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ABSTRACT

Neuronal dynamics are highly nonlinear and nonstationary. Traditional methods
for extracting the underlying network structure from neuronal activity recordings
mainly concentrate on modeling static connectivity, without accounting for key
nonstationary aspects of biological neural systems, such as ongoing synaptic
plasticity and neuronal modulation. To bridge this gap, we introduce the NetFormer
model, an interpretable approach applicable to such systems. In NetFormer, the
activity of each neuron across a series of historical time steps is defined as a
token. These tokens are then linearly mapped through a query and key mechanism
to generate a state- (and hence time-) dependent attention matrix that directly
encodes nonstationary connectivity structures. We analyze our formulation from the
perspective of nonstationary and nonlinear networked dynamical systems, and show
both via an analytical expansion and targeted simulations how it can approximate
the underlying ground truth. Next, we demonstrate NetFormer’s ability to model
a key feature of biological networks, spike-timing-dependent plasticity, whereby
connection strengths continually change in response to local activity patterns. We
further demonstrate that NetFormer can capture task-induced connectivity patterns
on activity generated by task-trained recurrent neural networks. Thus informed,
we apply NetFormer to a multi-modal dataset of real neural recordings, which
contains neural activity, cell type, and behavioral state information. We show that
NetFormer effectively predicts neural dynamics and identifies cell-type specific,
state-dependent dynamic connectivity that matches patterns measured in separate
ground-truth physiology experiments, demonstrating its ability to help decode
complex neural interactions based on population activity observations alone.

1 INTRODUCTION

Inferring the underlying connectivity of a network from observations of the activity of its units
is a long-standing challenge. In the brain, this challenge is exacerbated by (i) different nonlinear
dynamics present in individual neurons, (ii) the difficulty of experimentally sampling the full neuronal
population simultaneously, and (iii) dynamic reconfiguration of effective connectivity, mediated by
both synaptic plasticity and neuromodulation. This last issue carries significant practical importance
in studying behavioral dynamics, learning and memory (Bargmann, 2012; Tyulmankov et al., 2021;
Marder, 2012; Liu et al., 2021; Aitken & Mihalas, 2023). As such, it poses a (harder) generalization
of the classical problem where the connectivity should no longer be considered as a static unknown,
rather as a dynamical variable that needs to be inferred and tracked over time.

A surrogate, but not sufficient, measure of success in unsupervised inference of connectivity is
the inferred network’s success in fitting the observed dynamics. While traditional linear dynamical
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models struggle to capture the essential nonlinear mechanisms of leaky integration and firing (Gerstner
& Kistler, 2002) in biological neurons, more sophisticated nonlinear models typically suffer from
a lack of interpretability, making it difficult to identify the underlying connectivity (Pandarinath
et al., 2018; Le & Shlizerman, 2022; Ye et al., 2023). Moreover, traditional approaches often adopt a
static perspective on connectivity (Tank et al., 2021; Lowe et al., 2022), failing to account for the
nonstationary interactions, such as those produced by plasticity and modulation at synapses.

Here we propose an interpretable nonlinear and nonstationary dynamical model to represent inter-
actions between neurons (Figure 1), based on the fast weight programming nature of the attention
mechanism (Schlag et al., 2021). Prior research has suggested that the attention mechanism can reveal
information about the underlying structure of a system (Singh & Buckley, 2023; Lu et al., 2023).
We further removed the softmax activation function in the attention mechanism, as the constraint of
attention weights summing up to one is not biologically meaningful because neither the in-degrees
nor the out-degrees of neuronal connectivity (nor their counterparts incorporating synaptic strength)
are invariant across neurons (Santuy et al., 2020). We first demonstrated with both mathematical
analysis and simulation study that even without the softmax activation, the core part of the attention
mechanism — the dot-product between queries and keys — is capable of capturing nonstationary and
nonlinear structural information. Next, we applied this novel approach to a wide range of simulated
networks including nonstationary and/or complex nonlinear connectivity patterns, and showed that
it can recover ground truth connectivity information. We then applied it to a large-scale, publicly
available dataset of neuronal activity recordings. Importantly, this dataset includes the genetic cell
type of individual neurons, enabling us to compare our predictions for cell-type level connectivity
patterns against known ground truth values from independent experiments. Taken together, this
shows the potential of our method for recovering interpretable connectivity information, even in the
presence of complex nonlinear and nonstationary network dynamics.

Our main contributions are as follows: (i) We formulated a transformer-inspired network model,
the NetFormer, for which the core of the attention mechanism — the dot-product between queries
and keys — directly encodes nonstationary and nonlinear structure of networks; (ii) On a simulated
network with the spike-timing-dependent plasticity mechanism, we demonstrated that the inferred
time-varying weights from attention aligned with the underlying changes in connectivity; (iii) On
activity generated by task-trained recurrent neural networks, we demonstrated that attention can
capture task-induced connectivity patterns; (iv) We applied the NetFormer model to population
activity recorded from mouse visual cortex, and showed that attention can recover experimentally
measured synaptic connectivity, while benchmarking it with standard recurrent models and other
common statistical metrics. Additionally, we demonstrated that attention can naturally reflect state-
dependent modulations in the inferred cell-type level connectivity, even more effectively compared to
two other specialized baseline methods.

