal state, a low-dimen-

sional ‘‘intervening variable,’’ 1 which can integrate the influence 

of multiple sensory cues and transform them into a low-dimen-

sional representation that guides behavioral decisions and motor 

actions. 2–4 Internal states can either be evoked by specific 

behavior-promoting sensory cues or be a prior condition that 

modulates the transformation of those cues into behavior. For 

example, a state of aggressiveness can be induced by sensory 

cues from a competing conspecific male, 5–7 but aggressiveness 

can also be promoted by extended social isolation. 8 Thus, inter-

nal states can not only drive goal-directed behavior but also pro-

vide adaptability, allowing organisms to flexibly modify their ac-

tions based on past experiences and current needs. 2

How such internal states are represented by neural activity re-

mains an important unsolved problem. 2 Innate ‘‘survival’’ behav-

iors such as mating, fighting, predator defense, parenting, 

feeding, and drinking provide tractable experimental platforms

to address this issue in different model organisms, because 

they are evolutionarily ancient and are accompanied by strong 

motivational, drive, or affective states. While such states have 

traditionally been measured using assays from behavioral psy-

chology, 9 they must also have corresponding neural representa-

tions that can be measured and described mathematically. It is 

the identification of these representations that is the topic of 

this perspective.

Determining where in the brain internal affective states under-

lying naturalistic behaviors are encoded and identifying the neu-

ral activity patterns that represent such states are hindered by 

the problem of how such states can be operationalized. Many 

studies infer the presence of an internal affective state based 

on observable behavior. For example, a state of aggressiveness 

is typically inferred by observing fighting behavior, while a state 

of fear is inferred by observing freezing behavior. 10 However, this 

approach risks conflating neural representations of internal 

states with those of the behaviors that express those states (or 

of the sensory stimuli that evoke them). For example, neural ac-

tivity in the amygdala or hypothalamus during freezing does not 

necessarily represent a state of fear 11 ; it could instead encode a
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sensory stimulus that evokes fear, a pre-motor pattern for 

freezing, or a representation of plastic changes that occurred 

during fear conditioning. 12 It is difficult to disentangle these rep-

resentations when such cues, states, and behaviors are highly 

correlated.

In the case of behaviors that maintain physiological homeosta-

sis, like eating or drinking, motivational states can be measured 

independently of consummatory behaviors using incentive-

guided operant conditioning assays with instrumental read-

outs, 13,14 such as bar-pressing or nose-poking to obtain re-

wards. 1,9 Here, what is measured is whether the animal will do 

work and, if so, how much work (i.e., how many nose pokes or 

bar presses it will perform) to obtain a reward, rather than con-

sumption of the reward itself. These work-related task variables 

are thereby taken as an operational readout of an animal’s inter-

nal motivation state (‘‘hunger’’ or ‘‘thirst’’). Standard supervised 

approaches can then be applied to identify neural representa-

tions of such task variables in concurrently recorded brain 

activity 13,15 and to distinguish them from representations of 

nose-poking or lever-pressing behavior itself. 16 Moreover, 

because the animals used for operant assays are highly trained 

to perform a repetitive artificial behavior, neural data can be 

averaged from hundreds of trials to increase statistical po-

wer. 17,18 This approach has provided valuable insights into the 

neural coding of motivational states such as thirst. 13

In contrast to behaviors that restore physiological homeosta-

sis, innate behaviors such as fighting, mating, or predator de-

fense are not elicited by resource deprivation and are therefore 

more difficult to adapt to operant conditioning paradigms 

designed to measure need-based motivational drives. Further-

more, operant assays require intensive training, which defeats 

the purpose of studying the neural coding of internal states un-

derlying innate behaviors. While operant assays have been 

adapted to measure aggressive motivation, 19 these assays do 

not measure internal states underlying aggressive behavior itself: 

a mouse cannot both attack a conspecific and press a bar for a 

reward at the same time. Finally, operant assays reduce the 

dimensionality of affective internal states to reward vs. punish-

ment, and there are important additional dimensions to these 

states 4,20,21 that are not measurable by reinforcement learning. 

For this reason, it has been argued that neural signals encoding 

affective or emotion states cannot be studied in animals, 

because there are no state-specific task variables that can be 

measured and correlated with neural activity. 9 If one accepts 

the premise that neural signals encoding affective states cannot 

be studied in the absence of a behavior-driven approach, it is 

difficult to refute this argument.

Here, we describe an alternative approach to identifying neural 

representations of internal affective states that is neural data 

driven rather than behavior driven. Briefly, this approach is 

based on the idea that such representations should differ from 

behavior representations in their neural dynamics: they may 

exhibit features such as persistence and continuous scaling 

(ramp up or down) 4,20 that are uncharacteristic of behavior rep-

resentations, which are usually time-locked to the discontinuous 

bout structure of specific motor actions. We provide examples to 

show how candidate internal state signals exhibiting these prop-

erties can be extracted from high-dimensional neural data

through unsupervised dynamical system modeling, an approach 

agnostic to task variables. 22 These signals can be visualized as 

manifolds (i.e., low-dimensional surfaces) embedded in neural 

state space, 23,24 such as line attractors, 25,26 and aligned retro-

spectively with annotated video recordings to interpret their 

behavioral relevance. 27,28 Moreover, although these statistical 

models are agnostic to implementation, they can be used to 

investigate experimentally how these emergent dynamics are 

implemented mechanistically in neural connectivity and 

signaling. 29,30 In this way, this neural data-driven approach frees 

the study of affective internal state coding from the shackles 

imposed by a traditional behavior-driven approach.

UNDERSTANDING NEURAL CONTROL OF INNATE 
BEHAVIORS THROUGH PERTURBATIONAL VS. 
OBSERVATIONAL STUDIES

The approach described above has relied on technical advances 

that have enabled a gradual shift from perturbational to observa-

tional approaches to the neural control of innate affective 

behaviors. Traditionally, perturbational rather than observational 

approaches have driven this field for several reasons. One is his-

torical: the field was established by the discovery that electrical 

stimulation of discrete brain regions could evoke certain behav-

iors (e.g., aggression). 31 A perturbational approach has the addi-

tional benefit of establishing causation, while observational 

studies only establish correlations. In addition, observational 

studies of brain activity during innate behaviors were initially 

restricted by reliance on single-unit recordings, whose low yield 

limits conclusions that can be drawn about distinct subpopula-

tions. 32 The practice of approximating population activity 

measurements in single animals by trial-averaging single-unit 

recordings from different neurons, while applicable to highly 

repeatable learned behaviors, is not applicable to innate behav-

iors due to their high intrinsic variability.

This limitation has been overcome by the development of 

methods to record simultaneously from hundreds or thousands 

of neurons in a single animal during a single trial of an innate 

behavior. While multi-channel extracellular electrodes afford 

such sampling, 33 fast, sensitive genetically encoded calcium 

indicators (GECIs) 34 permit imaging of hundreds of genetically 

identified cells in populations whose causal role in behavior 

can be established independently by optogenetic or chemoge-

netic perturbation studies. At the same time, the development 

of miniature head-mounted microscopes fitted with gradient 

refractive index (GRIN) lenses 35,36 has transformed imaging 

(both one and two photon) in deep subcortical structures such 

as the hypothalamus 37,38 and amygdala, 12,39 sites where artifi-

cial stimulation can evoke specific innate behaviors. 40–44 

Together, these technological advances have revolutionized 

the ability to obtain high-dimensional neural data from mice 

performing individual trials of instinctive behaviors.

In some cases, such population imaging experiments have 

confirmed that hypothalamic neuron subsets that promote a 

given behavior when artificially activated exhibit activity time-

locked to natural occurrences of the same behaviors. For 

example, studies in the medial preoptic area (MPOA) have iden-

tified specific cell classes that can evoke parental behavior 45 or
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Box 1. Primer on dynamical systems theory in neuroscience

In its simplest form, a dynamical system tracks the evolution of a state, y, over time as a function of inputs, u (Figure 1A). The

dynamics are specified by a differential equation,
dy

dt
= f(y; u), that describes how the current state and input determine the

change in state. The state y could represent the activity of a local population of interconnected neurons or that of neurons 

connected across various brain regions or nuclei. A dynamical system may be linear or nonlinear. Linear dynamical systems 

may be written as, f(y; u) = Ay + Bu (where A and B are matrices), since y on the right-hand side of the equation appears only 

to the first power. If the equation involved products, powers, or other functions of y (for example, y 2 , cos y, etc.), then the dynamical 

system would be nonlinear.

