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Abstract

Understanding brain function represents a fundamental goal
in neuroscience, with critical implications for therapeutic in-
terventions and neural engineering applications. Computa-
tional modeling provides a quantitative framework for accel-
erating this understanding, but faces a fundamental trade-off
between computational efficiency and high-fidelity modeling.
To address this limitation, we introduce a novel Energy-based
Autoregressive Generation (EAG) framework that employs
an energy-based transformer learning temporal dynamics in
latent space through strictly proper scoring rules, enabling ef-
ficient generation with realistic population and single-neuron
spiking statistics. Evaluation on synthetic Lorenz datasets
and two Neural Latents Benchmark datasets (MC Maze and
Area2 bump) demonstrates that EAG achieves state-of-the-
art generation quality with substantial computational effi-
ciency improvements, particularly over diffusion-based meth-
ods. Beyond optimal performance, conditional generation ap-
plications show two capabilities: generalizing to unseen be-
havioral contexts and improving motor brain-computer inter-
face decoding accuracy using synthetic neural data. These re-
sults demonstrate the effectiveness of energy-based modeling
for neural population dynamics with applications in neuro-
science research and neural engineering.

Code — https://github.com/NinglingGe/Energy-based-
Autoregressive-Generation-for-Neural-Population-
Dynamics

Introduction
Neural population dynamics form a fundamental computa-
tional basis of brain function, where coordinated spike pat-
terns across neuron ensembles encode sensory information
(Romo and Salinas 2003; Panzeri et al. 2022), motor com-
mands (Churchland et al. 2012; Gallego et al. 2017), and
cognitive states (Mante et al. 2013; Rigotti et al. 2013).
Elucidating these computational mechanisms not only pro-
vides mechanistic insight into cortical neural coding (Gal-
lego et al. 2017; Safaie et al. 2023) but also advances ther-
apeutic interventions for neurological disorders including
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Parkinson’s disease (Little et al. 2013), and facilitates brain-
computer interfaces (BCIs) for motor restoration in paralysis
(Hochberg et al. 2012; Willett et al. 2023).

Computational modeling provides a quantitative frame-
work to analyze neural mechanisms and population dynam-
ics (Sussillo et al. 2015; Vyas et al. 2020). These approaches
typically fall into encoding and decoding models (Mathis
et al. 2024). Encoding models characterize how external
variables are transformed into neural activity patterns by es-
tablishing statistical relationships between stimuli and neu-
ral responses (Walker et al. 2019; Wang et al. 2025), while
decoding models take the inverse approach, reconstructing
behavioral or stimulus variables from recorded neural ac-
tivity (Gallego et al. 2017; Yoshida and Ohki 2020; Zhu
et al. 2025). Decades of work have refined decoders that ex-
tract behavior and stimulus features from high-dimensional
neural recordings (Sussillo et al. 2016; Ye et al. 2023; Az-
abou et al. 2024). In contrast, encoding models remain
underexplored, despite their importance in revealing low-
dimensional manifold dynamics (Gallego et al. 2017; Pan-
darinath et al. 2018) in motor cortex (Gallego et al. 2020;
Safaie et al. 2023; Zhu et al. 2025) and enabling more inter-
pretable, robust decoding for motor BCIs (Hochberg et al.
2012; Willett et al. 2023).

In this framework, neural encoding models can be further
divided into predictive and generative models. Predictive
models directly map stimuli to neural responses (Bashivan,
Kar, and DiCarlo 2019; Walker et al. 2019), offering effi-
ciency but limited ability to capture maintain trial-to-trial
variability (Churchland et al. 2010; Ecker et al. 2014). Gen-
erative models fall into two main classes: VAE-based meth-
ods (Zhou and Wei 2020; Hurwitz et al. 2021; Keshtkaran
et al. 2022) which sample from latent spaces conditioned on
priors but fail to capture complex population and single-
neuron statistics; and diffusion-based methods, such as
LDNS (Kapoor et al. 2024) and GNOCCHI (McCart et al.
2024), which model response variability through latent-
space distributions but require costly iterative sampling,
leading to inefficient estimation of neural statistics.