1.1 RELATED WORK

Dynamical models of neuronal activity. Dynamical models have been a powerful tool for high-
dimensional neural data analysis (Vyas et al., 2020). Generalized linear models (GLMs), known for
both interpretability and desirable convexity properties (Paninski et al., 2007), have been widely used
to model neuronal population activity as well as inter-neuronal interactions (Pillow et al., 2008; Das
& Fiete, 2020). Nevertheless, unless stacked with an explicit state switching mechanism (Escola et al.,
2011), in GLMs the weight matrix describing interactions among neurons is typically stationary across
time (Li et al., 2024). Recurrent neural networks (RNNs) have been a popular alternative (Barak,
2017; Perich et al., 2020); while the connectivity in (trained) RNNs is typically given by a static
connectivity matrix “W”, variants including long short-term memory networks (LSTMs) (Hochreiter
& Schmidhuber, 1996) and gated recurrent neural networks (GRUs) (Cho et al., 2014), do include
nonstationarities at the level of individual neural units. While this can enhance the model’s expressivity
and performance in predictive tasks (Salinas et al., 2020; Lai et al., 2018), it also introduces challenges
for interpretability (Tank et al., 2021). Recently, transformer models (Vaswani et al., 2017) have been
observed to outperform RNNSs in various time series forecasting tasks (Zhou et al., 2021; Wu et al.,
2021), but their deep layered structures and nonlinear attention mechanisms also raise challenges in
interpretation with respect to underlying connectivity structures in the original data (Jain & Wallace,
2019; Abnar & Zuidema, 2020), as discussed more below. A closely related approach to the present
work is the switching linear dynamical systems (Fox et al., 2008; Linderman et al., 2017a). These
models have nonstationary connectivity matrices which switch among a number of discrete values



Published as a conference paper at ICLR 2025

Figure 1: Overview of NetFormer. NetFormer learns to predict neural dynamics and infer dynamical
connectivity through a linearized attention mechanism. The model takes in actitie§ N neurons across

H history timesteps, and predicts their activity.; attimestefk + 1. QuerieQ« and keyK , are linearly
mapped fronXx (X k concatenated with positional embeddigg, usingW o andW « . The time-dependent
linearized attention matriR ¢ is computed aQ«K , , which learns the neuron-level dynamical connectivity.
Red and blue colors in the attention map indicate excitatory and inhibitory interactions, respectively.

according to a Markov process. Nevertheless, in vivo experiments have revealed that cortical activity
is more likely to go through a continuum of states instead of discrete switching (Harris & Thiele,
2011). This motivates us to propose a model capable of capturing continuous changes in connectivity.

Interpretability of the attention mechanism. Attention weights and positional embeddings provide
opportunities to understand the inner working of the transformer models. However, the interpretability
of these components is still a subject of debate. Findings supporting a certain level of interpretability,
such as correlation to linguistic features, are common in the literature, with specialized metrics
developed to quantify their interpretability (Clark et al., 2019; Abnar & Zuidema, 2020). However,
caution should be taken when equating attention with explanation (Jain & Wallace, 2019), considering
the lack of identi ability (Brunner et al., 2019) and the wide variety of underlying architectures and
implementations (Wang & Chen, 2020). In this work, we seek to avoid these confounding aspects by
focusing on the linearized attention mechanism (Schlag et al., 2021).

Predicting activity from connectivity. The reverse direction, predicting activity from connectivity,

is an allied approach for studying the complexities relating functional and structural information.

A prominent line of study has focused on the worm C. elegans as its synaptic connectome was
the rst available among all species (White et al., 1986). Using this, generative models of activity
have been proposed (Mi et al., 2021). Nevertheless, decades of electrophysiological analyses have
emphasized the strong additional role of neuromodulators in shaping activity (Randi et al., 2023;
Marder, 2012). As a result, the synaptic connectome alone predicts only partial information about
recorded population dynamics (Bargmann, 2012; Randi & Leifer, 2020).

2 AN INTERPRETABLEMODEL FORRECOVERINGDYNAMIC CONNECTIVITY

We consider aiN -dimensional dynamical system
Ex=1 wox )

wherex(t) 2 RN, f : RN 1 RN, andW (t) isanN N matrix whose entries may vary across
time. W;; (t) prescribes how theth variablex (V) is driven by the -th variablex U) at timet.