The mathematical tractability of linear dynamical systems makes them attractive models. For instance, consider a simplified neural 

circuit with two state variables, y = (y 1 ;y 2 ). For example, the variables could represent the average activity of two non-overlapping 

cell populations (Figure 1B), but this framework allows for more complex setups as well. In this system, the matrix A is a 2 × 2 

connectivity matrix that describes the strength and sign of connections between and within these populations (Figure 1C, left; 

for simplicity, these populations are represented by single neurons in Figure 1B). In this simple example, the entries of the dynamics 

matrix Adictate the strength of excitatory or inhibitory influences between and within the two populations (for the mathematical 

formalisms describing such a system, see Figure S1).

The dynamics matrix can reveal emergent properties of the network via its eigenvectors and eigenvalues (Figures S1B and S1D). 

The eigenvectors specify the ‘‘modes’’ of the system, and the eigenvalues specify how activity evolves along each dimension in 

time (see the supplemental appendix for non-mathematical intuition). Eigenvalues have two numerical components: real and 

imaginary. Eigenspectra (the collection of eigenvalues extracted from the dynamics matrix) are often displayed in a two-

dimensional plot, whose axes are the real and imaginary components of the eigenvalue (Figure 1C, middle). The real part of the 

eigenvalue determines the rate at which activity decays or grows along that dimension (eigenvector), following an input aligned 

with that dimension. Negative real eigenvalues far below 0 (Figure 1C, middle, red point) yield fast (small) time constants 

(Figure 1C, right, τ 2 ) leading to exponential decay back to the fixed point (here, the origin) and are stable (Figure 1D, ‘‘short 

time constant’’); eigenvalues > 0 lead to an exponential increase in activity along that dimension and are unstable, and zero 

eigenvalues yield marginally stable systems (Figure 1C). A slightly negative real eigenvalue (i.e., just below zero) indicates the 

presence of a nearly stable mode with a slow (large) time constant (Figure 1C, middle, blue point and right, τ 1 ). Such slow 

modes allow the cell population to produce persistent activity after receiving an external input (Figure 1D, ‘‘long time 

constant’’). (Note that sometimes linear dynamical systems are presented in ‘‘discrete time’’ via an update rule of the form 

y t+1 = Ay t + Bu t , rather than as a continuous time differential equation, and in this formulation stability is determined by the 

magnitude of the eigenvalues rather than the sign of their real part. 56 )

Let’s first consider a scenario with a circuit motif where there is no functional connectivity between y 1 and y 2 and which possesses 

self-inhibition (Figure 1E, blunt arrowheads). Depending on the specific entries in the dynamics matrix, the eigenspectrum for this 

dynamics matrix can result in two eigenvalues that are both negative and have short time constants (Figure 1F). We can visualize 

the activity of both modes in a two-dimensional plot of their activity against each other. This set of all possible combinations of y 1 
vs. y 2 activity in a neural system is called the neural state space. The pattern of connectivity determines the ‘‘flow field’’: a set of 

arrows at each point in neural state space that together dictate the direction and speed with which activity changes at any given 

point in this two-dimensional state space. (Figure 1G). A trajectory through neural state space, called the ‘‘population vector,’’ 

shows how activity evolves over time in response to inputs (Figure 1H). Some flow fields (conservative fields) can also be inter-

preted as the result of a ball rolling on a 3D ‘‘energy landscape.’’ In this example, we see that the arrows in the flow-field map point 

to a single position in state space that acts as a point of stability point (Figure 1G). The presence of such a single fixed point reveals 

a ‘‘point attractor,’’ which can be visualized in an energy landscape as a well (Figure 1I). Activity in other regions of the flow field 

tends to flow into this well (hence the name ‘‘attractor’’), and once in it, the system resists other influences that try to push the state 

out of the well, e.g., from external inputs (Figure 1H, blue arrows). In essence, the attractor can be thought of as a ‘‘sticky’’ point in 

neural state space (for further non-mathematical intuition, see the supplemental appendix).

The pattern of connectivity can also create other strong constraints on where activity can flow in neural state space. Consider 

another system, with a circuit motif that features functional connectivity between y 1 and y 2 in addition to the self-inhibition 

present in each node (Figure 1J). The resulting eigenvalues are real, and depending on the precise entries of the dynamics 

matrix, one eigenvalue can approach 0 (Figure 1K, blue point; see also Figure S1C, λ 1 ). Linear systems with eigenvalues 

approaching 0 are marginally stable and display a flow field where arrows point to a line of nearly stable points (Figure 1L), 

which corresponds to a long, shallow trough in the energy landscape (Figure 1N)—this is called a line attractor. External inputs 

to the system can kick the system off the attractor, and then the intrinsic dynamics pull the neural state to another stable point 

along the line, allowing the state to represent integrated inputs over time (Figure 1M). The position along the line encodes a 

continuous variable, and since the points along the line are (nearly) stable, the encoded value persists for long periods of time. 

For this reason, a line attractor is often referred to as a type of ‘‘continuous’’ attractor. Note that biological line attractors are 

not infinitely stable due to sources of leaks in the system and/or energy limitations and therefore are approximations of an ideal 

mathematically defined line attractor (Figure 1D).

(Continued on next page)
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male mating 46,47 when optogenetically activated. Calcium 

imaging experiments have confirmed that these neurons are 

specifically active during the naturalistic performance of these 

behaviors in freely moving animals. 28,46,47 Such observations 

support the idea that certain innate behaviors may be repre-

sented by ‘‘cell identity’’ codes 28,48 in the hypothalamus.

In other settings, however, such studies have failed to yield 

clear correlations with causal function or natural behavior. For 

instance, optogenetic activation of estrogen receptor 1 or proges-

terone receptor-expressing neurons in the ventrolateral subdivi-

sion of the ventromedial hypothalamus (VMHvl Esr1/PR ) can reliably 

trigger aggressive behavior, 49–51 yet calcium imaging of such neu-

rons revealed that only a small fraction of these cells was specif-

ically tuned and time-locked to attack. 37,46,52 Instead, most neu-

rons in this nucleus exhibited ‘‘mixed selectivity’’: they were 

activated to varying extents during multiple social behaviors, 

e.g., sniffing and attack. Furthermore, their dynamics were not 

synchronous with the onset and offset of specific motor 

actions. 28,37

From a more traditional perspective, these latter results may 

appear paradoxical: how can a population of neurons trigger a 

specific behavior in a time-locked manner when optogenetically 

activated if the activity of these neurons is neither specifically 

tuned nor time-locked to natural occurrences of the same 

behavior? Here, we present a different way of thinking that 

resolves this paradox and yields new insights into the neural 

coding of internal states. An essential feature of this perspective 

is its focus on neural dynamics.

THE UTILITY OF INCORPORATING NEURAL DYNAMICS 
IN THE STUDY OF INTERNAL STATES

Neural signals that are not time-locked to motor behaviors are of 

particular interest because, as mentioned earlier, dynamics are a 

key feature that can distinguish neural activity encoding internal 

states from that encoding observable behavior. Innate behaviors 

are often punctate: they are typically expressed in bouts, with 

well-defined onsets and offsets. By contrast, introspection and 

intuition suggest that internal affective states should precede 

and outlast the behavioral bouts that express them: our subjec-

tive experience of rising anger occurs before we display that 

anger behaviorally (e.g., by picking a verbal or physical fight) 

and takes time to dissipate even after the fight is over. If one ac-

cepts this premise, it follows that neural signals representing an 

internal affective state should exhibit such slow dynamics as 

well. 4,20 An additional feature of such states is that their intensity 

often escalates over time. 4,53 This suggests that scaling or ramp-

ing may be an additional characteristic of internal state-coding 

neural signals. Thus, if patterns of persistent activity and ramping 

in neural dynamics are apparent during an otherwise intermittent 

and sporadic behavior, such signals may be candidates for 

encoding internal affective states. In this way, unsupervised 

data-driven analysis of neural population activity and dynamics 

may reveal features that distinguish the representation of an in-

ternal state from that of the associated motor behavior, even in 

the absence of a method to operationalize and measure such 

states behaviorally.

