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Abstract

Foundation models pretrained with large-scale and rich domain-specific datasets
facilitate scientific discovery and technological advances. Systems neuroscience
currently lacks such foundation models, due mainly to two obstacles: (i) a lack of
large-scale datasets and (ii) scarcity of large-scale compute to train high-capacity
models. Here, we aim to address both challenges. We first introduce the Neural Pile,
a large-scale curated dataset of spiking neural activity recorded from both primates
and rodents. The dataset contains 34B uncompressed tokens of neural data from
primates and 441B uncompressed tokens of neural data from rodents, involving
multiple species and covering a wide range of brain regions, behaviors, and tasks.
We provide a separate test split that is intended as a challenging neural prediction
benchmark for evaluating neural foundation models. Secondly, as a strong baseline
on this benchmark, we also release large-scale models (8B parameter models with
a context length of 131k tokens) pretrained on the Neural Pile.

1 Introduction

High-capacity machine learning models trained with large-scale domain-specific datasets, commonly
known as foundation models (Bommasani et al., 2021), are helping domain scientists and driving
progress in a diverse range of scientific fields: e.g. protein folding (Jumper et al., 2021; Baek et al.,
2021; Abramson et al., 2024), materials science (Zeni et al., 2025), genomics (Brixi et al., 2025;
Hayes et al., 2025), weather and climate modeling (Bodnar et al., 2024; Schmude et al., 2024),
astronomy (Nguyen et al., 2023b; Parker et al., 2024), among many others.

By and large, systems neuroscience currently lacks such foundation models. We attribute this
predicament to two main factors: (i) a lack of large-scale, machine learning ready, broad-coverage,
public datasets in neuroscience, and (ii) the scarcity of large-scale compute in academic labs to train
high-capacity foundation models. To provide quantitative evidence for these claims, we estimate that
currently the largest public spiking neural activity datasets that have been used for training machine
learning models in neuroscience are only on the order of a few billion tokens in size and the largest
models trained thus far are at most on the order of a few hundred million parameters in size and
usually much smaller than this (Azabou et al., 2023; Ye et al., 2023; Zhang et al., 2024; Ye et al.,
2025; Zhang et al., 2025) (Table 1). These numbers are exceedingly small compared to the data and
model sizes commonly used in training large language models and foundation models in many other
scientific domains. These twin challenges of scale hinder progress in training highly capable and
generally useful foundation models in neuroscience.

In this paper, we aim to address both of these scaling challenges. We first introduce the Neural
Pile, the largest machine learning ready public dataset of spiking neural activity data released to
date, which is two orders of magnitude larger than previously available public datasets. The dataset
contains a total of 476 billion tokens of curated neural data recorded from primates and rodents,
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Table 1: Recent studies training models on spiking neural activity data compared with the current
work. Data size is measured in terms of uncompressed token counts. “Params” indicates the size of
the largest model trained on the data and “Data acc.” indicates the data accessibility status, i.e. whether
the data are publicly accessible or private. The middle line separates the primate and rodent data.

Name Data size Params Data acc. Notes
POYO (Azabou et al., 2023) ~2Btok. 13M Public Primate motor/premotor ctx data only
NDT-2 (Ye et al., 2023) ~3Btok. 3M Mixed Primate motor/premotor ctx data only
NDT-3 (Ye et al., 2025) ~30B tok. 350M Private Primate motor/premotor ctx data only
The Neural Pile (primate) 34.3Btok. 8B  Public Wide variety of areas/tasks/sources
IBL-MtM (Zhang et al., 2024) ~1B tok. 3M  Public Rodent data (subset of IBL only)
NEDS (Zhang et al., 2025) ~2Btok. 12M Public Rodent data (subset of IBL only)
The Neural Pile (rodent) 441.5Btok. 8B  Public Wide variety of areas/tasks/sources

covering multiple species and a wide range of brain regions, tasks, and behaviors. Secondly, we also
release 8 billion parameter generative models pretrained on the Neural Pile, again roughly two orders
of magnitude larger than previous models trained on similar data. We hope that the Neural Pile and
the large-scale pretrained generative models we are releasing with the current paper will catalyze the
development of more capable and useful foundation models for neuroscience.