To efficiently and effectively modeling, we develop
a novel Energy-based Autoregressive Generation (EAG)
framework. EAG employs an energy-based transformer that
learns temporal dynamics in latent space through strictly
proper scoring rules (Székely 2003), enabling efficient gen-
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eration while achieving high fidelity and preserving trial-to-
trial variability. The framework supports both unconditional
generation for studying neural dynamics and conditional
generation for modeling behavior-neural relationships. We
evaluate EAG on synthetic Lorenz datasets and two real neu-
ral datasets from the Neural Latents Benchmark (Pei et al.
2021): MC Maze and Area2 bump. The method achieves
state-of-the-art (SOTA) generation quality with substantial
computational gains, especially delivering a 96.9% speed-
up over diffusion-based approaches. Beyond improvements
in generation quality and computational efficiency, condi-
tional generation applications demonstrate two capabilities:
(1) generalization to unseen behavioral contexts, revealing
generalizable computational mechanisms; and (2) up to a
12.1% improvement in motor BCI decoding accuracy when
trained with EAG-generated data. These results demonstrate
the effectiveness of energy-based modeling for neural popu-
lation dynamics.

In conclusion, our main contributions are as follows:
• We develop the novel EAG framework that resolves

the trade-off between computational efficiency and high-
quality modeling through energy-based learning.

• We demonstrate that EAG achieves SOTA generation
quality with substantial efficiency improvements over
existing methods.

• We show that conditional generation enables generaliza-
tion to unseen behavioral contexts and improvement of
motor BCI decoding accuracy, demonstrating practical
applications beyond basic neural modeling.

Related Work
Neural-Behavioral Modeling. Understanding neural com-
putation relies on encoding models that predict neural re-
sponses from behavioral variables and decoding models that
infer behavioral states from neural signals (Mathis et al.
2024). Deep neural networks have advanced encoding mod-
els for stimulus-response mappings in visual cortex (Yamins
and DiCarlo 2016; Kell et al. 2018; Walker et al. 2019;
Bashivan, Kar, and DiCarlo 2019; Marks and Goard 2021;
Vargas et al. 2024; Wang et al. 2025) and decoding models
for extracting behavioral information from motor (Gallego
et al. 2017) and visual cortices (Yoshida and Ohki 2020;
Stringer et al. 2021). However, these approaches primarily
focus on input-output mappings cannot capture the stochas-
tic variability inherent in neural population dynamics.

Neural Spike Generation. Neural spike generation ad-
dresses data scarcity in brain-computer interface applica-
tions through synthetic data augmentation for decoder train-
ing and stability (Wen et al. 2023; Ma et al. 2023). Vari-
ational autoencoders and generative adversarial networks
have been applied to neural population modeling and spike
train synthesis (Pandarinath et al. 2018; Wen et al. 2023;
Ma et al. 2023). Latent diffusion for neural spike generation
(Kapoor et al. 2024; McCart et al. 2024) encodes spike trains
into continuous latent spaces and applies diffusion models
to generate behaviorally-conditioned neural activity, but re-
quires computationally expensive iterative denoising steps
(Ho, Jain, and Abbeel 2020). In contrast, this work applies

energy-based modeling to autoregressive neural spike gen-
eration, enabling efficient sampling while maintaining high-
quality spike pattern generation.

Energy-based Models. Energy-based models define
probability distributions through energy functions, where
probability is inversely related to energy (Hinton 2002; Le-
Cun et al. 2006). These models enable direct sampling from
learned distributions, providing a principled approach to
generative modeling (Song and Ermon 2019). EBMs have
been successfully applied across diverse domains including
image generation (Song and Ermon 2019), natural language
processing (Bakhtin et al. 2021), molecular design (Sator-
ras, Hoogeboom, and Welling 2021), and protein structure
design (Watson et al. 2023). In contrast, this work introduces
EBMs to neural computational modeling for the first time.