How can one analyze high-dimensional neural data to identify 

dynamic signals that may encode internal states? One 

approach is to model the neural data as a dynamical system. 

A dynamical system is a set of equations that describe how 

phenomena evolve in time. 54,55 These phenomena may pertain 

to anything from the behavior of a pendulum to that of a neural 

circuit. For example, the firing rates of a network of neurons 

can be modeled as a dynamical system (Box 1). The model 

captures the influence of each neuron’s activity on the future 

firing rates of others, based on their connectivity. It also incor-

porates the influence of input to the network from external 

sources (Figure 1A). Importantly, the network’s behavior may 

be described more concisely by a set of lower-dimensional 

latent variables that capture correlations in the firing rates of 

groups of neurons, rather than of each individual cell, in the 

network (Figures 2B and 2C). Whatever its dimensionality, a 

dynamical system model can reveal the coding of certain 

variables by temporal changes in the activity of the system 

rather than simply by the instantaneous or average activity in 

the neurons.

Formally, a dynamical system model is a set of differential 

equations that describe the time evolution of a mathematically 

defined system. The system may exist in many different states, 

and a dynamical system model specifies how those states 

evolve over time. 54 In the context of a neural circuit, the system 

may consist of a set of neurons, and the states may correspond 

to the activity of individual neurons or of groups of neurons. The 

equations of a dynamical system define how those states 

change over time and in response to external inputs, thereby 

characterizing the future activity of the neural circuit. Importantly, 

the exact pattern of observed activity can be highly variable from 

trial to trial. This variability could stem from differences in the 

‘‘initial conditions’’ (the state of the system at the beginning of 

a given trial), from differences in the external inputs, or from 

intrinsic noise in the dynamical system (if the model is stochas-

tic). In the context of neural circuits, the instantaneous 

activity of the system often corresponds to a point in a ‘‘neural

Box 1. Continued

Many more types of flow fields can also be obtained depending upon the precise values of the dynamics matrix, 26 including 

oscillatory or rotational dynamics, another commonly observed computation related to sequential activity and decision 

thresholds seen in cortical and subcortical circuits, 28,57 which may be inferred also from linear systems based on the imaginary 

component of eigenvalues. However, many computations require nonlinear dynamical systems. For example, bistable systems 

with multiple point attractors require nonlinear dynamics. 58 Likewise, the ring attractor for maintaining heading direction in 

Drosophila 59 arises from a nonlinear dynamical system. Data-driven modeling techniques, like LFADS and rSLDS, employ various 

strategies to approximate nonlinear systems as linear systems and shed light on their fixed points and dynamical structure.
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Figure 1. Anatomy of a linear dynamical system

(A) Left: cartoon depicting a neural recording with activity (y) of a two-neuron system, as well as external inputs (u) to the circuit. Right: equation for a generic 
continuous linear dynamical system. The dynamical system tracks the evolution of the state y. The dynamics matrix (A) accounts for interactions within the 
network y, and the matrix B specifies how inputs influence the state.

(B) A cartoon of a coupled neural system consisting of two populations, y 1 and y 2 .
(C) Left: a dynamics matrix displaying the functional coupling between dimensions y 1 and y 2 . In this case, A can be interpreted as a 2 × 2 connectivity matrix with 
presynaptic populations on the columns and postsynaptic populations on the rows; thus, A 12 indicates the strength of the connection of y 2 onto y 1 . Middle: 
understanding the dynamics matrix through eigendecomposition, plotted in two dimensions (called eigenspectra) to show the real and imaginary parts of the 
eigenvalues. See the supplemental appendix and Figure S1 for a detailed mathematical description. Right: the magnitude of the eigenvalues can be used to 
calculate a time constant, which shows the rate of decay along each dimension in the presence of an external input. The value of the time constant for each 
dimension is inversely proportional to the negative of its eigenvalue. Smaller time constants (eigenvalues of lower magnitude, e.g., − 10) mean faster rates of 
decay, and larger time constants (eigenvalues of higher magnitude, e.g., − 2) mean slower rates of decay.

(legend continued on next page)
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state space,’’ and over time, the system traces out a ‘‘trajectory’’ 

through this high-dimensional space (see Box 1 and the 

supplemental appendix).

These trajectories are governed by a set of differential equations 

that describe the rate of change of neural state at each point in 

state space. They can be visualized either as a ‘‘flow field’’ of ar-

rows, whose direction and length at each point in space represent 

the direction and rate of change of the system (Figures 1D and 1H), 

or, in some cases, as an ‘‘energy landscape,’’ whose features are 

shaped by the rules the system obeys (Figures 1F and 1J). The pre-

dicted behavior of the system on any given trial is a time-evolving 

state, sometimes called the ‘‘population vector,’’ that moves 

through this landscape, representing the collective activity of all 

the neurons in the network (Figures 1E and 1I). In a linear dynamical 

system, the differential equations are linear functions of the current 

state, as represented by the dynamics matrix A in the first equation 

in Box 1. 54 Linear dynamical systems models are convenient 

because they are mathematically tractable, as discussed in Box 

1 (for a more detailed treatment, see Yang et al. 61 ). However, linear 

dynamical systems models are ultimately limited in their expressiv-

ity, and to model more complex features of neural circuits, we must 

turn to nonlinear models instead. Next, we describe how dynam-

ical systems can aid our understanding of neural circuits and 

how these models can be estimated from measurements of neural 

activity.

UNSUPERVISED DATA-DRIVEN DISCOVERY OF 
POPULATION DYNAMICS IN NEURAL CIRCUITS

Population dynamics can emerge at multiple levels in a neural cir-

cuit: they can be inherited from shared inputs to the neurons 

constituting the circuit, they can emerge from intrinsic dynamics 

due to interconnectivity between these neurons, and they can 

even arise from biophysical properties of single neurons that give 

rise to persistent states. Complex dynamics may also emerge 

through meso-scale interactions between nuclei or brain re-

gions. 63 In systems characterized by strong recurrence, emergent 

intrinsic dynamics resulting from the interconnectivity between re-

gions and between neurons significantly influence neural dy-

namics. The framework of dynamical systems provides a concep-

tual foundation grounded in engineering and physical sciences for 

understanding how feedback influences ongoing dynamics in 

physical systems. 54 This approach has been instrumental in 

modeling how neural circuits, conceptualized as dynamical sys-

tems, perform a wide range of computations, 64 from generating 

movement 17 and timing actions 65 to tracking heading angle, 59,66 

making decisions, 58,67 and mapping space in the brain. 64 Impor-

tantly, it can provide an understanding of the system’s behavior 

and function at a level of abstraction that does not require a 

detailed understanding of the mechanistic implementation of feed-

back, and it is top down in describing computations, rather than 

bottom up in describing biological implementation.

Studying the properties of a dynamical system can uncover 

important emergent features of neural circuits that arise through 

the interactions between neurons (refer to Box 1). These features 

may include persistent activity and escalation or ramping that 

have been hypothesized to encode features of internal 

states. 4,20,68 These properties, if they exist, can be inferred by 

applying dynamical systems analysis to neural population 

activity. Importantly, the use of unsupervised analysis means 

that these features are not prior assumptions that constrain the 

model but rather will (or will not) emerge from the analysis de-

pending on the system’s behavior. In one instantiation of this 

approach, dynamical models of the type illustrated in the equa-

tion (Box 1; Figure 1A) are directly fit to the observed activity of a 

population of neurons. Inspection of the fitted model may reveal 

whether the system exhibits attractor dynamics, a property that 

can allow information to be maintained in persistent neural 

activity 26,62,69,70 (see the supplemental appendix for an intuitive 

description). While theoretical studies have long implicated 

the role of attractor dynamics in encoding variables such as 

movement, 71–74 memory, 75,76 spatial locations, 77 or eye posi-

tion, 62 experimental studies have yielded increasing examples 

of biological attractor-like representations through the applica-

tion of dynamical systems models to actual neural data. 24–26 

For example, experimental evidence for ‘‘point’’ attractors 

(Figures 1G–1I) that encode working memory has been provided 

in the anterior lateral motor cortex (ALM). 67

(D) Relationship between attractor basin of energy landscape and time constant. Systems with slow time constants approximate line attractor dynamics, with 
reported biological instantiations of line attractors being approximations of an ideal line attractor. 26,60 An ideal line attractor would show an infinitely long time 
constant (λ = 0) and would possess a perfectly flat attractor basin. See also Figure S1C.