2 The Neural Pile dataset

To facilitate progress on training large-scale foundation models for neuroscience, we release the
Neural Pile dataset. The Neural Pile consists of 476 billion tokens of spiking neural activity recorded
from rodents and primates. We make the dataset available in two separate but identically structured
Hugging Face dataset repositories, one for the rodent data and one for the primate data. Both
repositories are accessible from the following Hugging Face collection: eminorhan/neural-pile.

Data curation: Data were curated from major data hosting websites popular among experimental
neuroscience labs (specifically, the DANDI Archive, Dryad, Zenodo, Figshare, OSF, and G-Node)
through simple keyword searches. Recordings from non-primate or non-rodent species, recordings
performed under anesthesia or under unnatural stimulation conditions, and data types other than
spiking neural activity were excluded from consideration. For the DANDI Archive, we made sure
to search through the top 50 spiking activity datasets by token count (i.e. number of recorded
neurons x time bins) using the DANDI API. For the other data hosting platforms, we did not aim
to be comprehensive and we believe there is considerable room for extending the Neural Pile with
additional public datasets through more comprehensive searches in the future.

The rodent subset of the dataset consists of 441.5 billion tokens of neural data curated from a total of
18 different sources. The primate subset, on the other hand, consists of 34.3 billion tokens of neural
data curated from 23 different sources. The majority of our data come from repositories hosted on
the DANDI Archive (34 of 41 data sources). The full list of data sources for both rodent and primate
data, as well as additional information about the data from each source, can be found in Appendix A.
The data contain recordings from multiple species (human, macaque, marmoset, rat, mouse) and
multiple subjects, and cover a wide range of brain regions, stimuli, tasks, and behaviors.

In terms of token counts, the bulk of the rodent data comes from several large-scale recordings in mice
performed by the Allen Institute and the International Brain Laboratory (IBL). The rodent data also
include recordings from hippocampus and entorhinal cortex during various spatial navigation tasks;
brain-wide recordings during spontaneous behaviors; recordings from piriform cortex in response
to odors, efc. The primate data contain recordings from ventral visual areas in response to a variety
of visual stimuli (including natural images); recordings from motor and premotor cortices during a
variety of performed or attempted movements; recordings from parietal and frontal cortices during
the performance of more cognitive tasks, among many others.

Most of our component datasets are not “trial-based” (i.e. we use whole recording sessions as our
data). This constitutes an important difference between our dataset and the trial-based data used in
many earlier works (Zhang et al., 2024, 2025). In the few cases where a component dataset was
trial-based (see Appendix A), we concatenated the trials in their proper temporal order to preserve as
much temporal information as possible. We did not restrict ourselves to trial-based data, because
many of our curated datasets do not have a clear trial structure (or such information is not available in
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Figure 1: Distribution of simultaneously recorded neurons per session (a) and session lengths in
minutes (b) for the primate and rodent subsets of the Neural Pile (N = 1311 sessions for the primate
data and N = 1676 sessions for the rodent data). Inverted triangles (V) indicate the means of the
distributions. The rodent data have both a larger number of simultaneously recorded neurons per
session and longer sessions on average.

the released data), but more importantly, considering only trial-based data would throw away a huge
amount of rich information about the structure of neural activity: e.g. ongoing activity or activity
recorded during spontaneous behaviors (not task-related) displays a rich high-dimensional structure
that would be thrown away if we had only considered trial-based data (Stringer et al., 2019; Musall
et al., 2019). In fact, considering only trial-based data has arguably been the main limitation of the
previous studies training foundation models on neural data, as such trial-based data are inevitably
severely limited both in amount and in scope.

Our entire dataset generation pipeline is fully reproducible. We make the code and detailed instruc-
tions for downloading and preprocessing the individual components of the dataset and merging them
into a single dataset available in two public GitHub repositories: eminorhan/neural-pile-rodent and
eminorhan/neural-pile-primate. These repositories are intended to make it as easy as possible to
extend the Neural Pile with new datasets and we invite the users to add more datasets to it to create
ever expanding versions of it.