Let xx be observations of the system at discrete timestepSor eactk, we train the NetFormer
model (Figure 1) to predicty+; based orX i = [Xk H+1 xx] 2 RN H the recentd -
step history of the system up to timestepTo encode neuronal identities, a learnable positional
embedding matriE 2 RN M is concatenated t& ., giving Xy =[Xk E]2 RN (H*M) The
gueriesQy and keyK i are obtained through linear transformations<of, and their product gives
the linearized attention matri&  :

Qu=XkWo 2 RN P Ky=XxX Wk 2RY P; A= QK 2RV N: 2)

It follows that entry(i; j ) of Ay is computed from the history oft) andx (), and thus describes
the relationship between theh andj -th variables. To predicty+1 , we takexy to be the valuesy
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and employ the residual connection (He et al., 2016), obtaining prediction as
Ri+1 = Vi + Ak = Xg + AgXg; (3)

which is similar to the update rule we would get if Equation 1 were simulated using the classical
forward Euler method with step size

Xk+1 = Xk + F (WgXk): (4)

Since neuronal connections can be either excitatory or inhibitory, but neither effect can be arbitrarily
large, we choose to be a sigmoidal function with

f(0)=0;f()=f)+ fY0) + O( ® for within some interva( ; ) around 0
Equation 4 can thus be written as
Xkt = Xk + T (Wix) = xg + f QO)Wxy + O (x}): (5)

Comparing equations 3 and 5, we deduce that the linearized attention Wattearned by the
NetFormer may capture the true interactions between different varigbieby approximating

f Y0)W, especially when< 1 and the rst order term plays the most signi cant role. It is not
hard to see that this hypothesis also extends to systems in the form of

%x(t): x(t)+ f W (t)x(t) ; (6)

which includes the decaying effect that is commonly present in neural dynamics (Gerstner & Kistler,
2002) (Appendix A.1). We provide empirical evidence for this hypothesis on both forms of systems in
the subsequent sections. Our code istats://github.com/NeuroAlHub/NetFormer

3 EXPERIMENTS ONSYNTHETIC DATA

3.1 NONLINEAR AND NONSTATIONARY SYSTEMS SIMULATION

We rst considered four simpli ed simulated systems, with variations in the inclusion of nonlinearity
and nonstationarity:

dx dx dx

(a) = Wx; (b) . tanh( Wx); (c) at W (x)x; (d) o
whereW (x) = Wy + x! 7. Simulation details are in Appendix A.2.1. All trained NetFormer
models are able to make accurate one-step-ahead predid®énrs 1: OOOPF|gure 2a-d left). Vi-
sually, the average linearized attention matrix across tlmestéps, E 1 Ak, provides a
good chgacterlzatlon of the average ground-truth dynamical assomatmn matrix across timesteps,
W = K— v=1 W (xi) (Figure 2a-d right). As a baseline, we consié&sis from the linear ordi-
nary least squares regressidn.; = A oLsXk. We used the Spearman's rank correlation coef cient
( ) between the off-diagonal entries Af or A o s andW to quantify how faithfully the learned
connectivities re ect the ground-truttA achieved comparable performancefas, s in systems
(a) (b), but signi cantly outperformed o s in systemgc) (d), both visually (Figure 2a-d right)
and quantitively (Appendix A.2.2). Moreover, in the nonstationary sysi{ein@l), the linearized
attention matrix is able to track the majority of change®r(x) across timesteps (Figure 2e-f and
Appendix A.2.3). This ability to capture nonstationarity also explains why NetFormer can outperform
the linear regression model which only accounts for static connectivity.

=tanh( W (x)x);

3.2 SPIKE-TIMING-DEPENDENTPLASTICITY (STDP) SMULATION

Next, we tested NetFormer in a more neurobiological realistic setting by considering a leaky integrate-
and- re (LIF) neuron (Gerstner & Kistler, 2002) with spike-timing-dependent plasticity (STDP).
STDP is a fundamental and widely studied synaptic modi cation scheme in neuroscience (Bi &
Poo, 1998; Abbott & Nelson, 2000; Gerstner et al., 1996; Song et al., 2000) where the synaptic
connection strength between two neurons depends on the relative timing of the spikes they re. In

'see Appendix A.2.4 for more discussion on the radius of convergence of this series representation
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Figure 2: NetFormer provides accurate dynamics predictions, and recovers ground truth connectivity
matrices. a-d Left: Test set predictions of NetFormer. Predicted trajectories were obtained by concatenating all
one-step-ahead predictions. Predicted (dashed) trajectories overlap with the true (solid) trajectbRéeght:

True and inferred connectivity from NetFormer's linearized attention matrix or linear regression weight matrix.
For systems, d, connectivity is averaged across test set timesteps for visualization. For NetFormer, the inferred
connectivity shown is the one whose Spearman correlatisrclosest to the averageacross 10 random seeds.
Colorbars: scale of off-diagonal entries. Diagonal entries are masked in grey. Inferred connectivity matrices
were rescaled by the reciprocal of simulation stepsize for visualizagiofrue and inferred temporal evolution

of four example connections in the nonstationary systeffimesteps used as test set are shaded in gréyue

and inferred temporal evolution in system

typical models, when the presynaptic neuron res before the postsynaptic neuron, their connection
strengthens, increasing the postsynaptic response to future spikes. Conversely, presynaptic ring after
postsynaptic weakens the connection. The amount of change in synaptic strength depends on the time
interval between pre- and postsynaptic spikes. An example relationship is illustrated in Figure 3a.