(E) Scenario 1: a cartoon of this coupled neural system consisting of two populations with no functional connectivity between y 1 and y 2 . This system also features 
self-inhibition within populations.

(F) Eigenvalues and time constants of dynamical system.

(G) The neural state space shows the possible configurations of activity in this system. The flow field, determined by the dynamics matrix A, shows how activity 
evolves in neural state space. In this example, the flow field reveals a single stable fixed point, which defines an approximate point attractor in neural state space.

(H) Same as (E), but showing the state evolution when the system is provided with a transient input that stimulates y 1 and y 2 . Each input pushes the system out of 
the point attractor, following which it returns to the attractor (due to the strong self-inhibition).

(I) Same as (E), but showing the flow field as a 3D energy landscape. The slope of the landscape is proportional to the strength of flows (length of arrows in G) at any 
point in state space. Thus, the line attractor appears as a well, with the base of the trough indicating the stable point of the dynamical system.

(J) Scenario 2: a cartoon of a coupled neural system consisting of two populations that excite one another. The excitation is balanced by self-inhibition within 
populations.

(K) Resulting time constants with an eigenvalue that approaches 0.

(L) Neural state space of this system showing a line of stable points constituting a line attractor.

(M) Same as (L), but showing the time-evolving population neural trajectory with transient inputs (red arrows). The input pushes the neural state out of the line 
attractor, with the state returning to a different fixed point from its location when input was initiated. This property allows the neural system to ‘‘integrate’’ (i.e., to 
accumulate and store information about the history of the inputs) along the line attractor.

(N) Same as (M), but showing the flow field as a 3D topographic energy landscape. The line attractor appears as a trough, with the base of the trough indicating the 
stable points of the dynamical system. Toy examples modified from Yang et al. 61 Diagrams in (I) and (N) are modified from Seung. 62 For an intuitive description, 
see the supplemental appendix.
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Figure 2. Theory vs. data-driven modeling to understand neural computation

(A) Illustration of the theory-driven modeling approach to understand neural computation. In this approach, multiple models are constructed with specific hy-

potheses, such as detailed connectivity patterns or intrinsic properties, and then each model is compared with neural data. The model whose parameters best fit 
the observed data is preferred.

(B) Illustration of the data-driven RNN modeling approach to understand neural computation. In this framework, nonlinear dynamical equations are fit to neural 
data in a manner that specifies the connectivity strength between individual neurons, and then the fit connectivity matrix can be studied to reveal neural 
computations.

(legend continued on next page)
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Attractors can exist in other topologies, such as ‘‘line’’ or 

‘‘continuous’’ attractors 25 (Figures 1L–1N). These continuous at-

tractors can function as integrators, allowing a circuit to accumu-

late and represent a graded, integrated variable. 25,70 Each inte-

grated value can be persistently represented within the circuit, 

enabling the encoding of continuous variables. The integrated 

positions function as ‘‘fixed points’’ that constrain activity within 

the circuit to exist within these points unless perturbed by 

external inputs to the circuit or by noise. Studies applying 

dynamical systems tools to neural activity have inferred repre-

sentations of continuous attractors with ring topologies (a.k.a. 

‘‘ring’’ attractors) important for encoding head direction in flies 

and rodents. 59,66,78 Here, the encoding of a continuous variable 

allows for different angles of head direction to be uniquely and 

persistently represented in activity. 59,66,78–80 Similar methods 

have also inferred continuous attractors encoding evidence in 

decision-making paradigms, 18 for reward history in learning par-

adigms, 81 and for encoding space. 79,80

Because neural circuits are intrinsically nonlinear, they are 

traditionally modeled as nonlinear dynamical systems such as 

recurrent neural networks (RNNs). However, RNNs are difficult 

to interpret and make assumptions about implementation (i.e., 

circuit connectivity) that are not necessarily correct. Recent ad-

vances in machine learning have enabled an alternative approach 

to fitting neural data with dynamical systems models, which is 

particularly useful for single-trial recordings. In this approach, 

the algorithm ‘‘learns’’ the governing equations that produce 

the observed dynamics by iterative modeling of the data (Box 

2). This data-driven approach contrasts with traditional modeling 

in neuroscience, where models are preconceived, intellectual 

constructs designed to approximate specific aspects of neural 

data (Box 2; Figure 2). This process of discovering dynamical 

properties employs new unsupervised machine-learning algo-

rithms that fit various types of dynamical system models to neural 

data. 79 Since dynamical systems that represent neural circuits 

might be inherently nonlinear, some methods, such as latent fac-

tor analysis via dynamical systems (LFADS 81,82 ), directly fit 

nonlinear models incorporating RNNs. Other approaches, such 

as recurrent switching linear dynamical systems (rSLDSs 28,83,84 ), 

approximate nonlinear systems as a composition of linear 

dynamical systems, making them easier to interpret.

A key feature of both LFADS and rSLDS is that they use dimen-

sionality reduction to identify dominant latent dimensions (also 

called ‘‘latent factors’’) with shared dynamical properties, which 

can explain a large fraction of variance in raw data. Dynamical 

models then explain the temporal evolution of these latent 

factors, which may arise from external inputs, noise, or intrinsic 

dynamics. Since these models are unsupervised, they do not as-

sume any form of attractor dynamics or other dynamic mecha-

nisms in the circuit. Furthermore, since they operate at the level 

of latent factors, they are agnostic to the exact implementation of 

the suggested dynamics of the underlying neural circuit. In other 

words, the dissection of these models can reveal the computa-

tion performed by the circuit but not the mechanism that imple-

ments the computation. Hence, these emerging methods permit 

unsupervised identification of putative dynamical features of 

neural activity and generate hypotheses for how those dynamics 

operate at a more abstract level.

DYNAMICAL ANALYSIS REVEALS AN ENCODING OF 
INTERNAL STATES AS CONTINUOUS ATTRACTORS IN 
STATE-CONTROLLING CIRCUIT NODES ACROSS 
BEHAVIORS

A set of recent studies has applied unsupervised dynamical sys-

tems analysis directly to neural activity from genetically marked 

neuron subsets within a key hypothalamic circuit node that 

controls innate social behaviors (male VMHvl Esr1 neurons 28 and 

female VMHvl Esr1+,Npy2r− neurons 27 ; Figure 3). Functional manipu-

lation of these and related genetically marked VMHvl populations 

(VMHvl PR61 ; VMHvl Cckar112,113 ) has revealed a causal role in 

regulating male 32,50,51,61 and female 49,114 aggressive and female 

sexual 112–114 behaviors, as well as in aggressive motivation 19 (re-

viewed in Mei et al. 115 ). Although studies using fiber photometry in 

these populations have reported bulk calcium signals that are 

generally correlated with these behaviors, 49,112,114,116,117 micro-

endoscopic single-cell calcium imaging studies have revealed 

relatively few neurons tuned or time-locked to specific social

behaviors. 27,37,46,52

Approaches incorporating statistical modeling of neural dy-

namics into the analysis of population activity in VMHvl have in-

ferred latent dimensions with properties of ramping and stability 

that correlate with the computations of scalability and persistence 

that have been suggested to be cardinal features of many internal 

states. 4,20 One study inferred a latent slow dimension whose activ-

ity resembles that of a neural integrator that accumulates some 

input variable during aggression. 28 Activity along this dimension 

ramps up as an animal starts sniffing a male intruder and peaks 

as animals engage in attack behavior (Figure 3C, right), suggesting 

that it may represent an escalating internal state. Notably, activity 

remains persistent during the inter-bout intervals of attack, sug-

gesting that the dimension resembles a state of aggressiveness 

rather than a representation of attack motor behavior. Importantly, 

by dissecting the fit dynamical system through examination of the 

fit parameters (e.g., eigendecomposition of the dynamics matrix A; 

see Figure 1), the slow dimension was suggestive of an approxi-

mate line attractor or leaky integrator, with the graded nature of 

the aggressive state corresponding to movement along the set 

of fixed points constituting the attractor (Figure 3D). Individual neu-

rons display ramping activity as the population trajectory pro-

gresses along the basin of the line attractor, similar to that 

observed in other integrator networks. 119 This progression along 

the attractor correlates with escalating aggressive behavior, from 

sniffing to dominance mounting (a low-intensity aggressive 

behavior 46 ) and ultimately attack.

