
Mechanistic Interpretability of RNNs emulating
Hidden Markov Models

Elia Torre Michele Viscione Lucas Pompe Benjamin F. Grewe Valerio Mante

Institute of Neuroinformatics, University of Zurich & ETH Zurich

Abstract

Recurrent neural networks (RNNs) provide a powerful approach in neuroscience
to infer latent dynamics in neural populations and to generate hypotheses about
the neural computations underlying behavior. However, past work has focused on
relatively simple, input-driven, and largely deterministic behaviors - little is known
about the mechanisms that would allow RNNs to generate the richer, spontaneous,
and potentially stochastic behaviors observed in natural settings. Modeling with
Hidden Markov Models (HMMs) has revealed a segmentation of natural behav-
iors into discrete latent states with stochastic transitions between them, a type of
dynamics that may appear at odds with the continuous state spaces implemented
by RNNs. Here we first show that RNNs can replicate HMM emission statistics
and then reverse-engineer the trained networks to uncover the mechanisms they
implement. In the absence of inputs, the activity of trained RNNs collapses towards
a single fixed point. When driven by stochastic input, trajectories instead exhibit
noise-sustained dynamics along closed orbits. Rotation along these orbits mod-
ulates the emission probabilities and is governed by transitions between regions
of slow, noise-driven dynamics connected by fast, deterministic transitions. The
trained RNNs develop highly structured connectivity, with a small set of “kick
neurons” initiating transitions between these regions. This mechanism emerges
during training as the network shifts into a regime of stochastic resonance, enabling
it to perform probabilistic computations. Analyses across multiple HMM archi-
tectures — fully connected, cyclic, and linear-chain — reveal that this solution
generalizes through the modular reuse of the same dynamical motif, suggesting
a compositional principle by which RNNs can emulate complex discrete latent
dynamics. Code available at https://github.com/EliaTorre/hmmrnn.

1 Introduction

Modern large-scale electrophysiology and imaging techniques provide access to the simultaneous
activity of thousands of neurons in freely behaving animals, revealing the population-level dynamics
underlying perception, cognition, and movement [39, 18, 4, 3, 19, 40]. In parallel to advances in
neural recordings, it has become possible to obtain quantitative descriptions of unconstrained, natural
behaviors across many timescales [45]. The combination of these techniques holds great promise in
unlocking the neural computations underlying behavior [7].

Machine learning is critical to interpret and link the high-dimensional neural and behavioral data
produced by modern neuroscience experiments. Hidden Markov Models (HMMs) can capture
unconstrained, natural behaviors and decompose them into sequences of elemental motifs [45].
However, their discrete state representation may oversimplify the potentially continuous nature of
neural processes. On the other hand, Recurrent Neural Networks (RNNs) provide a powerful approach
to model the dynamics of large neural populations and to generate hypotheses about the underlying
computations [10, 47] . Despite this potential, RNNs are primarily used to model highly constrained
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tasks that are input-driven and largely deterministic. Hence, evidence for RNNs applicability in
modelling stochastic discrete state transitions in a manner similar to HMMs remains limited.

RNNs and HMMs may appear incompatible, as RNNs represent latent processes as trajectories
through continuous state spaces, whereas HMMs rely on discrete latent states with stochastic tran-
sitions between them. Understanding whether RNNs can use continuous dynamics to generate
stochastic transitions between discrete states would help bridge this conceptual gap and reduce the
need for strong assumptions about the structure of the latent space. To address this question, we
develop a training approach to directly �t RNNs to HMMs, and then reverse-engineer the trained
RNNs to uncover the computations they implement. This strategy may ultimately lead to testable
hypotheses about how biological neural circuits may implement discrete behavioral modes through
continuous internal dynamics.

This work makes three main novel contributions:

1. A training paradigm for stochastic RNN behaviors (Sections 3, Appendix B, Figure 1): unlike
previous work focused on deterministic tasks, we introduce a training method combining noise-
driven RNNs with Sinkhorn divergence optimization, enabling learning of the stochastic state
transitions typical of HMMs.