We simulated a postsynaptic LIF neuron receiving excitatory inputs from 100 presynaptic neurons,
following Neuromatch Academy (2023) (see Appendix A.3 for simulation details). Since we only
need the spike times of presynaptic neurons, instead of simulating their dynamics, we directly
modeled their spike trains with independent Poisson processes (Figure 3b). When a spike arrives at a
certain synapse, the membrane potential of the LIF neuron is increased by an amount proportional to
the synaptic strength, and this potential is reset once the ring threshold is reached (see Appendix A.3
for precise equations). The strength, or weight, of each synapse is modulated following STDP (Figure
3a) within some boundaries. The weight evolution of ten example synapses across the simulation
timespan is shown in Figure 3c.

We trained NetFormer to predict the next-step membrane potential of the LIF neuron based on
its present and past potential and the spikes it received. This relationship is capturedLby the

101 linearized attention matrix of NetFormer. After training, NetFormer is able to capture the
dynamics well (test set MSE:055 0:008 R?=0:912 0:013 mean std across 5 random seeds),
outperforming the linear regression model (test set MSE=0R380.777). Visualization of their
predictions (Figure 3d) shows that NetFormer effectively captures the nonlinear reset mechanism,
whereas the linear regression model fails.

We further extracted the learned pre-to-postsynaptic neuron relationship from the linearized attention
matrix of NetFormer and compared it against the ground-truth synaptic weights. Unlike the toy
systems in Section 3.1 (Figure 2e, f), recovering individual synaptic weights at each timestep from
the attention scores does not seem viable. This is not surprising, though, given that the weight
differences between synapses are much smaller compared to the membrane potential, that a synapse
is only involved in dynamics prediction when it has a spike, and the strong nonlinearity in the
membrane spiking dynamics. Nevertheless, we found that for most synapses, the long-term trends in
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Figure 3: NetFormer captures the effect of spike-timing-dependent plasticity (STDP). &STDP temporal

kernel used in the simulation. Change in the synaptic weight/( is a function of the delay between pre-

and post-synaptic neuron spikegsd tpos). b. Raster plot of spikes received by the LIF neuron at the rst

10 synapses during the rst 200 timestepsEvolution of the rst 10 synapses' weights across the simulated
timespan. Each color represents a synagsdrue and predicted membrane potential across 100 timesteps

in the test set. Membrane potential was z-scored before all model tting. Predicted traces were constructed
by concatenating one-step-ahead predicti@n3rue and inferred synaptic evolution across simulation time
span, after smoothing. Both true and inferred evolution trajectories were smoothed with a sliding window. Each
row represents a synapse, and the rows were sorted by the correlation between the smoothed true and inferred
trajectories. The correlation coef cients corresponding to each row are shown on the left. For visualization, each
row was rescaled tf®; 1] through min-max normalizatiorf. Weight evolution trajectories of four example
synapses, which correspond to the 1st, 31st, 61st, and 91st rowe frasrindicated by arrows. The trajectories
were smoothed but not min-max normalized. Insets: Raw, unsmoothed trajectories in a sliding window.

the corresponding attention scores across timesteps are consistent with the true trends in synaptic
weights driven by STDP (Figure 3e, f). Across the 100 synapses, the median of the correlation
coef cients between smoothed synaptic weight evolution trajectories inferred from attention and the
true weight trajectories i8:608 0:028(mean std across 5 seeds). This demonstrates that the
simple structure of NetFormer is capable of capturing nonstationary connectivity in spiking neuronal
networks with dynamic synapses.

3.3 TASK-DRIVEN POPULATION ACTIVITY SIMULATION

We further examined whether NetFormer can identify task-driven connectivity patterns in neural
populations. As single neuron level connectivity in task-performing laboratory animals are hard to
measure, we resorted to task-trained recurrent neural network (RNN) models. The RNN models
are trained to perform tasks which mirror the ones laboratory animals are trained to perform, and
the activity of their recurrent hidden units has been widely adopted in studies of task-driven neural
representation and computation (Mante et al., 2013; Sussillo et al., 2015; Yang et al., 2019; Duncker
et al., 2020). Here we considered three representative tasks from the NeuroGym toolkit (Molano-
Mazon et al., 2022)a. Perceptual Decision Making (Britten et al., 1992)Go-Nogo (Zhang et al.,
2019), anct. Delay Comparision (Barak et al., 2010). For each task, we trained a RNN model with
hidden dynamics

hx =tanh( Wgtim Sk + bstim + Wrechk 1+ Drec): (7)

Hereh, 2 RN denotes the activity of hidden units, whide 2 RS represents the stimulus input at
timestepk. W,ec 2 RN N speci es how current activity is shaped by past activity, &g, 2

RN S captures the effect of the present stimulus ingyg. 2 RN, bsim 2 RN correspond to
baseline activity and background input. We used RNN models with 4, 8, and 12 hidden units for
tasksa, b, ¢ respectively. Training details are provided in Appendix A.4.1. For each task, we applied
the trained RNN model to perform 1000 trials, and recorded its hidden units activity across timesteps
on every trial. Then we trained NetFormer to predict the next-step hidden units abtjvitybased

on 800 of those trials, and held out the remaining 200 trials for evaluation. Compared to the linear
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Figure 4: NetFormer captures task-induced connectivity patterns. a. Top True connectivity matrix