Preliminaries
Strictly Proper Scoring Rules
Scoring rules evaluate probabilistic forecasts by comparing
predicted distributions against observed outcomes. Given
sample space X and probability measures P on X , a scoring
rule S maps predicted distributions p and observed samples
x to extended real values:

S(p, x) : P × X 7→ R. (1)

The expected score under the true distribution q quantifies
prediction quality:

S(p, q) = Ex∼q[S(p, x)]. (2)

A scoring rule is proper if truthful reporting maximizes ex-
pected scores:

S(p, q) ≤ S(q, q), ∀p, q ∈ P . (3)

Strict propriety occurs when equality holds exclusively for
p = q, ensuring unique optimal predictions.

Classical scoring rules include the Brier score (Brier
1950), logarithmic score (Good 1952) and spherical score
(Roby 1965). For continuous distributions, the energy score
(Székely 2003) provides a strictly proper scoring rule that
will be utilized in this work.

Scoring Rules for Generative Modeling
Strictly proper scoring rules provide objectives for training
generative models through negative score loss functions:

LS(p, x) = −S(p, x). (4)

The logarithmic score yields cross-entropy loss when maxi-
mized. Strict propriety ensures unique optimization targets.

For sequential data, autoregressive generation decom-
poses the loss across time steps:

LS(p, x) = −
T∑

t=1

S(p(·|x<t), xt). (5)

Expected loss minimization requires each conditional distri-
bution p(·|x<t) to match the true conditional q(·|x<t).

Neural spike data lacks explicit likelihood forms, result-
ing direct score calculation intractable. This necessitates
tractable score estimators that preserve strict propriety for
neural spike generation.
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Figure 1: Energy-based Autoregressive Generation (EAG) framework. Known latent positions (blue) provide context for pre-
dicting masked positions (gray). The MLP generator incorporates noise ϵ via adaptive layer normalization to enable stochastic
generation, trained with energy loss for distributional prediction.

Methods
Latent Generation Framework
EAG adopts a two-stage paradigm that first learns compact
neural representations and then performs efficient genera-
tion in the latent space. While Stage 1 follows established
autoencoder approaches for fair comparison, EAG’s core
contribution lies in Stage 2, where we introduce a novel
energy-based generation mechanism that fundamentally dif-
fers from existing diffusion-based methods.

Stage 1: Neural Representation Learning. Following
LDNS (Kapoor et al. 2024), we employ their autoencoder
architecture to obtain latent representations z ∈ Rd×T

from neural spiking data s ∈ Nn×T
0 and optional behav-

ioral covariates y, where d ≪ n. This stage maps high-
dimensional spike trains to a low-dimensional latent space
under a Poisson observation model with temporal smooth-
ness constraints. We use identical network architecture and
training configuration as (Kapoor et al. 2024).

Stage 2: Energy-based Latent Generation. Given the
learned latent representations z from Stage 1, EAG employs
an energy-based autoregressive framework for latent gener-
ation. The approach predicts missing latent representations
through masked autoregressive modeling guided by the en-
ergy score, a strictly proper scoring rule that does not require
explicit likelihood computation. This formulation enables
single-pass generation while preserving stochastic proper-
ties necessary for modeling trial-to-trial variability. The de-
tailed methodology is presented in the following section.

Energy-based Autoregressive Generation
Building upon the latent representations z learned in Stage
1, EAG employs energy-based modeling for neural popula-
tion dynamics generation through autoregressive prediction,
as shown in Figure 1. The framework addresses a funda-
mental challenge in neural generative modeling: predicting
distributions over continuous latent spaces without explicit
likelihood computation while preserving the stochastic na-
ture of neural variability.

Energy Loss The energy score provides a strictly proper
scoring rule for continuous latent variables in Rd. For model
distribution pθ generating latent samples z and data distri-
bution with ground truth latents zdata, the energy score with
parameter α ∈ (0, 2) is defined as:

S(pθ, zdata) = E[∥z1 − z2∥α]− 2E[∥z− zdata∥α] (6)

where z1, z2, z are independent samples from pθ. The en-
ergy score achieves strict propriety for α ∈ (0, 2), ensuring
that optimal predictions correspond to the true latent distri-
bution.