2. A demonstration that RNNs can emulate HMM statistics (Sections 3, Appendix C, Figures 10, 11):
we show that vanilla RNNs accurately replicate the emission statistics of various HMM architec-
tures, matching both transition dynamics and stationary distributions.

3. A multi-level mechanistic account of how RNNs generate discrete stochastic outputs.

3.1 Global dynamics (Section 4.1, Figures 3, 4): We reveal how training drives the RNNs into a
regime where stochastic inputs sustain dynamics along closed orbits ("orbital dynamics"),
while in their absence, the activity converges to a single �xed point.

3.2 Local dynamics (Section 4.2, Figure 5): We identify three functional zones: clusters, kick-
zones, and transitions, each with distinct dynamical signatures.

3.3 Connectivity and single neurons (Section 5, Figures 6, 7): We uncover structured connec-
tivity between "noise-integrating populations" and "kick neurons" and validate their role in
triggering state transitions through causal interventions.

3.4 Computational principle (Section 6, Figure 8): We show the inferred mechanism relies on
self-induced stochastic resonance.

Our �ndings form a coherent picture: local dynamical features, such as clusters and kick-zones,
explain how global orbital dynamics give rise to discrete outputs, while the network's connectivity
reveals how individual neurons instantiate these dynamics. Together, these �ndings show that RNNs
discover a general computational motif that combines slow noise integration with fast transitions.

The mechanism we uncover offers a novel interpretation of how RNNs can generate stochastic
transitions between discrete states. This mechanism (Contributions 3.1 - 3.4) acts as a “dynamical
primitive”, reusable in a modular fashion to emulate more complex discrete latent structures. Multiple
instances of this motif combine to govern transitions between speci�c pairs of states.

Our results lay the foundation for future work, both in scaling to more complex HMM structures and
in investigating whether similar dynamical motifs are employed by biological neural circuits during
naturalistic behavior.

2 Related Work

RNNs have been trained on simple perceptual, cognitive, and movement tasks, both with supervised
learning [30, 42, 44] and reinforcement learning [43, 46]. These RNNs are often trained with
few or no constraints and then reverse-engineered to reveal potentially novel hypotheses about the
computations performed by biological neural circuits. Fully understanding the dynamics of RNNs
and characterizing the mechanisms they implement (i.e., mechanistic interpretability) remains a
challenging and open problem [37, 36].

A common reverse-engineering approach focuses on characterizing the topology of �xed points and
on obtaining linear approximations of the dynamics around them [41]. For example, RNNs trained on
motion discrimination [30] or on sentiment-classi�cation [28] integrate inputs along line-attractors.
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Networks trained to reproduce reach movements implement rotational dynamics similar to that
in primate motor cortex [42] and RNNs performing beat continuation generate low-dimensional
oscillatory dynamics [47]. Across many tasks, the topology of �xed points is invariant to the details
of the RNN implementation (e.g. vanilla RNN, GRU, LSTM), suggesting a "universality" in the types
of solutions implemented by RNNs [29].

Recent work has pushed mechanistic interpretability beyond population dynamics, to the underlying
RNN connectivity. Constraining RNNs weights to being low-rank can reveal the relation between
connectivity, computations, and dynamics [31]. Such relations may extend to RNNs trained without
constraints, as their function may rely on a low-rank component of the full connectivity [24, 20].
Highly structured weights may emerge in particular when connectivity and latent dynamics are trained
concurrently while imposing biological constraints [25] or when training on many different tasks at
once [22, 9, 35].

Building on this line of work, here we investigate whether the above insights can be extended to RNNs
implementing a different type of computation, namely internally-driven, probabilistic transitions
between discrete latent states.

3 Approximating HMMs with RNNs

To understand how RNNs encode discrete, probabilistic structure in their state spaces, we trained
them to replicate the outputs of HMMs, which implement a process that is discrete and probabilistic
by construction (Fig. 1).