A qualitatively similar slow ramping dimension was also in-

ferred recently from activity in female VMHvl Esr1+, Nyp2r− neurons, 

which causally control sexual receptivity, 114 during mating

(C) Illustration of the data-driven, probabilistic state space modeling approach to understand neural computation. This framework uses dimensionality reduction 
to obtain latent states underlying neural data and fits a dynamical system model to the latent states. Analysis of the fit dynamics parameters—e.g., the linear 
dynamics matrices of an rSLDS—can reveal novel computations in the circuit under study.
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behavior 27 (Figure 3E). This study used similar statistical linear 

dynamical system models whose fit parameters suggested a 

leaky integrator or continuous line attractor, where movement 

along the basin of the attractor integrates male contact to create 

a continuous representation of sexual arousal or receptivity 

(Figure 3F). The integrated value along the attractor correlated 

strongly with the amount of receptive behavior displayed by fe-

males in a given mating trial. 27 Individual neurons displayed 

sequential activity and some ramping as the population trajectory 

progressed along the basin of the line attractor, correlating with 

increasing sexual behavior. Furthermore, this line attractor disap-

peared and then reappeared in a periodic, estrogen-dependent 

manner across the estrous cycle, with single neurons contrib-

uting to the attractor undergoing a transformation in their dy-

namics from persistent to transient (Figures 5G–5I). Importantly, 

in both studies, activity along the integration dimension was 

distinct from that of the population mean of all recorded neurons, 

underscoring the importance of dynamical methods to reveal 

neural signals with distinct, behaviorally relevant dynamics. 

These studies suggest that continuous attractor dynamics 

might be a type of computation used by certain subcortical nuclei 

to encode key features of internal states underlying innate social 

behaviors, namely their persistence and scalability. However, 

further work remains to elucidate the nature of the external input 

variable that is integrated by the attractor. For example, while 

the receptivity-encoding continuous attractor was suggested to

Box 2. Discovering dynamical properties of neural circuits through data-driven modeling

Classical approaches to modeling neural circuits begin with a defined hypothesis about the circuit’s properties, such as a specific 

connectivity pattern or other mechanistic implementation features. 85,86 This ‘‘theory-driven’’ approach attempts to recreate specific 

properties of neural activity observed in neural circuits (Figure 2A). For instance, numerous theoretical mechanistic models of the 

oculomotor integrator (which encodes eye position 62 ) have been constructed to explain persistent activity seen in neurons from 

in vivo data. 69,70 In the study of internal states, mechanistic models have been used to explain persistent activity in VMHdm 

neurons involved in maintaining a defensive state. 85 In each system, different models were constructed that incorporated 

various ad hoc and various mechanistic features, such as recurrent connectivity, cell-intrinsic persistent activity, or 

neuromodulator release. These models can then be compared based on how faithfully they match actual neural measurements, 

with greater similarity suggesting that such models have proven sufficient to replicate observed dynamic phenomena. In this 

approach, the observed data are used as a point of reference rather than serving to directly constrain model construction. 

Advances in machine learning over the past several years have enabled a different type of modeling framework that uses statistical 

methods to estimate the governing equations underlying data. 79 These ‘‘data-driven’’ approaches can fit dynamical systems 

directly to either behavioral or neural data. Task-trained networks comprise an important category of data-driven models where 

RNNs are trained to reproduce tasks performed by rodent or human agents. These models may be dissected to reveal 

hypothesis regarding neural computations, which may then be compared separately to neural data. 18,87 However, given the 

focus of this perspective on innate, naturalistic behavior, we refer the reader to other prominent reviews of task-trained 

networks for learned, artificial behaviors. 87–90

Data-driven techniques can also be used to fit dynamical models to neural data. The fitting process adjusts model parameters to 

minimize the difference between a model’s predicted neural trajectory and the actual trajectories in the data, or more precisely, to 

maximize the probability of the observed data under the model. Some data-driven approaches, such as partial in network training 

(PINning), 91 attempt to fit nonlinear RNNs of observed neural data in a 1-1 manner, providing predictions of underlying connectivity 

(Figure 2B). For instance, PINning has been used to create data-driven models of neural activity during decision-making tasks in 

the posterior parietal cortex (PPC). 91 By analyzing the fit connectivity matrix, the authors discover a new computational hypothesis 

for sequential activity in PPC that uses recurrent connectivity and external inputs. This capacity to discover new hypothesis of neu-

ral computations through analysis of the fit model parameters has evoked considerable interest in this data-driven approach. 79 

One class of data-driven approaches uses probabilistic state space models to provide a more abstract characterization of neural 

dynamics 92–107 (Figure 2C). These methods, including latent factor analysis via dynamical systems (LFADS) 82 and recurrent 

switching linear dynamical systems (rSLDSs ) 83 among many recent methods, 92,97,100,101,103 use dimensionality reduction to 

find a set of latent dimensions/modes, which capture most of the variance in the original recordings, and simultaneously estimate 

dynamical equations that govern how these low-dimensional variables evolve in time. 83 In addition to discovering latent dimen-

sions using dimensionality reduction, this approach can identify new candidate neural computations and functions performed 

by those latent modes through examination of the parameters of the learned dynamical models. These methods have been 

recently used to uncover integration signals in the hypothalamus that function as continuous attractors encoding aggressive 

and reproductive internal states, 27,28 as well as reward history the habenula. 81

Methods using rSLDS models typically have fewer parameters than RNNs and are thus well suited for single-trial neural data such 

as those usually obtained during studies of innate behavior. Moreover, the piecewise linear nature of the rSLDS model allows for a 

comprehensive understanding of the fit model using methods from linear dynamical systems theory (see Box 1). However, unlike 

RNNs fit directly to neural data, probabilistic state space models like rSLDS do not have an immediate mechanistic interpretation. 

To understand how the latent states and dynamics of a model map onto cell types, synaptic connections, neuromodulators, and 

other biological mechanisms requires reverse engineering the fitted model 18,28,30,108,109 and, often, further experimental validation. 

Bridging the gap between state space models and more mechanistic circuit models is an active area of research. 60,110,111
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integrate male contact, 27 inputs to the circuit that provide such a 

contact signal have not yet been characterized (although a recent 

study 120 identified such an input that controls male mounting). In-

dependent studies in the habenula, another subcortical structure, 

have provided evidence of a line attractor that integrates reward 

history during performance of a reinforcement learning task. 81 

Furthermore, the state output variable that is represented by 

VMHvl line attractor activity is not clear, and it might reflect 

arousal, motivational drive, 19 or both. Hence, elucidating the 

downstream behavioral functions of state-encoding continuous 

attractors represents an important area of future research.