The energy loss can be unbiasedly estimated using two in-
dependent latent samples z1, z2 from the model distribution:

Lenergy(pθ, zdata) = ∥z1−zdata∥α+∥z2−zdata∥α−∥z1−z2∥α
(7)

This formulation performs distributional prediction by
balancing two objectives: the first two terms minimize pre-
diction error while the third term maintains sample diversity.
Essentially, the energy loss trains the model to generate sam-
ples that are both accurate and appropriately variable, cap-
turing the distributional properties necessary for modeling
neural trial-to-trial variability. Unlike diffusion models that
require iterative sampling steps, this approach enables di-
rect distributional prediction in a single forward pass while
maintaining generative capabilities.

Energy Transformer Architecture The energy trans-
former architecture enables stochastic latent generation
through noise-conditioned output layers while maintain-
ing standard transformer processing for temporal dynamics
modeling.

Input Processing. Latent representations z ∈ Rd are
mapped to model dimension dmodel through linear projection
layers. Positional encodings are applied to maintain tempo-
ral ordering information across the latent sequence.

Stochastic Output Generation. As illustrated in Figure
1, the output layer incorporates random noise ϵ through a
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multi-layer perceptron generator to enable stochastic latent
generation. The noise vector of dimension dnoise is sampled
from uniform distribution [−0.5, 0.5] and embedded to di-
mension dmlp through learned linear transformations.

The MLP generator employs residual blocks with adap-
tive layer normalization to inject noise into latent predic-
tions, as shown in the architectural detail of Figure 1. For
the i-th residual block with input hi:

hi
ϵ = (1 + scale(ϵ)) · LN(hi) + shift(ϵ)

hi+1 = hi + gate(ϵ) · FFN(hi
ϵ)

(8)

where shift(·), scale(·), and gate(·) are learned linear trans-
formations that interpret noise input as adaptive parameters
for controlling the scale and bias of feature transformations.
The gating mechanism allows the model to selectively incor-
porate stochastic variations based on the current context.

Masked Autoregressive Generation. As depicted in Fig-
ure 1, the framework employs masked autoregressive mod-
eling where known latent positions (blue) provide tempo-
ral context for predicting masked positions (gray). During
training, random masking ratios sampled uniformly from
[0.7, 1.0] are applied to latent sequences, ensuring the model
learns to handle various degrees of missing information.
The masking strategy randomly selects time points to pre-
dict while preserving causal relationships in the temporal
sequence.

During inference, latent time points are generated pro-
gressively with masking ratio decreasing from 1.0 to 0 fol-
lowing a cosine schedule. This approach enables bidirec-
tional attention during training for improved context utiliza-
tion while maintaining autoregressive properties during gen-
eration. The progressive unmasking allows the model to it-
eratively refine predictions based on previously generated
latent states.

Conditional Generation For behavior-conditioned neu-
ral generation, EAG incorporates behavioral covariates y
into the input sequence as conditioning tokens. Behavioral
variables are embedded through a linear projection layer to
match the latent dimension, then concatenated with the la-
tent representations.

During training, behavioral conditions are randomly re-
placed with learnable null tokens for 10% of trials to en-
able classifier-free guidance. This dropout strategy allows
the model to learn both conditional and unconditional gen-
eration within a unified framework.

At inference, the model generates latent representations
for both the given behavioral condition hc and null condition
hu, with the final representation computed using classifier-
free guidance:

h = γ · hc + (1− γ) · hu (9)

where γ controls the strength of behavioral conditioning.
This enables flexible control over the degree of behavioral
constraint during generation.

Results
Our experiments proceed in four stages. First, we con-
duct unconditional generation on three diverse distinct
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Figure 2: Unconditional generation on Lorenz Dataset. The
generated data closely matches the ground truth across met-
rics: pairwise correlation, mean-isi, and std-isi.

datasets, and benchmark its performance against VAE-based
and diffusion-based generative models on two real neural
datasets. Second, we demonstrate that EAG achieves 30×
higher sampling efficiency than diffusion models, enabling
faster generation without sacrificing quality. Third, EAG
generalizes well to unseen labels on conditional generation,
capturing neural-behavioral relationships while preserving
trial variability. Finally, we show that EAG enhances down-
stream BCI decoding performance.