Figure 1:Training pipeline. A : At each time-step the network receives an i.i.d. Gaussian input vector
x t � N (0; I d), where the input dimensionality is varied across experiments (d 2 f 1; 10; 100; 200g).
B: The signal is processed by a vanilla recurrent neural network,ht = ReLU

�
ht � 1W T

hh + x t W T
ih

�
;

the hidden-state dimension is also varied (jhj 2 f 50; 150; 200g). Finally, the hidden state is mapped
linearly to a three-dimensional output viayt = ht AT . To mimic HMM emissions, logits are converted
to categorical samples viaGumbel–Softmax. C: Parameters� = f Whh ; Wih ; Ag are optimised by
minimising theSinkhorn divergencebetween batches of predicted outputsY = f yt gT

t =1 and target
sequencesY ? = f y?

s gT
s=1 . D: Target sequencesY ? are generated bylinear-chain, fully-connected,

andcyclicHMMs (described in Section 3.1 and Appendix A); the example shows a 2-statelinear-
chainmodel.

3.1 Families of HMM architectures

To investigate how RNNs encode discrete, probabilistic structure across different latent state topolo-
gies, we train them to replicate the outputs of HMMs with three distinct types of architectures:
linear-chain, fully-connectedandcyclic structures.

Linear–chain HMMs. We �rst consider a family oflinear-chainHMMs that span a spectrum from
maximally discrete to quasi-continuous representations. These models haveM 2f 2; 3; 4; 5g latent
statesS(M ) = f 1; : : : ; M g and a common alphabet of observationsO = f 1; 2; 3g. Each modelH M

is fully speci�ed by an emission matrixE (M ) = [ e(M )
i ]Mi =1 and a band-diagonal transition matrix

T (M ) =[ t (M )
ij ]Mi;j =1 .
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For each latent statei , we obtain emission probabilities as linear interpolation between a state
skewed toward observation1 (i = 1 ) and one skewed toward observation3 (i = M ), while keeping
P(ot = 1) = " constant. At each timestep, the chain either remains in the current state or transitions to
a neighboring state. Given a change-rate hyper-parameter� = 0 :05, we setqM = � 1=(M � 1) 2 (0; 1

2 ),
� i = ( i � 1)=(M � 1), �x " = 0 :01and de�ne:

e(M )
i =

2

4
(1 � " )

�
1 � � i

�

"
(1 � " ) � i

3

5 ; t (M )
ij =

8
>><

>>:

1 � qM ; i 2 f 1; M g; j = i;
1 � 2qM ; 1 < i < M; j = i;
qM ; j = i � 1;
0; otherwise.

(1)

This parametrization maintains a constant probability� of reaching the most distant state inM � 1
steps. WhenM = 2 the system is maximally discrete; asM increases, the same0! 2 continuum
is partitioned into progressively �ner bins, yielding a quasi–continuous latent representation. This
design systematically varies discreteness to reveal how RNN dynamics adapt as the latent space
becomes more continuous.

Fully-connected HMMs. To assess generalization beyond simple structures, we use a 3-state fully
connected HMM where each state can transition to any other. Each state favors one of the three
outputs but retains small probabilities for the others, testing RNNs on fully interconnected dynamics.

Cyclic HMMs. We also consider a 4-state cyclic HMM with bidirectional closed-loop transitions.
For each state, emissions are biased toward a characteristic pair of outputs, one dominant and one
weaker component, with adjacent states sharing a common output.

The complete speci�cation of all HMM architectures, including transition and emission matrices, is
provided in Appendix A (Fig. 9).

3.2 Training Networks with Sinkhorn Loss Function and Performance Metrics

Network Architecture. We employ standard,vanilla RNNs [12] of hidden-state sizejhj 2
f 50; 150; 200g. At each time-step, the network receives Gaussian inputx t � N (0; I d), with
d 2 f 1; 10; 100; 200g. The hidden state is updated and projects onto the three logits via:

ht = ReLU(ht � 1W T
hh + x t W T

ih ); yt = ht AT : (2)

To mimic the discrete emissions of an HMM, these logits are converted to categorical samples using
theGumbel-Softmax reparametrization trick: we add i.i.d. Gumbel noise, divide by a temperature�
(set to 1 in all experiments), and apply a soft-max. This continuous relaxation acts as a differentiable
proxy for the non-differentiableargmaxin the Gumbel-Max method, letting gradients �ow through
the sampling step while still converging to one-hot vectors as� ! 0 [21] [27].