It is important to note that while these data suggest a role 

for line attractors in the encoding of internal social behavioral 

states in VMHvl, other hypothalamic nuclei that causally control 

social behaviors do not appear to employ this mechanism. The 

MPOA controls several innate social behaviors, including 

parenting 45,121 and male mating. 46,47 Fitting of rSLDS models 

to data recorded from MPOA Esr1 neurons during male mating

did not reveal a latent slow mode or line attractor dynamics; 

rather, mating behaviors were represented by specific, sequen-

tially activated action-tuned populations such as mounting and 

intromission. 28 Nevertheless, a female-tuned subpopulation of 

VMHvl Esr1 neurons 37 in male mice was found to exhibit line at-

tractor dynamics during mating. 28 These findings suggest that 

different hypothalamic nuclei may encode the same social 

behavior using different neural dynamics. The extent to which 

this generalizes to other hypothalamic nuclei and other behav-

iors is an interesting question for further studies.

REVEALING THE CAUSAL IMPLEMENTATION OF 
STATE-ENCODING CONTINUOUS ATTRACTORS

Understanding whether and how continuous attractor 

dynamics are implemented in subcortical nuclei requires first 

distinguishing whether the observed dynamics are computed 

locally in the nucleus under study or rather constitute a passive

Figure 3. Neural circuitry and dynamics underlying internal state encoding

(A) Overview of subcortical circuits supporting innate behaviors and internal states such as aggression and mating.

(B) Overview of inputs and outputs to VMHvl Esr1 neurons. 118

(C) Summary of results from Nair et al. 28 Unsupervised dynamical systems analysis is used to discover a dimension of activity termed the integration dimension in 
male VMHvl. This dimension possesses properties of ramping activity and persistence.

(D) This modeling approach discovers a line attractor in male VMHvl that correlates with an escalating aggressive state.

(E) Summary of results from Liu et al. 27 Unsupervised dynamical analysis uncovers a similar integration dimension during mating behavior in female mice with 
similar properties of ramping and persistence.

(F) Dynamical analysis discovers a line attractor in female VMHvl that correlates with escalating sexual receptivity.
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readout of a signal computed in an upstream attractor 

network, i.e., are ‘‘inherited’’ from an input. Furthermore, given 

that sources of persistent, time-varying sensory stimuli might 

be present in the environment, 122,123 the apparent continuous 

attractor observed in the hypothalamus could simply reflect 

ramping sensory input rather than true attractor dynamics. 

Arbitrating among these possibilities necessitates perturbation 

experiments to rigorously test predictions of a continuous 

attractor model.

In principle, such perturbations can be performed at two 

levels: manipulations of behavior or of circuit activity. Interrup-

tion of behaviorally relevant sensory input can be used to test 

whether persistent activity in attractor circuits is intrinsic to the 

observed area. 25 Examination of neural dynamics in VMHvl Esr1 

neurons upon manual removal of the male intruder following 

attack by the resident mouse yielded persistent activity and 

slow decay within the integration dimension in the imaged resi-

dent, consistent with intrinsic attractor dynamics 28 (Figures 4A

Figure 4. Causal perturbations of affective state-encoding line attractor dynamics

(A and B) Neural state space showing line attractor dynamics during aggression (A) and behavioral perturbations thereof (Nair et al. 28 ) (B). Left: introduction of a 
male intruder results in a transient off-manifold response, with the neural trajectory returning to the line attractor as the resident interacts with the new intruder. 
Right: removal of all intruders from the cage results in a slow movement of the neural trajectory along the line attractor, as predicted by the time constant of the fit 
dynamical system model.

(C) Schematic of experiments performed in Vinograd et al. 30 Targeted perturbations are performed toward either attractor-aligned (x 1 ) or orthogonal neurons (x 2 ).
(D) Activation of attractor-aligned (x 1 ) neurons results in an on-manifold movement of the neural trajectory in neural state space. Each pulse of activation is 
integrated by the circuit, allowing the trajectory to move to the end of the line.

(E) Activation of attractor-orthogonal neurons results in an off-manifold response where the neural trajectory is perturbed in a transient manner orthogonal to the 
line. Activity returns to the line at the end of the stimulation period.

(F) Cartoon summarizing results in Vinograd et al. 30 showing effects of on- and off-manifold perturbation in neural state space.

(G) Neural state space showing line attractor dynamics in Liu et al. 27

(H) Neural perturbations, in conjunction with imaging in freely moving animals, result in transient off-manifold movements of the neural trajectory in state space.

(I) Cartoon summarizing results in Liu et al. 27 showing effects of off-manifold perturbation in neural state space.
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and 4B). A more sophisticated ‘‘hands-off’’ behavioral perturba-

tion was applied to test the intrinsic nature of the receptivity-en-

coding continuous attractor in female VMHvl Esr1+,Npy2r− neurons 

by using wireless optogenetics to induce abrupt male mounting 

pauses during an ongoing mating interaction. Analysis of activity 

in the integration dimension of the female indicated slow decay, 

with activity remaining persistently elevated and not collapsing 

at the offset of male mounting. 27 In some females, continued 

ramping activity was observed, suggestive of an intrinsic source 

of ramping in this system. 27

A rigorous test of the intrinsic nature of attractor circuits, how-

ever, requires direct experimental perturbations of neural activity 

in conjunction with neural recordings. These perturbations may 

be ‘‘on-manifold’’ if they are targeted to neurons contributing 

to the attractor and ‘‘off-manifold’’ if they target other attractor-

orthogonal neurons in the dimensionally reduced neural state 

space. 124 While on-manifold perturbations are crucial to reveal 

conclusive evidence of integration in continuous attractor net-

works, off-manifold perturbations are critical to illustrate the 

attractive nature of fixed points along the attractor manifold. Until 

recently, the only examples of in vivo neural perturbation of at-

tractor dynamics were performed in a head direction-encoding 

continuous ring attractor in Drosophila 59,125 and in a murine point 

attractor encoding working memory in cortical area ALM. 67,126 In 

general, such experiments are challenging to perform in 

the context of innate social behaviors such as aggression 

because single-cell-targeted two-photon optical manipulation 

and imaging 127,128 require head fixation, and head-fixed mice 

cannot fight.

A recent study utilized the surprising observation that 

VMHvl PR/Esr1 neurons appear to vicariously mimic (‘‘mirror’’) 

aggression-related activity during passive observation of attack 

episodes performed by ‘‘demonstrator’’ mice. 117 rSLDS 

modeling of VMHvl Esr1 neural activity imaged in freely behaving 

mice yielded line attractor-like activity during both observation 

of and engagement in attack, with a ∼70% overlap in attrac-

tor-weighted neurons under the two conditions. 30 This allowed 

instantiation of aggression-related continuous attractor dy-

namics in the VMHvl of head-fixed mice passively observing 

aggression 30 (Figure 4C). On-manifold two-photon holographic 

optogenetic activation combined with calcium imaging 127 

demonstrated the capacity of Esr1 + neurons to integrate direct 

input to various fixed points, while off-manifold activation 

demonstrated the attractive nature of those inferred fixed points 

(Figures 4D–4F). Neural perturbations in freely moving animals 

have been used to test the intrinsic nature of the female recep-

tivity-encoding continuous attractor. 27 Off-manifold perturba-

tions using generic optogenetic inactivation demonstrated the 

attractive nature of fixed points inferred from the data-driven 

models used in the study (Figures 4G–4I).

These studies demonstrate the intrinsic capacity of hypotha-

lamic circuits to exhibit continuous line attractor-like dynamics 

that encode putative representations of internal states. Mecha-

nistically, such intrinsic dynamics may emerge through either 

local (intra-nuclear) or long-range (inter-nuclear) recurrent con-

nectivity 123,129 and may also involve cell-intrinsic mechanisms 

and inhibitory connections. 130,131 Given the densely intercon-

nected nature of hypothalamic circuits, 118,121,132 further investi-

gation is needed to understand how attractor dynamics are 

implemented within and across state-contributing nuclei.

LINKING INTERNAL STATE-ENCODING CONTINUOUS 
ATTRACTORS TO CIRCUIT MECHANISMS

The ability of dynamical systems models to reveal representa-

tions of state-encoding continuous attractors has relied on 

statistical approaches that are agnostic to implementation-level 

details of these emergent dynamics. The demonstration that 

these dynamics are intrinsic to the observed hypothalamic cell 

populations was crucial for showing that these signals are not 

simply graded inputs persistently present in the environment. 