Data preprocessing: All data were preprocessed into the common format of discrete spike counts
from each recorded unit aggregated in 20 ms time bins. The spike count data from each experimental
recording session were stored as a uint8 array of size n x t, where n represents the number of
recorded units and ¢ is the number of time bins in that session. We refer to each element in these
arrays as an uncompressed token and the token counts reported in this paper are always in terms
of these uncompressed tokens. Although most of our data come from sorted spikes, we make no
distinction between sorted and unsorted spikes. Following common convention, we refer to the
recorded units as neurons regardless of their sorting status.

Figure 1 shows the distribution of simultaneously recorded neurons per session (n) and session
lengths (¢ converted to minutes) separately for the primate and the rodent subsets of the Neural Pile.
The rodent data have both a larger number of simultaneously recorded neurons per session (701
vs. 109) and longer sessions on average (90 vs. 66 minutes), however the difference in token counts
between the two subsets is primarily due to the first factor.

The dataset rows are pre-shuffled, so users do not have to shuffle them. In addition, we set aside 1%
of both primate and rodent subsets of the dataset as a test split and we intend this test split to be used
as a challenging neural prediction benchmark for neural foundation models.

In addition to the primary spike count data, each data row in the dataset also includes source dataset,
subject, and session information. This auxiliary information can help users split the dataset in
different ways to address different types of generalization questions in a rigorous way: for example,
investigating cross-session, cross-subject, or cross-dataset transfer. Figure 2 shows some example
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Figure 2: Example spike count arrays from the (upper row) and (lower row) subsets

of the Neural Pile. The source dataset for each spike count array is indicated in the title of the
corresponding subplot. Details about the source datasets can be found in Appendix A.

spike count arrays from the primate and rodent subsets of the Neural Pile. Appendix B contains
additional information about the dataset.

3 Models

We trained 8 billion parameter autoregressive generative models with a context length of 131072
tokens on the rodent and the primate subsets of the Neural Pile (models are available from the
following Hugging Face collection: eminorhan/neural-pile-models). The models have the same
architecture as the Llama-3.1-8B language model released by Meta (Grattafiori et al., 2024). The
only difference is in the vocabulary size: the original L1ama-3 class models use a tokenizer with a
large vocabulary size of 128k, whereas we use a much smaller vocabulary size of 256, aimed at directly
modeling the discrete spike counts without any additional tokenization stage. We thus replace the
embedding and the output layers in the original architecture with their appropriately resized versions.
We choose to operate directly on discrete spike counts without tokenization (i.e. on uncompressed
tokens), because this allows us to sidestep issues related to ensuring the generation of correctly
shaped outputs when sampling autoregressively from the model. This choice is analogous to byte-
level language modeling (Xue et al., 2022; Wu et al., 2024; Zheng et al., 2025), which is similarly
motivated by a desire to avoid tokenization artifacts and to achieve more universal applicability.
However, we encourage the users of the dataset to experiment with different tokenization schemes.
Training large-scale models with very long context windows on the complete dataset will likely
remain infeasible for academic compute budgets without some sort of tokenization that achieves
significant compression rates (lossless or lossy compression).

To feed the data to the model, we flatten the spike count arrays in column-major order (i.e. in temporal
order): first the spike counts of all neurons at ¢ = 0, followed by the spike counts of all neurons at
t = 1, etc. We separate the spike counts corresponding to different time bins in this flattened array
with a special token that is distinct from all other tokens representing the spike counts (see Figure 4
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Figure 3: (a) Cross-entropy loss on the training and test splits of the Neural Pile. The losses are
calculated on the rodent or the primate subsets of the Neural Pile. Training losses are estimated from
the last 400 training steps (~7.5B tokens). (b) Marginal token probabilities for the first five tokens
estimated over the training splits.

in Appendix C). This special token effectively functions like a “beginning-of-sentence” (bos) token
in language models and helps ensure the generation of correctly sized outputs at inference time while
generating samples from the model. To keep the model as general as possible (and strongly motivated
by the analogy with large language models), we do not explicitly feed any other auxiliary information
(such as subject or session identifiers, or the recorded areas) to the model, relying instead on the
ruthless efficiency of the language modeling objective to discover any relevant latent structure in the
data. Further training details can be found in Appendix C.