Sinkhorn Divergence. Because our target sequences are probabilistic, we use a loss function that is
appropriate for comparing distributions: theSinkhorn divergence[15][16][38], an optimal transport
(OT) distance. Typically, OT-distances �nd a binary coupling matrix� linking single samples in the
outputs and targets, which minimizes the total Euclidean distance between coupled samples. If the
euclidean distance between coupled samples is zero, the output distribution reproduces the target
distribution. Finding such a coupling matrix is computationally expensive and non-differentiable.
The Sinkhorn divergence overcomes these issues by �nding a smoothed coupling matrix allowing
non-unique couplings [5]. Details on the training regime are provided in Appendix B.

Performance Metrics. To quantify how closely the trained RNNs replicate their target HMMs, we
track four statistics:(i) Euclidean distance between "Sinkhorn-aligned" output sequences (global re-
construction error);(ii) the3� 3 transition matrix of successive emissions (long-range dynamics);(iii)
marginal observation frequencies (stationary distribution); and(iv) observation volatility (proportion
of time steps with output changes). For all metrics, the trained RNNs replicate the emission statistics
of the target HMMs. De�nitions and results for all combinations of hidden size (jhj 2 50; 150; 200)
and input dimensionality (d 2 1; 10; 100; 200) are shown in Appendix C (Figs. 10, 11). Higher input
dimensionality improves convergence, while increasing hidden size beyond 150 yields only marginal
bene�ts. Below, we thus focus on the four con�gurations withjhj = 150 andd = 100.
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4 Mechanistic Interpretability: Latent Dynamics

To uncover the mechanisms implemented by the trained RNNs, we �rst consider their global (Sec-
tion 4.1) and local (4.2) latent dynamics. These analyses reveal how several distinct "dynamical
motifs" together contribute to the RNNs' ability to approximate HMM-like emission statistics (Fig. 2).

Figure 2:A compositional dynamical primitive. Schematic of the dynamical motifs uncovered
through reverse-engineering of trained RNNs.A: Sample trajectory in the continuous state space.
B: A single �xed point in the absence of input.C: Stochastic input displaces the system from
this attractor, sustaining dynamics along closed orbits whose radius grows with input variance.D:
Distinct slow regions (clusters) where trajectories linger, separated bytransitionregions.E: Local
“kick-zones” that trigger transitions between clusters.F-I : Schematic of a richer discrete latent
structure (F) expressed as a composition of three instances of the same dynamical primitive (G-I ).
Each instance preserves the same global and local dynamical properties described in panels (A-E).

4.1 Global Latent Dynamics: Noise-sustained Orbital Dynamics

Orbital dynamics under stochastic input. We investigate the global latent dynamics of the trained
RNNs by projecting their hidden states onto the �rst two principal components (PCA, Figure 3).
When initialized from random hidden states, and without external input, activity converged to a
single �xed point (Figs. 2B, 3B), with no evidence for separate attractors that might be expected
to represent the discrete latent states of the target HMMs. However, the latent dynamic changes
markedly for RNNs receiving stochastic (Gaussian) inputs, to a regime where trajectories exhibit
orbital dynamics (Figs. 2A, 3C). The stochastic input pushes activity outward (Figs. 2C, 3D), while
the recurrent component pulls it back, together implementing a stable closed orbit along which
activity evolves uni-directionally. Along this orbit, the RNN exhibits regions of slow dynamics
(clusters) each corresponding to a distinct output class of the reference HMMs, withtransitions
occurring between them (Fig. 2D). Critically, transitions between slow zones result in large changes
in the output probabilities. As the number of latent states increases inlinear-chainHMMs, RNNs do
not form additional slow regions along the orbits (App. Fig. 12). Instead, they capture �ner emission
discretizations by modulating the alignment of readout axes with the plane containing the orbital
dynamics (Appendix L, Fig.25). In contrast, forfully-connectedandcyclic architectures, RNNs
develop multiple orbits connecting distinct pairs of slow regions, re�ecting the richer structure of
the underlying HMMs. These dynamics reveal acompositional dynamical motifin which the same
fundamental unit combines to generate increasingly complex latent structures (Fig. 3G and App.
Fig. 13).