Datasets. We evaluate our method on one synthetic
dataset and two real neural datasets. The synthetic dataset
is generated by simulating 128-dimensional neural spik-
ing activity using a Lorenz attractor. The two real datasets,
MC Maze and Area2 Bump, are from the Neural Latents
Benchmark (Pei et al. 2021), which record neural activity
from different cortical areas of macaque monkeys perform-
ing various tasks. Detailed descriptions are provided in the
supplementary.

Baselines. To rigorously benchmark the generative per-
formance of EAG, we compared it against a suite of es-
tablished baseline models drawn from both VAE-based and
diffusion-based models. The VAE-based baselines include
Targeted Neural Dynamical Modeling (TNDM) (Hurwitz
et al. 2021), Poisson-identifiable VAE (pi-VAE) (Zhou and
Wei 2020), and AutoLFADS (Sussillo et al. 2016; Pandari-
nath et al. 2018; Sedler and Pandarinath 2023; Keshtkaran
et al. 2022). Additionally, we include Latent Diffusion for
Neural Spiking (LDNS) (Kapoor et al. 2024) as a diffusion-
based baseline, given its recent advances over AutoLFADS.
Detailed settings are provided in the supplementary.

Metrics. For evaluation, we adopted the comprehensive
set of metrics previously proposed in the LDNS study
(Kapoor et al. 2024). The four metrics include population
spike count distribution, pairwise spike-count correlations,
mean inter-spike interval (ISI), and ISI standard deviation,
capturing both population-level and single-neuron spiking
statistics.

EAG Generates High-quality Neural Spike Data
To validate effectiveness of EAG framework, we first eval-
uate it under an unconditional generation setting on three
datasets characterized by diverse distributions and high vari-
ability. We demonstrate that EAG achieves state-of-the-art
performance against both VAE-based and diffusion-based
methods.

Lorenz Dataset. We first apply EAG to a synthetic dataset
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Dataset Method DKL psch RMSE pairwise corr RMSE mean isi RMSE std isi

MC Maze

TNDM 0.0028 ± 6.0e-5 0.0027 ± 1.2e-5 0.057 ± 0.004 0.029 ± 0.001
pi-VAE 0.0063 ± 2.0e-4 0.0031 ± 1.1e-5 0.064 ± 0.002 0.034 ± 0.001

AutoLFADS 0.0040 ± 2.2e-4 0.0026 ± 1.3e-5 0.039 ± 0.003 0.029 ± 0.001
LDNS 0.0039 ± 3.0e-4 0.0025 ± 1.1e-4 0.037 ± 0.001 0.023 ± 0.0001
EAG 0.0014 ± 2.0e-4 0.0024 ± 1.0e-5 0.024 ± 0.001 0.018 ± 0.0024

Area2 Bump

TNDM 0.0027 ± 2.9e-4 0.0077 ± 1.0e-4 0.049 ± 0.009 0.039 ± 0.003
pi-VAE 0.0067 ± 4.2e-4 0.0088 ± 7.9e-5 0.050 ± 0.007 0.029 ± 0.004

AutoLFADS 0.0032 ± 3.2e-4 0.0081 ± 1.2e-5 0.048 ± 0.003 0.031 ± 0.006
LDNS 0.0020 ± 1.2e-4 0.0076 ± 1.4e-5 0.050 ± 0.002 0.034 ± 0.002
EAG 0.0018 ± 1.6e-4 0.0075 ± 9.1e-5 0.035 ± 0.004 0.025 ± 0.003

Table 1: Model metrics comparison. DKL for the population spike count histogram and RMSE comparisons. Results are
reported as mean ± standard deviation over 5 folds. EAG outperforms all baselines (Wilcoxon, p < 0.001), except for pairwise
correlation vs. LDNS (n.s., p = 0.09). Bold indicates the best-performing model; underlined values indicate the second best.
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Figure 3: The latency/quality trade-off for EAG and LDNS.
We vary number of diffusion steps (200, 400, 600, 1000) of
LDNS and number of autoregressive steps (16, 32) of EAG.
EAG-32 achieves a 96.9% reduction in latency, and a 32.4%
improvement on RMSE mean ISI compared to LDNS-1000.