4 Results

Figure 3a shows the final training and test losses of the 8B parameter models trained on the rodent
and the primate subsets of the Neural Pile (denoted as rodent-8B-131k and primate-8B-131k,
respectively). We first observe that the rodent data seem to be more predictable than the primate
data (e.g. rodent-8B-131k vs. primate-8B-131k in Figure 3a). This is likely due to the fact that
the marginal token count distribution is more skewed for the rodent data, making the rodent data
less entropic than the primate data (Figure 3b): in particular, there is a significantly larger fraction
of zero-spike tokens, i.e. time bins with a spike count of zero, in the rodent vs. primate data (92%
vs. 85%). Secondly, we also trained n-gram models on both subsets of the data as baselines (more
specifically, we trained 1-gram and 9-gram models using Laplace smoothing) and Figure 3a compares
the performance of these n-gram models with the performance of the 8B parameter models. Even the
more expressive 9-gram model performs substantially worse than the corresponding 8B parameter
model, demonstrating that achieving high predictive performance on the Neural Pile requires more
sophisticated models that can model the long-term dependencies between tokens.

5 Discussion

We have introduced the Neural Pile, the largest public dataset of broad-coverage spiking neural
activity data released to date and 8B parameter foundation models trained on this dataset, again the
largest such models released to date. We intend the Neural Pile to be used primarily as a large-scale
pretraining dataset (similar to the large-scale text datasets like the Pile (Gao et al., 2020) that inspired
it in the first place) to train high-capacity models that can learn the rich structure of high-dimensional
neural activity across a variety of contexts. Such models would be expected to benefit neural decoding
applications in general (see Appendix D for a more detailed discussion); however, current neural
decoding tasks are likely not challenging enough to effectively leverage large-scale pretraining (Ye
et al., 2025). Developing more challenging neural decoding tasks should be a priority for future work.
In the meantime, we advocate using neural prediction, as opposed to neural decoding, as the primary
method to quantitatively evaluate large-scale neural foundation models. With its large size, long-term
temporal structure, and the wide variety of data sources, brain regions, and behaviors it represents,
the Neural Pile would serve as an ideal neural prediction benchmark for neural foundation models.
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A Individual components of the Neural Pile dataset

Table 2 and Table 3 show the full list of component datasets making up the primate and rodent
subsets of the Neural Pile dataset, respectively. In cases where the dataset already had a name, we
used the same name for it; otherwise, we used the name of the listed contact person or the name
of the first author of the paper introducing the dataset. For each dataset, we provide below some
basic information about the recorded brain region(s), as well as the task, behavior, and/or stimulus
conditions. Further details about the recordings and the underlying data from each dataset can be
obtained from the corresponding reference.

Table 2: Individual components of the subset of the Neural Pile.

Name Tokens Source Species Subjects  Sessions
Xiao 17,695,820,059 dandi:000628 macaque 13 679
Neupane (PPC) 7,899,849,087 dandi:001275 macaque 2 10
Willett 1,796,119,552  dryad:x69p8czpq  human 1 44
Churchland 1,278,669,504  dandi:000070 macaque 2 10
Neupane (EC) 911,393,376  dandi:000897 macaque 2 15
Kim 804,510,741 dandi:001357 macaque 2 159
Even-Chen 783,441,792  dandi:000121 macaque 2 12
Papale 775,618,560 g-node:TVSD macaque 2 2
Perich 688,889,368 dandi:000688 macaque 4 111
Wojcik 422,724,515  dryad:c2fqz61kb  macaque 2 50
Makin 375,447,744  zenodo:3854034 macaque 2 47
H2 297,332,736  dandi:000950 human 1 47
Lanzarini 259,179,392  osf:82jfr macaque 2 10
Athalye 101,984,317  dandi:000404 macaque 2 13
MI1-A 45,410,816 dandi:000941 macaque 1 11
M1-B 43,809,344  dandi:001209 macaque 1 12
H1 33,686,576  dandi:000954 human 1 40
Moore 30,643,839 dandi:001062 marmoset 1 1
Temmar 27,388,320 dandi:001201 macaque 1 12
Rajalingham 14,923,100  zenodo:13952210 macaque 2 2
DMEFC-rsg 14,003,818 dandi:000130 macaque 1 2
M2 12,708,384 dandi:000953 macaque 1 20
Area2-bump 7,394,070  dandi:000127 macaque 1 2
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A.1 Primate subset of the Neural Pile

Xiao: Recordings from six areas in the macaque ventral visual pathway (V1, V2 ,V4, PIT, CIT, AIT)
in response to thousands of natural images (Xiao et al., 2024).