Emergence of orbital dynamics during training. PCA projections reveal a clear transition in the
latent dynamics across training epochs (Fig. 4A, purple), marking the shift from a stable �xed point
to orbital dynamics. As training progresses, unstable eigenvalues emerge, marking the destabilization
of the �xed-point regime. This transition coincides with a rise in eigenvalues near the imaginary axis,
indicating the onset of oscillatory activity (Fig.4C), and with a characteristicdouble-descentin the
loss curve [11] (Fig.16). Functionally, this transition enables sustained quasi-periodic oscillations that
encode the temporal dynamics of the target HMM (Fig. 8). The radius of the resulting orbits scales
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Figure 3:Global latent dynamics of trained RNNs.PanelsA andE illustrate the HMM architectures
approximated by the corresponding RNNs shown on the left and right. Hidden-state trajectories
are projected onto the �rst two (or three) principal components of the activity and colored by the
dominant logit.B, F: in the absence of input, trajectories from random initial conditions converge to
a single �xed point (cross).C, G: under Gaussian input noise, activity evolves along stable orbits
with slow regions associated to distinct outputs; arrows indicate �ow. More complex dynamics inG
can be decomposed into the same fundamental motif observed inC by applying a second-level PCA
within the �rst PCA space, shown inH–J. D, K–M : contour plots (95% CI) of hidden-state densities
under increasing input variance (� 2 2 f 0:1; 1:0; 2:0; 3:0; 4:0g) reveal a linear scaling between input
variance and orbit radius. Results for all HMM structures are provided in Appendix Figures 12, 13.

linearly with input variance (Fig. 3D), a relationship con�rmed by a perturbative analysis of the RNN
dynamics (Appendix H). Under unbiased Gaussian input, �rst-order perturbations average out, while
second-order terms —scaling linearly with variance — dominate after the transition, explaining how
stochastic input shapes the emergent orbital regime (Fig.4D). Over training, the network converges
to a stable average rate of transitions between clusters (Fig.4B). In Section 5, we examine how this
behavior arises from the interplay between recurrent connectivity and input noise.

Figure 4:A: PCA projections of the latent dynamics across epochs for an RNN trained on a 2-states
HMM, green and red indicate the dominant logit across epochs. The model �rst learns a single-�xed
point, then becomes unstable (purple), and �nally transitions to orbital dynamics.B: The RNN
learns to encode emission probabilities of the target HMM, by means of a speci�c rate of transitions
between the twoclusters. C: The RNN becomes unstable just before the transition, then the complex
eigenvalues appear on the imaginary axis.D: The expected second order perturbation vectorE[dh(2) ]
emerges in the proximity of the transition. This perturbation approximates how the variance of
the noise affects the free recurrent dynamics, capturing the dependency of the orbital dynamics on
the input noise variance. Results validating these �ndings for all HMM structures are provided in
Appendix E (Figs. 14, 15).
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4.2 Local Latent Dynamics: Clusters, Transitions, and Kick-Zones

Having characterized the global dynamics, we zoom in on the local properties of the orbital dynamics
to understandwhereandhowthe network implements transitions between slow zones. Standard
linearization techniques around �xed points (Section 2) offer limited insight here, as the observed
convergence towards the single �xed point does not explain the full emergent dynamics (Fig. 3). More
insights can be obtained by considering how activity evolves in the presence of the input noise on
different, short rollouts initialized from a given state-space location (Fig. 5). Speci�cally, we segment
state-space into different "zones" based on three measures computed at each location: theresidency
time(RT), de�ned as the average number of steps required in a rollout until a change in the dominant
logit occurs; thelogit sign-change count, quantifying how often the dominant logit's gradient �ips
before a change in the dominant logit occurs, with lower values indicating more directed �ow; and
the number of unstable directions, obtained via Jacobian linearization and Möbius-transformed
eigenvalues, which reveals local sensitivity to perturbations (Appendix G).

Three dynamical regimes. Segmenting state space by residency time (RT) reveals three func-
tional zones, each with distinct dynamical signatures (Fig. 5A). We �nd similar zones in all RNNs,
irrespective of the architecture of the target HMM (Appendix I: Figs. 17,18,19).