(W rec ) from RNN trained to perform the Perceptual Decision Making task, followed by inferred connectivity
from NetFormer's linearized attention matrix or linear regression weight matrix. For NetFormer, the inferred
connectivity shown is the one whose Spearman correlatisrclosest to the averageacross 5 random seeds.
Colorbars: scale of off-diagonal entries. Diagonal entries are masked inligsey. Scatter plot of off-diagonal
entries in the visualized inferred versus true connectivity maBottom: True (solid line, open circles) and
NetFormer-predicted (dashed line, lled circles) activity for 4 example hidden units on a held-out trial. Predicted
traces were obtained by concatenating one-step-ahead predictions. Hidden units are distinguished byccolors.
Same as, for RNNs trained to perform the Go-Nogo task and Delay Comparision task, respectively.

regression model, NetFormer attains higher accuracy in both dynamics prediction and connectivity
recovery (Figure 4 and Appendix A.4.2).

4 CONNECTIVITY-CONSTRAINED SIMULATION AND NEURAL DATA

Neurons form synapses based, in part, on factors controlled by their genetic and morphakdgical
types The transmission of information through these synapses is in uenced by activity history and
behavioral states. To test its ability to handle these and allied complexities, we applied the NetFormer
to a recent multi-modal dataset from (Bugeon et al., 2022), containing both simultaneously recorded
neuronal activity and cell type information in the mouse primary visual cortex. After training
the NetFormer to predict the neural activity, we used the time-averaged attention matrix as an
inferred connectivity strength between neurons. We compared this inferred connectivity against
an independent experimental measurement that serves as a cell-type level ground truth. This is
the cell-type averaged postsynaptic potential (PSP) measured directly using paired patch-clamp
experiments (Campagnola et al., 2022), in which the postsynaptic voltage responses of individual
“downstream” neurons are recorded in response to spikes elicited in speci ¢ “paired” neurons. As an
additional test, we observed that the inferred dynamical connectivity is more similar within the same
behavioral state and more distinct between different states. Furthermore, following the measured
cell-type level connectivity, we developed a connectivity-constrained simulation to produce neural
dynamics with a fully speci ed ground truth connectivity. On this simulated dataset, we assessed
the NetFormer's ability to infer both individual-neuron level and cell-type level connectivities. More
details are in Appendix A.5.

4.1 DATASETS

Multi-modal in-vivo neural recording. The publicly available dataset (Bugeon et al., 2022) includes
spontaneous population activity recorded from the mouse primary visual cortex (V1) via two-photon
calcium imaging. We trained NetFormer models on data from one subject (SB025), which includes
recordings of2481 neurons. The dataset also provides single-cell spatial transcriptomics data,
enabling identi cation of excitatory (EC) and three inhibitory neuron subclasses (Pvalb, Sst, Vip).

Connectivity-constrained simulation. We generated activity of a synthetic neuron population with
200neurons whose cell-type level connectivity is constrained by the aforementioned patch clamp
experiments (Campagnola et al., 2022). Speci cally, we simulated the leaky-integration system

%x(t): x(t)+tanh Wx (t)+ b + (8)

7
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using the forward Euler scheme with a step sizel, obtaining in discrete timesteps
Xk+1 =tanh(Wx g + b) + (9)

Here stands for Gaussian observation noiseepresents the baseline activity, avd denotes

the neuronal connectivity. In our simulatiof6% of neurons are excitatory, with the remaining

24% being inhibitory. The inhibitory neurons are further evenly subdivided into three cell types
(Pvalb, Sst, and Vip). We used cell-type speci ¢ means and variances of PSPs measured in the patch
clamp experiments to de ne Gaussian distributions of connection strengths between each pair of cell
types, and sampled the connection strength between individual cells accordingly. We also provide an
additional simulation in Appendix A.7, where the tanh is replaced with a sigmoid nonlinearity.

4.2 BASELINES AND EVALUATION METRICS

We benchmarked NetFormer against multiple baselines: (i) a linear recurrent model (referred to as
“linear regression”), whergyg.1 = WX ¢ + b; two variants of nonlinear recurrent neural networks
(referred to as “RNNs"): (iixk+1 =tanh( Wx y + b), which matches the connectivity-constrained
simulation and serves as an “oracle” type model giving a corresponding upper bound on performance,
(i) Xxk+1 = exp(Wx g + b), of the form of commonly used generalized linear models (GLMs)

in neuroscience (Pillow et al., 2008), with a nonlinearity mismatched to that of the simulation
itself. We also considered standard statistical metrics, including cross-correlation, covariance, mutual
information, and transfer entropy (with details in Appendix A.6). We evaluated activity prediction
using mean squared error (MSE), coef cient of determinati®f)( and the Pearson correlation

coef cient. We assessed the correlation between inferred and true connectivity using Pearson and
Spearman correlation coef cients, both at tie N neuron level N : number of recorded neurons)

and theK K cell type-level K =4 includes one excitatory and three inhibitory types: Pvalb, Sst,
Vip). More details are provided in Appendix A.10.2.