generated from a 3D Lorenz system, where 128-dimensional
neural observations over 256 time steps are derived from
projections of the underlying attractor dynamics. In the first
stage, we train an autoencoder to effectively reconstruct the
firing rates. Then we train EAG within the latent space in
the second stage. Supp. Figure S1 and Figure S2 visual-
ize Lorenz rates generated by EAG and the corresponding
spike trains obtained via Poisson sampling, which are visu-
ally indistinguishable from the real data. We quantitatively
evaluate EAG’s performance, as visualized in Figure 2. EAG
captures both population-level features (e.g. pairwise corre-
lation) and single-neuron statistics (e.g., ISI mean and vari-
ance). Additionally, Supp. Figure S3 demonstrates that both
AE-reconstructed and EAG-generated rates accurately cap-
ture the ground-truth pairwise correlation structure of the
synthetic Lorenz rates.

MC Maze Dataset. We then benchmark EAG on
MC Maze (Churchland and Kaufman 2022; Pei et al. 2021),
a widely used real neural dataset often referred to as the

”neural MNIST,” recorded from premotor and primary mo-
tor cortex as a monkey performs a delayed center-out reach-
ing task with spatial barriers. EAG is shown to generate
highly realistic sparse spike trains (Supp. Figure S4). Quan-
titative comparison against VAE-based and diffusion-based
baselines demonstrates that EAG consistently achieves the
best performance across all four evaluation metrics as Table
1 (visualization in Supp. Figure S5). Notably, even after aug-
menting baselines with spike-history inputs (a trick known
to benefit LDNS), EAG still achieves the best performance
(Supp. Table S1). In addition, a plain autoregressive Trans-
former trained with MSE loss performs significantly worse
than EAG (Supp. Table S1), highlighting the essential con-
tribution of the energy loss.

Area2 Bump Dataset. To further test EAG’s robustness
on limited data and non-autonomous neural activity, we
evaluate it on the Area2 Bump dataset, a small-scale neu-
ral dataset containing about 300 trials recorded from the so-
matosensory cortex during a bump-perturbed reaching task.
Despite the data scarcity, EAG continues to generate spike
trains that are both visually and statistically aligned with the
real data (Supp. Figure S6, Supp. Figure S7), outperform-
ing all baselines as Table 1 shows. Additionally, Supp. Ta-
ble S2 shows that EAG maintains the best performance on
all evaluation metrics compared to spike-history-augmented
versions.

Collectively, these results highlight EAG’s strong capac-
ity to model both population-level and single-neuron-level
patterns and generate biologically realistic spike data, with
stable performance across varying data scales and cortical
regions.

EAG Samples with High Efficiency
To assess the efficiency of EAG in addition to its gener-
ation quality, we conducted a systematic comparison with
diffusion-based models. Unlike LDNS, which relies on it-
erative denoising steps during inference, EAG generates in
a single forward pass, resulting in orders-of-magnitude im-
provements in sampling speed. We trained four LDNS mod-
els with diffusion steps ranging from 200 to 1000, and two
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Figure 4: Generalization to unseen angle labels. (a) real firing rates and sampled firing rates. (b) Decoded trajectory from real
rates and sampled rates conditioned on unseen angle labels. (c) Single-trial neural trajectories in latent space extracted from
real and sampled activity. Colorbars in (b) and (c) indicate the condition angle αcondition. (d) The first 2 principal components
averaged over eight reach directions of real and sampled firing rates. For all panels, top: real data; bottom: sampled data.

EAG models with autoregressive steps 16 and 32, and eval-
uated both generation quality and inference latency. Here,
latency refers to the time taken to generate the same number
of trials as in the training dataset. (∼2000 trials).

Taking single-neuron generation quality as a represen-
tative case, Figure 3 illustrates the relationship between
RMSE mean-isi and generation latency across varying steps
of LDNS and EAG. In terms of sample latency, EAG-32
generates 2008 trials in just 10.29s while LDNS-1000 re-
quires 330.64s, achieving a 96.9% speed-up. Against the
minimal-step LDNS-200, EAG-32 still achieves an 84.4%
reduction in latency. In terms of generation quality, even
minimal-step EAG-16 outperforms LDNS-1000. Specifi-
cally, EAG-32 delivers a 49.0% gain over LDNS-200 and
a 32.4% gain over LDNS-1000. Similar trends are also ob-
served across other quality metrics, as detailed in Supp.
Figure S8 and Supp. Table S3. Moreover, scaling analysis
further shows that EAG’s runtime and memory usage re-
main largely unaffected by increases in neuron count or time
length (details in Supp.Figure S4). These results demon-
strate that energy-based autoregressive generation achieves
higher efficiency than diffusion-based methods while main-
taining better quality and stable to scaled datasets.