Clusters (RT > 8): regions where trajectories linger the longest, with frequent logit-gradient sign
changes (in the range 5–20), and essentially only contracting eigenvalues. These are locally stable
regions, each corresponding to a different probability distribution over the outputs.

Kick-zones (2 � RT � 8): located downstream of clusters, these regions exhibit moderate
logit-gradient sign changes (around 2–4) and a few unstable directions locally stretch the �ow,
indicating a local push away from the cluster.

Transitions (RT < 2): Once trajectories cross the kick-zone, they enter short-lived corridors where
the system moves nearly deterministically toward the next cluster. These regions exhibit few
logit-gradient sign changes (< 1), re�ecting a stable and directed �ow.

Noise Sensitivity. To further validate the functional relevance of these regions we explicitly probe
their sensitivity to noise (Fig. 5B) for the RNN trained on a 2-state HMM; Appendix I, Fig. 20 for all
otherlinear-chainRNNs. We sample initial conditions from bothclusterandtransitionregions and
generate trajectories under three noise conditions:identical(
 = 0 ), partially resampled(
 = 0 :5),
andfully independent(
 = 1 ). Transition regions show minimal variability across noise conditions —
once the kick-zone is crossed, trajectories proceed quasi-deterministically toward the next cluster. In
contrast, cluster regions are noise-sensitive: as
 increases, trajectories diverge, with some crossing
the kick-zone and others returning to the cluster. We validated these qualitative differences with
quantitative measures of divergence: (i) the trace of the covariance matrix per timestep, capturing
dispersion; and (ii) the time-course of the average Euclidean distance between individual trajectories
and the mean trajectory (Appendix I, Fig. 21).

5 Mechanistic Interpretability: single neuron computations and connectivity

In the previous section we described a computational mechanism at the level of population-level
dynamics, which relies in particular on transitions between slow regions. Here we aim to explain
how these transitions emerge based on key features of the RNN connectivity and the resulting single
unit properties. We focus on an RNN trained on the two-state HMM and report the analyses for the
other con�gurations in Appendices I, J and K.

Discovering “kick-neurons”. Among all RNN units,two separate triplets of neuronshave pre-
activation values (beforeReLU) with a distinctive spatial pro�le: pre-activation values are strongly
negative withinclusters, pass through a near-zero regime in thekick-zones, and become positive
duringtransitions(Appendix J, Fig. 22). The intermediate regime places the units near theReLU
activation threshold, where small variations in input can determine the opening of theReLU gate— a
mechanism we describe in the next paragraph. Each triplet is linked to one transition direction, �ring
at the onset of movement between clusters and emerging as the dominant non-zero components of
the second-order perturbation vectorE[dh(2) ] (described in Section 4.1), which re�ects the network's
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Figure 5:Clusters, Transitions, and Kick-Zones. A: Left to right: (i) Residency time (RT) reveals
slow (gray) and fast (colored) regions; (ii) logit-gradient sign changes histogram shows a bi-modal
distribution, separating stable clusters from transitions; (iii) average number of unstable directions per
region (via Möbius-transformed Jacobian), peaks in kick-zones and is lowest in clusters; (iv) spatial
distribution of the number of real eigenvalues with positive real part, highlighting localized instability
in kick-zones contrasted with the stability of clusters.B: Noise sensitivity analysis from sampled
states (black star) in clusters (left) and transitions (right) with 30 trajectories (in purple) generated
under increasing noise resampling conditions (
 2 f 0; 0:5; 1g). Transitions are robust across noise
conditions, while clusters exhibit increasing dispersion, indicating higher noise sensitivity. Panels
A, B show results for RNNs trained on 5-state HMMs. Results validating these �ndings for the
remaining con�gurations are provided in Appendix I (Figs. 17,18,19 and 20).

sensitivity to input variance. Together, these properties suggest a causal role in generating noise-driven
"kicks" that initiate state changes, prompting us to term themkick-neurons.