4.3 TIME-AVERAGED CONNECTIVITY INFERENCE

NetFormer outperforms baselines in inferring time-averaged connectivityAs shown in Table 1

and Figure 5a, on both simulated and real neuronal activity data, NetFormer outperforms other
baseline models in predicting activity and inferring connectivity in the majority of the evaluations.
We hypothesize that NetFormer's advantage relative to other baseline methods mainly stem from two
key aspects. The rstis that the underlying connectivity in the NetFormer model is nonstationary
rather than static, as assumed by the other baseline models and methods. The second is the absence
of a need to specify an activation nonlinearity. Notable, in the connectivity-constrained simulation,
NetFormer achieves comparable performance to the "oracle" model (RNN with tanh nonlinearity).
By contrast, the RNN with an exponential nonlinearity, misspeci ed with respect to the simulation,
performed signi cantly worse. This contrast illustrates a strength of the NetFormer model: NetFormer
does not involve speci cation of an activation function, avoiding the fragility that this can entail. We
further tested NetFormer's robustness to spurious correlations following Das & Fiete (2020) (see
details in Appendix A.9). NetFormer shows some resilience to spurious correlations, but would also
struggle when the recurrent weights are too strong or too weak, similar to other methods studied in
Das & Fiete (2020), including the GLM (Pillow et al., 2008), logistic regression (Lee et al., 2006),
and the Ising model (Roudi et al., 2009).

Excitation cell type can be decoded from learned positional embedding$:ollowing Mi et al.
(2024), we also observe that the learned positional embed#irigghe NetFormer model can be

used to decode an aspect of cell class information. Speci cally, using learned embeddings of neurons
in the training set, we trained a binary classi er via logistic regression to classify neurons as excitatory
or inhibitory, a coarser grouping which subsumes the genetic/morpological categories considered
above. When applied to classify held-out neurons on the test set, the trained classi erldi@fins

top-1 accuracy in simulation dat6.67%top-1 accuracy and AUROC score@¥00in real data

(see confusion matrices in Figure 5b). This shows that the learned positional embeddings are linearly
separable according to this aspect of neurons' cell type identity.

NetFormer demonstrates robustness against partial observatiorizor most biological neuronal

circuits, each recording can only access the activity of a subset of all neurons. To evaluate its
robustness against such partial observation, we tted NetFormer to a randomly selected subset of
neurons in the simulated dataset. In Figure 5c, we show that the performance in recovering the
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linear RNN RNN cross . mutual transfer

. - covariance. ’
regression w/ tanh w/exp  correlation information entropy
connectivity Pearson0.869 0.002 0.817 0.002 0.905 0.000* 0.581 0.011 0.823 -0.029 0.539 0.600
N N |Spearma®.532 0.001 0.507 0.001 0.546 0.000* 0.393 0.009 0.519 -0.015 0.262 0.339
connectivity Pearson0.879 0.001 0.885 0.001 0.908 0.000* 0.887 0.008 0.888 -0.438 0.371 0.419

K K |Spearmar.860 0.002 0.852 0.005 0.866 0.002* 0.822 0.025 0.732 -0.334 0.018 0.353

NetFormer

simulation

connectivity Pearson0.777 0.047 -0.395 0.020 -0.395 0.036 -0.407 0.006 -0.017 -0.162 -0.176 0.075

in-vivo K K |Spearma®.847 0.063 -0.409 0.051 -0.343 0.105 -0.191 0.300 -0.080 -0.190 -0.061 0.233
recording activity MSE 0.404 0.004 0.443 0.001 0.560 0.001 0.476 0.003 - - - -
prediction Pearson0.740 0.003 0.720 0.001 0.639 0.000 0.699 0.002 - - - -

R?  0.548 0.004 0.515 0.001 0.386 0.001 0.478 0.004  — - - -

Table 1: NetFormer outperforms classical baselines methods in dynamics prediction and connectivity
inference. Results from both connectivity-constrained simulation and neural recording. An asterisk (*) indicates
that the RNN with tanh activation serves as the oracle model (upper bound for performance on the simulation
data). Results from mutual information and transfer entropy are compared against the absolute values of ground
truth connectivity. Simulation data has ground truth for both neuron-I&el (N ) and cell type-level  K)
connectivity. Patch-clamp results serve as the ground truth for real neural data cell-type level connectivity.
Connectivity inference is assessed with Spearman's and Pearson's correlations. Next-step activity prediction is
evaluated with MSE, Pearson's coef cient, aRd on the test set.

Figure 5: a. Visualization of true and inferred connectivities at both neuron level and cell-type level in
simulation data and neural data. NetFormer is benchmarked with linear regression, RNNs, and standard
statistical metrics. A positive linear transformation has been applied to standardize all matrices to the same range
for better visualizationb. Confusion matrices of excitatory (EC) and inhibitory (IN) cell type classi cation

on both connectivity-constrained simulation and neural dataExperiment on different levels of partial
observability in the connectivity-constrained simulation. Connectivity inference is evaluated at both neuron level
and cell-type leveld. Connectivity inference in real neural data with NetFormer models trained on a single
session and multiple sessions from the same subject. Errorbars: Spearman correlations across 5 random seeds.
neuron-level connectivity does not decrease signi cantly even with only half of the neurons observed.
Cell-type level connectivity inference is more robust against such partial observations, highlighting
the potential of NetFormer to effectively derive cell-type level connectivity from real neural data.