Neupane (PPC): Recordings from the macaque posterior parietal cortex (PPC) during a mental
navigation task (Neupane et al., 2024).

Willett: Recordings from the human premotor cortex during attempted speech (Willett et al., 2023).

Churchland: Recordings from the macaque motor cortex (M1) and dorsal premotor cortex (PMd)
while performing reaching tasks with the right hand (Churchland et al., 2012).

Neupane (EC): Recordings from the macaque entorhinal cortex (EC) during a mental navigation
task (Neupane et al., 2024).

Kim: Recordings from the macaque ventral visual area V4 in response to shape and texture stimuli
(Namima et al., 2025).

Even-Chen: Recordings from the macaque dorsal premotor cortex (PMd) during cursor movement
tasks (Even-Chen et al., 2019).

Papale: Recordings from the macaque ventral visual areas V1, V4, and IT in response to ~ 22k
natural images from the THINGS dataset (Papale et al., 2025). This dataset is trial-based. We
concatenate consecutive trials end-to-end to preserve as much temporal information as possible.

Perich: Recordings from the macaque motor cortex (M1) and dorsal premotor cortex (PMd) during
reaching movements (Perich et al., 2018).

Wojcik: Recordings from the macaque prefrontal cortex (PFC) during a rule learning task (Wéjcik
et al., 2023). This dataset is trial-based. We concatenate consecutive trials end-to-end to preserve as
much temporal information as possible.

Makin: Recordings from the macaque motor cortex (M1) and sensorimotor cortex (S1) during
reaching movements (Makin et al., 2018).

H2: Recordings from the human dorsal motor cortex (“hand knob” area) during attempted handwriting
trials (Fan et al., 2023). This dataset is part of the FALCON benchmark for neural decoding
(Karpowicz et al., 2024).

Lanzarini: Recordings from the macaque premotor and motor cortex under conditions of head
restraint and free movement (Lanzarini et al., 2025).

Athalye: Recordings from the macaque premotor and motor cortex (PMd/M1) during center-out
reaching and obstacle avoidance tasks (Athalye et al., 2023).

M1-A: Recordings from the macaque motor cortex (M1) during a center-out reaching task (Rouse
and Schieber, 2015). This dataset is part of the FALCON benchmark for neural decoding (Karpowicz
et al., 2024).

M1-B: Recordings from the macaque motor cortex (M1) during a center-out reaching task (Rouse and
Schieber, 2015). Same as above, but from a different monkey. This dataset is part of the FALCON
benchmark for neural decoding (Karpowicz et al., 2024).

H1: Recordings from the human motor cortex (“hand knob” area) during the attempted control of a
prosthetic limb (Wodlinger et al., 2014). This dataset is part of the FALCON benchmark for neural
decoding (Karpowicz et al., 2024).

Moore: Recordings from the marmoset primary motor and somatosensory cortex during a naturalistic
prey capture task (Moore et al., 2024).

Temmar: Recordings from the macaque motor cortex (M1) during a self-paced finger movement
task Nason et al. (2021).

Rajalingham: Recordings from the macaque dorsomedial frontal cortex (DMFC) during a naturalistic
ball interception task (Rajalingham et al., 2025). This dataset is trial-based. We concatenate
consecutive trials end-to-end to preserve as much temporal information as possible.
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DMFC-rsg: Recordings from the macaque dorsomedial frontal cortex (DMFC) during a time-interval
reproduction task (Sohn et al., 2019). This dataset is part of the Neural Latents benchmark for neural
decoding (Pei et al., 2021).

M2: Recordings from the macaque motor cortex (M1) during a finger movement task (Nason et al.,
2021). This dataset is part of the FALCON benchmark for neural decoding (Karpowicz et al., 2024).

Area2-bump: Recordings from the macaque somatosensory area 2 during a reaching task with
perturbations (Chowdhury et al., 2020). This dataset is part of the Neural Latents benchmark for
neural decoding (Pei et al., 2021).