Noise as the trigger. To better understand thekick-mechanism, we examine the recurrent weight
matrix (Whh ) and �nd thatkick-neuronswithin each triplet form mutually excitatory connections,
while inhibiting the opposing triplet (Fig. 6). Similar to work by [14], showing that input noise
integration in RNNs can give rise to independent subpopulations, we observe two larger neuronal
groups (comprising� 70 neurons), each forming recurrent excitatory loops within themselves while
projecting inhibitory connections to the other. These populations interact with thekick-neurons
through structured excitatory and inhibitory connections, suggesting a role as noise integrators that
modulate thetransition gateopening, hence we refer to them asnoise-integrating populations.

Causal Interventions. To con�rm this mechanism, we performed targeted interventions (Figure 7).
We modulated either the neurons' activity directly, or the noise-drive they receive through projections
from the associatednoise-integrating populations. A modulation factor� controlled both types of
perturbations.

Ablation (� = 0 ). Silencing thekick-neuronsor ablating the input noise to the corresponding
integrating populationtraps the trajectory within its current cluster, preventing state transitions.
Both manipulations mirror each other, con�rming that noise-driven activation is required to open
thetransition gate. This intervention leads to a loss of critical eigenvalue pairs from the Jacobian
spectrum, re�ecting the collapse of the orbital dynamics and reversion to a single �xed-point
regime.

Enhancement(� = 2 ). Doublingkick-neuronactivity or amplifying the noise-drive from the cor-
respondingintegrating populationcauses overshoots beyond the target cluster. These effects
resemble an increase in noise variance, and the number of critical eigenvalue pairs remains
unchanged, indicating that enhancing activity preserves the rotational regime in this setting.
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Figure 6: Recurrent weight matrix and Kick-circuit. A: Left to right: (i) Sub-matrix of Whh
restricted to the sixkick-neurons. Within-triplet weights are positive (red), whereas cross-triplet
weights are negative (blue), indicating mutual excitation and reciprocal inhibition. (ii) Weights from
noise-integrating neuronsto kick-neurons(sorted). Each integrating population excites one triplet and
inhibits the other. (iii) Recurrent weights within the integrating populations show within-population
excitation and cross-population inhibition. B: Kick-circuit: red arrows indicate excitation, blue
inhibition. The circuit comprises two self-exciting, mutually inhibiting loops that project to opposing
kick-neurontriplets, forming a noise-integration mechanism that implements stochastic transitions
between slow regions. Results for linear-chain and fully-connected HMMs in App. Figs. 23, 24.

Figure 7:Causal interventions validate the kick-circuit. A: Latent trajectories in PCA projection.
We sample initial conditions (ICs) from the two cluster regions and let trajectories evolve from
the same IC with identical input noise draws in unperturbed (gray), ablated (blue), and enhanced
(red) regimes for 60 time-steps. Suppressing either thekick-neurons(columns: 1, 4) or their noise-
drive from integrating populations(columns: 2, 5) prevents transitions between clusters, while
enhancement overshoots trajectories past the opposite cluster. Control manipulations on neurons not
part ofnoise-integrating populations(columns: 3, 6) preservekick-neuronsnoise-drive and "cluster-
switching".B: Stability signature of the interventions. Mean±s.d. number of critical eigenvalue pairs
as a function of the modulation factor� . Ablation (� = 0 , blue) eliminatescritical-pairs, consistent
with reversion to a single �xed-point regime; enhancement (� = 2 , red) maintains the number of
critical-pairs, preserving the orbital dynamics. Grey points show intermediate values of� .

6 Stochastic Resonance

The above analyses show that our RNN exhibits noise-sustained orbital dynamics (Figure 3), driven by
structured interactions between two functionally distinct neural populations: slow,noise-integrating
units, and fast-respondingkick-neurons(Figure 5, 6). As noise accumulates in the slow subsystem,
trajectories drift along quasi-stable manifolds until they reach a region — thekick-zone— which
triggers a rapid, deterministic transition to the next attractor-like cluster. This mechanism results
in robust, quasi-periodic alternation between network states, even in the absence of any external
periodic input. This phenomenon bears resemblance to a class of noise-induced dynamics known
as self-induced stochastic resonance(SISR) [33]. In contrast to classical stochastic resonance,
which requires an external periodic signal [2], SISR arises intrinsically in systems with time-scale
separation. Weak noise applied to a fast subsystem perturbs the system off a slow manifold, initiating
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