NetFormer can t neural recordings across sessionsRNN-type models, designed to recover
connectivity at the level of individual neurons, cannot easily incorporate data of varying population
sizes across experimental sessions. In contrast, NetFormer promotes scalability by allowing parameter
sharing W o, Wk ) across sessions. These parameters are de ned in the temporal dimension and thus
do not increase with the number of neurons. Figure 5d shows that NetFormer achieves comparable
performance for connectivity inference when both tting a single session and multiple sessions.

4.4 NONSTATIONARY CONNECTIVITY INFERENCE

Building on NetFormer's ability to capture nonstationary connectivity changes over time in Section 3,
we extended this evaluation to real neural data. In this dataset (Bugeon et al., 2022), activity at each
timestep is labeled by one of the three behavioral states: running, stationary desynchronized, and
stationary synchronized. Figure 6a shows that neurons of different cell types can exhibit different
activity patterns across these states, suggesting that neural activity is informative of behavioral states.
Thus informed, we explored whether the time-varying attention could capture connectivity changes
among these states (see details and visualizations in Appendix A.8). We compared NetFormer with
two baseline methods capable of capturing nonstationary connectivity: a low-tensor-rank RNN
(LtrRNN) (Pellegrino et al., 2023) and an autoregressive Hidden Markov Model (AR-HMM) (Fox

et al., 2008; Linderman et al., 2017b). LtrRNN model the connectivity at each “trial" as a combination

of rank-1 matrices. Since our neural data is measured during spontaneous activity without an explicit
trial structure, to apply LtrRNN, we constructed “trials” using sliding windows on the data. Unlike



Published as a conference paper at ICLR 2025

Figure 6: Connectivity inference across behavioral states. aNeural activities across cell types in three
behavioral states. Projection of NetFormer attention maps and LtrRNN-inferred connectivity weights onto

top two principal components. Each dot represents a different timestep, colored by behavioral states. PCA on
NetFormer attention maps shows greater similarity between the two stationary states compared to the running
state. c. Comparison of AR-HMM inferred states with true behavioral statksComparison of inferred
state-speci ¢ connectivities across NetFormer, LtrRNN, and AR-HMM. NetFormer-inferred connectivities are

in better agreement with the patch-clamp result.

NetFormer which shares parameters across time/trials, the number of parameters LtrRNN has to learn
scales linearly with the number of trials. As a second baseline, we considered the AR-HMM, which
assumes that there are discrete latent states switching underlying the observed activity, and each state
admits unique dynamics through a different connectivity matrix. Due to its discrete state switching
mechanism, it is not suitable for capturing continuous connectivity changes, and its state discovery
relies heavily on the user-speci ed number of states.

While NetFormer-inferred cell-type level connectivity is in good agreement with the patch-clamp
experimental ground truth, connectivities inferred by LtrRNN and AR-HMM bear little correlation

to this ground truth (Figure 6d). A quantitative comparison is provided in Table 6, Appendix A.8.
Notably, consistent with prior experimental observations (Fu et al., 2014), attention also withesses
an increase in inhibitory activity from presynaptic Vip neurons and a decrease in inhibition from
presynaptic Sst neurons during the running state, as seen by the darker Vip column in the running
state compared to the stationary states and the lighter Sst column (Figure 6d, top row). Figure 6b
further demonstrates that state information is implicitly captured by NetFormer's attention maps,
showing greater similarity within states and clear distinctions between states. Notably, stationary
desynchronized and stationary synchronized states show more similarity to each other than to the
running state. Moreover, compared to weights inferred by LtrRNN, PCA on NetFormer-inferred
weights yields a cleaner separation between running and two stationary states. When tasked to
nd three states from the neural data, those inferred by the AR-HMM largely align with the three
behavioral states, albeit with higher noise (Figure 6c¢).

5 CONCLUSION AND DISCUSSION

Experience, activity, and adaptation change the effective connectivity of biological neuronal networks
via mechanisms including synaptic plasticity and neuromodulation, all playing out across various
timescales. This perspective poses connectivity as a dynamical variable that should be tracked, rather
than inferred once. Here, we propose the NetFormer as a light-weight model for dynamical connec-
tivity inference. We began with a mathematical analysis that relates nonlinear and nonstationary
dynamics to its linearized attention mechanism. We further demonstrated, on representative simulated
and in-vivo neural datasets, the strength of our model through comparison against various baselines
to predict nonlinear neural dynamics and to capture the underlying dynamical connectivity.