A.2 Rodent subset of the Neural Pile

Table 3: Individual components of the subset of the Neural Pile.

Name Tokens Source Species Subjects Sessions
VBN 153,877,057,200  dandi:000713 mouse 81 153
IBL 69,147,814,139  dandi:000409 mouse 115 347
SHIELD 61,890,305,241 dandi:001051 mouse 27 99
VCN 36,681,686,005 dandi:000021 mouse 32 32
VCN-2 30,600,253,445 dandi:000022 mouse 26 26
V2H 24,600,171,007 dandi:000690 mouse 25 25
Petersen 15,510,368,376  dandi:000059 rat 5 24
Oddball 14,653,641,118 dandi:000253 mouse 14 14
I1lusion 13,246,412,456  dandi:000248 mouse 12 12
Huszar 8,812,474,629  dandi:000552 mouse 17 65
Steinmetz 7,881,422,592  dandi:000017 mouse 10 39
Finkelstein 1,313,786,316  dandi:000060 mouse 9 98
Giocomo 1,083,328,404 dandi:000053 mouse 34 349
Steinmetz-2 684,731,334  figshare:7739750 mouse 3 3
Mehrotra 465,402,824  dandi:000987 mouse 3 14
Turilli 388,791,426  dandi:000931 mouse 1 1
Gonzalez 366,962,209  dandi:000405 rat 5 276
Li 260,807,325 dandi:000010 mouse 23 99

Visual Behavior - Neuropixels (VBN): Large-scale recordings from the mouse visual cortical areas,
including VISp, VISI, VISal, VISrl, VISam, and VISpm and several subcortical areas, including
visual thalamic areas LGd and LP as well as from the hippocampus and midbrain (up to 6 probes at a
time). The task is a visual change detection task (Allen Institute for Brain Science, 2022).

International Brain Laboratory (IBL) - Brain-wide map: Brain-wide recordings from mice
during a decision-making task with sensory, motor, and cognitive components (International Brain
Laboratory et al., 2023).

SHIELD: Simultaneous recordings from multiple cortical and subcortical areas in mice during a
visual change detection task closely related to the VBN task above (Bennett et al., 2024).

Visual Coding - Neuropixels (VCN): Simultaneous recordings from multiple cortical and subcortical
areas in mice in response to a variety of visual stimuli (Allen Institute for Brain Science, 2019).

Visual Coding - Neuropixels (VCN-2): Simultaneous recordings from multiple cortical and subcor-
tical areas in mice in response to a variety of visual stimuli (Allen Institute for Brain Science, 2019).
Same task and recording conditions as above.

Vision2Hippocampus (V2H): Simultaneous recordings from multiple cortical and subcortical areas
in mice in response to a variety of visual stimuli (Mehta et al., 2025).

Petersen: Recordings from the rat hippocampus during a spatial navigation task (includes recordings
made when the medial septum was cooled) (Petersen and Buzséki, 2020).

Oddball: Simultaneous recordings from multiple cortical areas in mice in response to simple visual
stimuli (Westerberg et al., 2024).
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Illusion: Simultaneous recordings from multiple visual cortical areas (V1, LM, RL, AL, PM, AM) in
mice in response to illusory contour stimuli (Shin et al., 2023).

Huszar: Recordings from the CA1 region of mouse hippocampus during a spatial alternation task in
a figure-eight maze (Huszar et al., 2022).

Steinmetz: Brain-wide recordings from mice during a perceptual decision-making task (Steinmetz
et al., 2019).

Finkelstein: Recordings from the anterior lateral motor cortex and the vibrissal sensory cortex of
mice trained to detect optogenetic stimulation of the vibrissal sensory cortex (Finkelstein et al., 2021).

Giocomo: Tetrode recordings from the medial entorhinal cortex in mice during open field navigation
and Neuropixels recordings from the medial entorhinal cortex in mice during navigation down a
virtual linear track (Mallory et al., 2021).

Steinmetz-2: Brain-wide recordings from mice with eight Neuropixels probes during spontaneous
behaviors (Stringer et al., 2019).

Mehrotra: Recordings from the mouse retrosplenial cortex during sleep and open field exploration
(Mehrotra et al., 2024).