EAG Generalizes to Unseen Contexts
EAG’s modeling capability generalizes effectively to unseen
behavioral contexts. To systematically evaluate this prop-
erty, we condition EAG on behavior variables not observed
during training and assess whether the model can generate
realistic neural activity consistent with the given context.

We first condition EAG on the monkey’s initial reach
direction αinit. Figure 4a shows real rates (top panel) and
generated rates (bottom panel) conditioned at a novel an-
gles (∼ 60◦), which align closely (additional samples in
Supp. Figure S10). The generated activity is not a direct
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Figure 5: Generalization to unseen velocity labels. (a) Real
hand trajectory and decoded trajectory (left panel), decoded
trajectory from real rates and sampled rates (right panel).
(b) Sampled spike trains conditioned on two nearly identical
trajectories show trial-to-trial variability.

copy but shows natural trial-to-trial variability. EAG’s abil-
ity to model variability is further examined in velocity-
conditioned generation. Next, using the pipeline described
in Supp. Figure S9, we decode trajectories via a pretrained
ridge regression model from EAG-sampled rates condi-
tioned on unseen labels. As shown in Figure 4b, the de-
coded (bottom) and true trajectories (top) closely match. To
verify that EAG effectively captures the underlying mech-
anisms of neural-activity relations, we visualize real and
sampled single-trial latents from the EAG-extracted latent
space (Figure 4c). Despite unseen labels, latent distributions
align with angles, matching real data patterns. PCA on firing
rates, averaged over eight directions, further reveals highly
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Method Co-smoothing bps(↑) Behavior decoding(↑) PSTH R2(↑)

GRU 0.267/0.270 0.868/0.880 0.507/0.533
SLDS 0.218/0.233 0.794/0.801 0.478/0.492

LFADS 0.324/0.347 0.901/0.906 0.579/0.594
NDT 0.272/0.305 0.776/0.838 0.546/0.581

AutoLFADS 0.347/0.350 0.906/0.911 0.594 /0.607
NDT(ray) 0.335/0.363 0.875/0.904 0.589/0.596

Table 2: Metrics before and after EAG augmentation on
MC Maze. Metrics follow the NLB evaluation and are for-
matted as before/after(improvement ratio). Bold indicates
improvement after EAG augmentation.

similar real and generated trajectories (Figure 4d). These
results demonstrate EAG’s capacity to model latent neu-
ral–behavioral structure, enabling generalization to unseen
conditions.

Then we consider a more fine-grained behavioral label by
conditioning EAG on the hand velocity (vx, vy) at each time
point. EAG produces firing rates that closely resemble the
real ones when conditioned on an entirely unseen velocity
trajectory, as shown in Supp. Figure S11. Figure 5a shows
the ridge model bias (left panel) when decoding from real
rates, while the right panel shows trajectories decoded from
EAG-sampled rates, achieving a higher similarity with the
ground truth (R2 = 0.89) compared to LDNS (R2 = 0.65).
Notably, even for two trajectories that are virtually identical,
EAG-sampled spike trains retain strong trial-to-trial vari-
ability (Figure 5b). This ability to generate realistic neural
activity from hypothetical movements while preserving vari-
ability are vital for downstream applications such as BCI de-
coding (Wen et al. 2023; Degenhart et al. 2020).