This said, our method has several limitations: (i) Partial observability of neuronal population dynamics
has been a major confounding factor for connectivity inference, and our method is no exception. (ii)
As our model learns the forward dynamics through a history-dependent linearization of the system in
a local temporal neighborhood, its ability to capture nonlinear or nonstationary systems is limited
compared to fully nonlinear or layered transformer-type models. Despite these limitations, our work
presents a step forward to addressing the long-standing challenge of extracting nonstationary neuronal
network structure from complex functional data, and brings new insights into the interpretability of
the transformer model and its applicability in modeling nonstationary dynamical systems.
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A APPENDIX

A.1 JUSTIFICATION FOR LINEARIZED ATTENTION APPLIED TO"“LEAKY " SYSTEMS(SEC 2,
EQN 6)

Using the forward Euler method and step siz&quation 6 can be simulated as
Xk+1 = Xk + Xk +f(Wka) = Xk X+ f (Wka)Z (10)

Following the same sigmoidal assumptionfgrEquation 10 can be written as
Xkar = Xk + FAOWi  D)xe + O (xP); (11)

wherel istheN N identity matrix. Therefore, the linearized attention mafix learned from
Equation 3 may re ect the true interactioé, by approximating (f {0)W, 1), and can capture
the interactions between different variables (off-diagonal entriéd/j up to a scaling factor

(f %0)).

A.2 ADDITIONAL DETAILS FOR NONLINEAR AND NONSTATIONARY SYSTEMS SIMULATION
(SEC3.1)

A.2.1 SMULATION DETAILS

In Figure 2a, b, ground-truth?w were generated randomly, with real-part of each eigenvalue clipped
at 0 to ensure stability of the systeM/ in a, b were also used a&/ in c,d, respectively.! in

¢, d were picked randomly while maintaining stability of the systema,ltthe system trajectory
was simulated using the closed-form solutioft) = eV ' , where is the initial state. Irb-d,
trajectories were simulated using the forward Euler methady = xx + f (Wgxk), where

W W for b, andWy = Wg + xi! > for ¢, d. All simulations consist of 3000 timesteps
with stepsize = 0:01, with the rst 80% used as training set, and last 20% as test setc,Fbr

ground-truth colgnectivity matrices were computed as the time-averaged connectivity across test set

timestepsvV = 322300 W\ . Simulated trajectories are visualized in Figure 7. In all settings, the

NetFormer model was trained to minimize the mean squared error (MSE) on the trainining set for
1100 epochs using the Adam optimizer in Pytorch, vidthe 1;M =5;D = 5, batch size = 80,

initial learning rate = 0.01. lib, d, learning rate was decayed by a factor of 0.9 every 100 epochs. In
¢, learning rate was decayed by a factor of 0.8 every 100 epochs.

Figure 7: Simulated trajectories of toy models in Figure 2. Shaded regions represent timesteps used
as test set.
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A.2.2 QUANTITIVE COMPARSION WITH LINEAR REGRESSOIN MODEL

For each toy system in section 3.1, we trained 10 NetFormer models with different random seeds
(initializations), and computed the Spearman's rank correlation coef cienafd the Pearson
correlation coef cient ) between the off-diagonal entries &f andW for each trained model.

In terms of , A achieved comparable performancefas s in systemsa, b (p > 0:3, two-sided

one sample t test), but signi cantly outperform@g, s in systems, d (p < 10 &) (Figure 8 left).
Similar observations can be made witkFigure 8 right). For each system, the linearized attention
matrix visualized in Figure 2 is the one whosés the closet to the averageacross 10 random seeds.

Figure 8: Comparison betweef o, s (red cross) and from NetFormer models with 10 different
random initializations (boxplots).

A.2.3 NONSTATIONARITY CONNECTIVITY TRACKING

On toy systems with nonstationary connectivity (Figure 2c, d), we evaluated how well linearized
attention matrices across timesteps can track changes in the connectivity. For edih pajj =
1,:::;5;1 6 j, we collectedAj; andWj; across all test timesteps, resulting in two time-varying
seriesAjj (t) andW (t), and computed the Pearson correlation coef cient between them. Results
for 10 trained NetFormer models with different random seeds are shown in Figure 9. Distributions of
the temporal correlation coef cients for all off-diagonal pairg ) are shown as violin plots, where

each violin corresponds to model trained with one random seed. The median of each distribution is
marked with a black line. All medians are greater than 0.999.

Figure 9: Distribution of test set temporal correlation between the linearized attention matrix and the
true nonstationary connectivity. Each column shows result from NetFormer model with a different
random seed. Median of each distribution is marked in black. All medians are greater than 0.999.

A.2.4 FURTHER DISCUSSION ON NONLINEAR DYNAMICAL SYSTEMS

In Section 2, we showed that whéris sigmoidal A can re ectW through Taylor series approx-
imation off (Wx ). Takef = tanh as an example. Let; denote the-th row of W . When

tanh(W x i) = tanh(0) + tanh A0)Wx  + O(x?):
Astanh(0) = 0, the forward Euler method is
Xks1 = X+ tanh(Wx ) = x, + tanh%0)Wx  + O (x}):
This analysis also applies to other sigmoidal functibnsuch asrctan, with
f(0)=0;f()=f%0) + O( ®) for within some interval around:0
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