However, significant open questions remain regarding the 

circuit-level implementations of these putative line attractor dy-

namics. More broadly, the mechanisms of how continuous at-

tractor dynamics emerge from the neural circuits that embody 

them are yet to be fully understood, raising important questions 

about how population-manifold approaches can be linked to a 

circuit-level understanding of neural coding. 24 While advances 

toward this goal have been made for the head direction-

computing ring attractor 59,66,125,133,134 in Drosophila, where 

highly specific genetic access to neural cell types 135,136 and an 

electron microscopy (EM) connectome 137,138 are available, 

such resources have been more limited in vertebrate systems, 

although progress is being made. 139

Despite these limitations, studies on hypothalamic line attrac-

tors have begun to address questions of neural implementation. 

Evidence for functional connectivity among attractor-contrib-

uting neurons within the aggression-encoding continuous at-

tractor in VMHvl Esr1 neurons has been provided by single-cell 

optogenetic stimulation and imaging experiments. 30 Interest-

ingly, this functional connectivity appears to be specific to the at-

tractor-contributing ensemble, as attractor-orthogonal neurons 

did not exhibit similar connectivity (Figures 5A–5C). Computa-

tional models suggest that this connectivity is not exclusively im-

plemented through traditional glutamatergic connectivity, as 

theorized for cortico-hippocampal and oculomotor attractor net-

works, 70 but likely includes slower-timescale neurotransmis-

sion. 30 This finding implies a potential role for neuromodulatory 

signaling, potentially mediated by neuropeptides or biogenic 

amines, released either locally or through meso-scale inter-re-

gion connectivity.

Targeted CRISPR-based knockdown of neuropeptide recep-

tor signaling in VMHvl Esr1 neurons 29 has recently provided evi-

dence supporting the role of peptide signaling in hypothalamic 

line attractor dynamics (Figure 5D). A recent study reported 

that the genetic disruption of oxytocin (OXT) and vasopressin 

(AVP) receptor signaling in VMHvl Esr1 neurons resulted in the 

loss of the aggression-encoding continuous attractor, providing 

causal evidence of a requirement for peptide signaling to imple-

ment a hypothalamic line attractor. 29 Dynamical systems anal-

ysis performed on calcium imaging data from OxtR/Avpr1a 

gene-disrupted mice suggested that the relevant latent dimen-

sion no longer possessed the property of integration but rather 

showed activity time-locked to each bout of male interaction 

(Figure 5E, lower). As a result, the genetically perturbed system 

possessed a point attractor rather than a line attractor, where
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Figure 5. Mechanisms underlying affective state-encoding line attractor dynamics

(A) Schematic of experiments in Vinograd et al. 30 : single-line attractor-contributing neurons (x 1 ) are activated, and untargeted x 1 and attractor-orthogonal (x 2 ) 
neurons are examined.

(B) Left: activity of untargeted x 1 neurons showing functional connectivity within the line attractor-contributing ensemble. Right: activity of untargeted x 2 neurons 
showing lack of functional connectivity between x 1 and x 2 neurons.

(C) Summary of results in Vinograd et al., 30 showing selective functional connectivity within the line attractor ensemble.

(D) Schematic of experiments in Mountoufaris et al. 29 : miniscope recordings are performed in animals where oxytocin (OxtR) and vasopressin (Avpr1) receptors in 
VMHvl are knocked down in Esr1 neurons using CRISPR unilaterally. This design allows researchers to study the effect of the knockdown (KD) on neural activity, 
independent of its effect on behavior.

(E) Longest time constant dimension from dynamical system modeling in control (top) and OxtR/Avpr1 KD (bottom) mice. This dimension in control mice shows a 
long time constant with persistent activity that decays slowly in the post-intruder period. In the KD mice, however, this dimension possesses a smaller time 
constant and thus is unable to integrate, resulting in activity time-locked to interaction bouts.

(F) Summary of Mountoufaris et al. 29 showing the loss of line attractor dynamics upon removal of neuropeptide signaling.

(G) Schematic of experiments in Liu et al. 27 : miniscope recordings are performed longitudinally across the estrus cycle in female mice.

(H) Longest time constant dimension in the same mice during the proestrus phase (top) and non-proestrus phase (bottom). This dimension during the proestrus 
shows a long time constant with slow ramping and persistent activity. During the non-proestrus phase, this dimension possesses a smaller time constant and thus 
is unable to integrate, resulting in activity time-locked to interaction bouts.

(I) Summary of Liu et al. 27 showing the transformation of line attractor dynamics through the estrus cycle.
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the point of stability represents the baseline activity of the nu-

cleus (Figure 5F). The same manipulation also reduced aggres-

sion, consistent with (but not proving) a causal role for line attrac-

tor dynamics in this behavior.

These results establish a requirement for neuropeptide 

signaling in establishing or maintaining the hypothalamic line at-

tractor. However, they also raise possible alternative hypotheses 

to explain the inferred line attractor. For instance, slow hypotha-

lamic dynamics might also be approximated as a single point 

attractor with a shallow energy landscape along a single dimen-

sion. Decay along this dimension might correlate with the decay 

of neuropeptide dynamics. Thus, additional studies are required 

to understand the relevance of peptide-based modulation to the 

putative line attractor dynamics identified in this system. Further-

more, OXT and AVP are not synthesized by VMHvl Esr1 neu-

rons 140 but rather by other hypothalamic nuclei that provide input 

to VMH. 141 Thus, further investigation is necessary to reveal the 

differential contribution of inter-region and intra-region connec-

tivity, and/or of cell-intrinsic responses, to peptide-mediated 

continuous attractor dynamics in VMHvl.

The importance of slow neuromodulatory or hormonal 

signaling to hypothalamic continuous attractors also appears 

to generalize to other internal states. Recordings of neurons 

across the estrus cycle indicate that the female receptivity-en-

coding continuous attractor in VMHvl is lost during non-proes-

trus states when levels of cycling estrogen and progesterone 

are low, suggesting a strong modulation by steroidal hormones 

on a timescale of days 27 (Figures 5G and 5H). Dynamical analysis 

from mice in the non-proestrus stage of the estrus cycle indi-

cated that the resulting dimensions no longer integrate but 

possess activity time-locked to periods of interaction with the 

male (Figure 5H, lower). This suggests that sex-steroid hor-

mones may also play a role in instantiating hypothalamic line 

attractor dynamics (Figure 5I). In support of this conclusion, 

ovariectomy eliminated attractor dynamics, while priming of 

ovariectomized females with estrogen plus progesterone 

restored it. 27

These new studies challenge dominant assumptions in two 

different domains of neuroscience. (1) They suggest that tradi-

tional theoretical frameworks for attractor dynamics 70 may 

need to be expanded to accommodate new classes of mecha-

nisms, such as peptide-mediated attractor dynamics, as shown 

for hypothalamic continuous attractors. (2) They indicate that the 

hypothalamus performs more computation than previously 

recognized, challenging a prevailing view of the region as a ‘‘hy-

draulic’’ network of behavioral action-specific relay stations 

utilizing an underlying cell identity code. 6,48 This repositions 

the hypothalamus as a crucial platform to understand how at-

tractor dynamics can emerge through multi-level mechanisms, 

including hormonal and neuropeptide signaling as well as recur-

rent connectivity, to elucidate the encoding of internal states.

TESTING THE IMPLICATIONS OF A DYNAMICAL 
SYSTEM MODEL: CAUSALITY, IMPLEMENTATION, 
READOUT, AND PLASTICITY

The finding that continuous attractors may encode internal affec-

tive states in the hypothalamus illustrates a new approach to

identify and study such states through their unsupervised 

identification using neural dynamics, which should be generally 

applicable. At the same time, many important new questions 

and issues have been raised by these findings. Answering these 

questions is critical but technically challenging. For example, to 

advance beyond correlational studies, it is essential to test 

whether movement along hypothalamic continuous attractors 

causally influences behavior, using genetically based perturba-

tion techniques. However, conducting such experiments re-

quires genetic access to neurons that contribute to continuous 

attractor dynamics. 59,125,134 Since VMHvl Esr1 attractor neurons 

form a functional subpopulation, 28 activity-based tagging 

methods may be best suited for accessing them. 142 Whether 

these neuronal dynamics correspond neatly to genetic cell types 

marked by specific genes 140 remains an open and important 

question, whose answer may also further enable targeted pertur-

bation studies.