EAG Enhances BCI Performance
To assess the practical impact of EAG-generated data, we
investigate its effectiveness in improving BCI decoding
performance through data augmentation. Specifically, us-
ing two Neural Latent Benchmark datasets, MC Maze and
Area2 Bump, we evaluate changes in decoding accuracy
for multiple baseline models when trained with and with-
out onefold EAG-based augmentation. As shown in Ta-
ble 2, EAG consistently improves decoding on MC Maze,
with larger gains in more complex models. In particular, the
transformer-based Neural Data Transformer (NDT) exhibits
the most pronounced gain, reaching up to 12.1%. To ensure
that these improvements are not artifacts of suboptimal train-
ing, we further apply ray-based hyperparameter optimiza-
tion for both LFADS and NDT (autoLFADS and NDT-ray),
and compare performance with and without augmentation.
The improvements are reduced but persist, validating effec-
tiveness and the robustness of EAG’s augmentation benefits.

Similar results are observed on the smaller Area2 Bump
dataset (Supp. Table S5). Given its limited size relative to
MC Maze, we hypothesize that larger scale augmentation
brings more decoding gains. We test the effect of scaling
EAG augmentation to 1×, 2×, and 4×, using NDT as the
decoder. As shown in Table 3, accuracy rises as data scale
increased, with the largest jump yielding up to a 54.7% im-
provement at 2× augmentation in NDT. This confirms that,

Method Co-smoothing bps(↑) Behavior decoding(↑) PSTH R2(↑)

NDT-2size 0.106/0.164 0.512/0.621 0.321/0.422
NDT-4size 0.106/0.161 0.512/0.631 0.321/0.425

NDT(ray)-2size 0.208/0.227 0.794/0.854 0.414/0.499
NDT(ray)-4size 0.208/0.228 0.794/0.834 0.414/0.509

Table 3: Metrics of multi-scale EAG augmentation on
Area2 Bump. Evaluation of 2× and 4× multi-scale augmen-
tation using NDT and NDT(ray) decoders.

α DKL psch RMSE pairwise corr RMSE mean isi RMSE std isi

1.0 0.0014 ± 2.0e-4 0.0024 ± 1.0e-5 0.024 ± 0.001 0.018 ± 0.0024
1.25 0.0026 ± 2.3e-4 0.0024 ± 1.0e-5 0.033 ± 0.007 0.018 ± 0.0007
1.5 0.0013 ± 9.8e-5 0.0025 ± 9.0e-6 0.022 ± 0.001 0.018 ± 0.0018

1.75 0.0017 ± 1.1e-4 0.0024 ± 1.2e-5 0.026 ± 0.001 0.019 ± 0.0007
2.0 0.0541 ± 7.8e-4 0.0028 ± 1.1e-5 0.051 ± 0.004 0.027 ± 0.0007

Table 4: Ablations on strict propriety. Results of varying the
exponential coefficient α in the energy loss, highlighting im-
portance of strict propriety.

for small datasets, data scarcity represents a more pressing
bottleneck in decoding tasks, and increased augmentation
yields greater gains.

Ablation Studies
Previous experiments typically set the exponential coeffi-
cient α to 1 in energy loss (Equation 7). However, the energy
score remains strictly proper for all α ∈ (0, 2). Since setting
α < 1 can lead to instability during early training due to
unbounded gradients, we focus on the range α ∈ [1, 2). No-
tably, when α = 2, the energy score is still proper while not
strictly proper. The looser constraint (Epθ

[z] = Eq[zdata]) in
this case is insufficient to effectively guide the model to ac-
curately capture realistic neural dynamics. As demonstrated
in Table 4, models trained with α = 2 exhibit clear deficien-
cies in generating realistic spiking activity, whereas models
with α ∈ [1, 2) perform consistently well with only minor
differences. Based on these results, we adopt α = 1 as our
default setting throughout all experiments.

Conclusion
We developed a novel Energy-based Autoregressive Gener-
ation (EAG) framework that resolves the fundamental trade-
off between computational efficiency and high-fidelity mod-
eling through latent energy-based learning. EAG achieves
state-of-the-art generation quality with substantial computa-
tional efficiency improvements over existing methods, par-
ticularly diffusion-based approaches. Conditional genera-
tion applications demonstrate generalization to unseen be-
havioral contexts and improvement of motor BCI decoding
accuracy using generated neural data. These results establish
that neural population dynamics can be effectively modeled
through direct energy-based generation in latent space, elim-
inating computationally expensive iterative sampling proce-
dures. This framework provides a foundation for applica-
tions requiring both computational efficiency and biological
realism in neural population modeling.
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