The mechanistic implementation of the VMHvl Esr1 line attrac-

tors at the circuit level remains to be elucidated. Theories of 

line attractor implementation postulate a role for recurrent gluta-

matergic connectivity in generating the persistent activity and 

integration properties necessary for such dynamics. 62,70 While 

holographic optogenetic perturbations and imaging have pro-

vided evidence of functional connectivity among line attractor 

neurons in VMHvl, 30 whether such connectivity is glutamatergic 

or locally recurrent is not yet clear. RNN modeling 30,85 has indi-

cated a requirement for slow neuromodulatory signaling in 

attractor implementation, an inference supported by genetic 

perturbations. 29 Consistent with this, paired slice recordings in 

VMH have suggested that local glutamatergic connectivity is 

sparse and neuropeptide signaling dominant 143 ; however, at-

tractor-weighted neurons are rare (<10%), and connections be-

tween them may have been missed by random sampling. EM 

connectomic reconstruction of VMH should resolve the issue 

of local recurrent connectivity and shed light on attractor imple-

mentation, as it has in other systems. 133,139

Population activity-based studies of neural dynamics often as-

sume that these dynamics are ‘‘read out’’ by downstream targets 

of the brain region under study: in other words, if we human ob-

servers can ‘‘see’’ and interpret attractor dynamics in a certain 

region of the brain using mathematics, it is likely that the brain it-

self does so as well. However, this assumption remains to be 

experimentally validated. Hypothalamic continuous attractors 

may be ‘‘read’’ by other recurrently connected hypothalamic re-

gions and by pre-motor centers such as the periaqueductal gray 

(PAG). 116 Understanding these transformations will require 

simultaneous imaging of multiple hypothalamic regions, along 

with imaging of activity in putative downstream brain regions. 

New multi-site imaging techniques 144 will be crucial to achieve 

this objective.

A consistent feature of data-driven studies of hypothalamic 

continuous attractor dynamics is that key attractor parameters 

vary across individuals, even when the animals are genetically 

identical. For instance, the time constant of the aggression-en-

coding continuous attractor has been shown to strongly corre-

late with the fraction of time a mouse spends performing attack 

behavior, suggesting that the stability of the inferred continuous 

attractor may be tuneable 28 (Figures 6A and 6C). Further studies
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have demonstrated that the time constants of a similar attractor 

in head-fixed mice are positively correlated with the degree of 

functional connectivity within the attractor-weighted ensemble 30 

(Figures 6B and 6C). Whether this inter-individual variation re-

flects a malleability of attractor dynamics within an individual, 

and the influences responsible for such plasticity, remains to 

be determined.

POTENTIAL TRANSLATIONAL RELEVANCE OF THE 
DYNAMICAL SYSTEM PERSPECTIVE

The finding that individual behavioral differences are correlated 

with differences in attractor properties raises the question of 

whether such properties may be altered in certain brain disor-

ders and, if so, whether drug-based treatments might be used 

to reverse such changes.

Several neuropsychiatric disorders, such as major depressive 

disorder (MDD), feature persistent changes in behavior, 145 and it 

has been suggested that impaired attractor dynamics might 

explain aspects of disease etiology or pathophysiology. 146–148 Ir-

respective of their causal role in mental illness, altered attractor 

dynamics suggested by unsupervised analysis of neural data 

might afford more reliable biomarkers for psychiatric disorders 

with variable behavioral expression. Disease-relevant alterations 

in neural dynamics might also manifest as changes to neural 

manifold structure beyond attractor dynamics, such as in mani-

fold geometric properties. 23,149 Indeed, recent studies that begin 

to apply dynamical systems analysis to human fMRI neural data-

sets have identified changes in neural manifold properties that 

correlate with learning deficiencies in adolescent populations. 150 

Thus, dynamical analysis of neural data may help to link 

studies of the neural basis of mental health disorders in humans

BA

C

Figure 6. Individual differences in line attractor dynamics underlying aggression

(A) Results from Nair 28 showing a correlation between the stability of the line attractor (time constant of the line attractor dimension) and aggressiveness (fraction 
of time spent attacking) in individual mice.

(B) Results from Vinograd, Nair, et al. 30 showing a correlation between the stability of the line attractor and strength of functional connectivity within the line 
attractor-contributing ensemble (level of activity evoked in untargeted line attractor neurons upon activation of a single neuron) across individual mice.

(C) Summary of individual differences and line attractor properties in Nair et al. 28 and Vinograd, Nair, et al. 30 The line attractor cartoons are an idealization to 
facilitate the reader’s intuition, and caveats are discussed in the section entitled ‘‘limitations of the dynamical systems perspective.’’
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and animal models, where the behavioral phenotypes may not 

be homologous. They raise the possibility of using such dynam-

ical models as digital twins, which could be used to identify dis-

order-specific changes in neural dynamics from human datasets 

(such as from fMRI) and ultimately make predictions of the 

contributions of mechanisms, such as excitability, functional 

connectivity, or neuropeptide expression, to disease etiology, 

which may be tested in mouse models. 151

These exciting possibilities underscore the potentially 

transformative impact of understanding continuous attractor 

dynamics underlying internal affective states, not only for 

advancing basic neuroscience but also for developing targeted 

interventions in clinical settings. 146,147,152

LIMITATIONS OF THE DYNAMICAL SYSTEM 
PERSPECTIVE

While the dynamical system perspective has the potential to 

reveal hypotheses for new computations underlying affective in-

ternal states in a data-driven manner, it is unlikely to be sufficient 

on its own to understand the full complexity of emotional 

experiences that accompany affective states. The inability to 

definitely measure subjective experience by verbal report in 

mice, together with a lack of behavioral assays to measure 

affect-related task variables, 9 limits the ability to directly relate 

latent manifold dynamics (or any other neural correlates of 

emotional behaviors identified in animal models 153,154 ) to 

emotional feelings and mental states in humans. 155 Neverthe-

less, advances in recording human brain activity at the level of 

single units 156,157 may make it possible to search for persistent 

activity and latent variables associated with subjective emotional 

feelings in humans. Beyond persistence and scalability other 

emotion primitives, such as valence and generalization, 4,20 might 

not easily map onto latent dynamics suggested by dynamical 

systems modeling and would require new supervised forms of 

neural data analysis.

Finally, from a theoretical perspective, an important consider-

ation is that biologically instantiated attractors are approxima-

tions of purely mathematically defined entities. Continuous 

attractors that have been uncovered in the literature, including 

the internal state-encoding line attractors described in this 

perspective and others such as the Drosophila ring attractor 

encoding head direction 66,134 or the toroidal attractor encoding 

allocentric position in rodents, 80 are approximations that are 

constrained by biological detail such as the size of the network, 

robustness to noise and perturbation, and other implementation 

details. 158,159 While theoretical studies have shown that these 

approximations function as ‘‘pure’’ attractors within a biologi-

cally relevant timescale, 158,160 we wish to emphasize that biolog-

ical attractor-like systems may indeed be a distinct class of 

models that need to be understood regardless of their relation 

to their mathematical counterparts.

CONCLUSIONS

Advances in statistics, machine learning, and new data acquisi-

tion methods have facilitated data-driven discoveries of neural 

dynamics across a wide range of paradigms. When applied to

neural data acquired during innate behaviors, these tools can un-

cover an encoding of internal states implemented as continuous 

attractors, with key features such as persistence and scalability 

reflected in the emergent properties of attractor dynamics. While 

future work is necessary to address critical questions of behav-

ioral causality, implementation, and readout, the paradigm holds 

promise for linking the fields of manifold-level and circuit-level 

neuroscience, 24 a linkage that is becoming indispensable to un-

derstanding neural computations underlying internal states. We 

hope and anticipate that the ideas outlined in this perspective 

will inspire new research at the intersection of machine learning 

and observational and perturbational neuroscience in the years 

to come.
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