Turilli: Recordings from the mouse piriform cortex in response to odors under different inhalation
speeds (Dehaqani et al., 2024).

Gonzalez: Recordings from the rat parahippocampal cortex during a memory-guided spatial naviga-
tion task (Gonzalez and Giocomo, 2024).

Li: Recordings from the mouse anterior lateral motor cortex (ALM) during a whisker-based object
location discrimination task (Li et al., 2015).

A.3 License information

All datasets deposited on the DANDI Archive have a CC BY 4.0 license. Among the primate datasets
that are not hosted on the DANDI Archive, Willett and Wojcik are in the public domain (CCO0); Papale
and Makin have CC BY 4.0 licenses; Rajalingham has a CC BY-NC-ND 4.0 license. We could not
obtain license information regarding the Lanzarini dataset. Among the rodent datasets that are not
hosted on the DANDI Archive, Steinmetz-2 have a CC BY-NC 4.0 license. Please follow the source
links provided in Table 2 and Table 3 above for more detailed license information.

B Further details about the dataset

Naming: We chose the name The Neural Pile as a tribute to The Pile (Gao et al., 2020), one of
the first large-scale, diverse, high-quality, and open text datasets for language modeling. The Pile
launched the development of the first generation of open large language models. We hope that the
release of The Neural Pile will similarly spark community interest in developing large-scale open
foundation models for neuroscience.

Storage requirements: The spike count arrays are stored in uint8 format. The choice of uint8
data type gives us sufficient range for the lossless representation of all our spike count data while
minimizing the memory requirements for storage. The rodent subset of the Neural Pile takes up
about 47 GB when stored as parquet files and 443 GB when stored as memory-mapped arrow files;
the primate subset, on the other hand, takes up about 6 GB when stored as parquet files and 34
GB when stored as memory-mapped arrow files. The local caching system of the Hugging Face
datasets library uses arrow files for storage, so users will need to have a minimum of 477 GB of
free disk space in order to cache the entire Neural Pile dataset on disk (recommended).

Splitting of long recording sessions: When creating the dataset rows, instead of storing each
session as a single row, we split long recording sessions (where the spike count array was larger
than 10M tokens) into smaller equal-sized chunks of no more than 10M tokens each. For a 100-
neuron recording, this roughly corresponds to 2000 second long chunks; whereas for a 1000-neuron
recording, it corresponds to 200 second long chunks, so even for sessions with a large number of
simultaneously recorded neurons, a substantial amount of temporal information (on the order of
100 seconds) is still preserved in each chunk. In our experience, splitting long sessions into smaller
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Figure 4: Spike count arrays (left) are flattened in column-major order and spike counts corresponding
to different time bins are separated with a special token (represented by the red bos token).

chunks in this way makes data loading more efficient and prevents memory errors when creating
Hugging Face dataset classes and pushing them to the Hugging Face Hub. The 10M-token long data
rows and the relatively long-term temporal information contained in each row also make our dataset
potentially suitable as a benchmark for long context training and evaluation. We expect techniques
developed for efficient long context training on, for example, DNA data (Nguyen et al., 2023a) to be
effective for our temporally extended spike count data as well.

C Further details about the models and training

Training infrastructure: The models were trained on an HPE Cray EX254n supercomputer with
168 NVIDIA GH200 superchips (42 nodes connected with Slingshot-11 interconnect x 4 GH200s on
each node with each GH200 having 96 GB HBM3 high-bandwidth GPU memory). For training each
model, we used a total of 128 superchips across 32 nodes of the system.

Parallelisms: We observed that fully-sharded data parallelism (FSDP), without any additional
parallelization techniques, was sufficient to train our 8B parameter models with a context size of
131072 tokens. To be able to train the models efficiently at scale, in addition to FSDP, we also
utilized full activation checkpointing, bf16 mixed precision training, and the Hopper-optimized
FlashAttention-3 kernels for the self-attention computations (Shah et al., 2024).

Implementation: To train the models, we used a customized version of the torchtitan library
(Liang et al., 2024), a lightweight, PyTorch-native distributed training framework. The training code
is available at: eminorhan/gpt-neuro-arch with detailed instructions for full reproduction.

Context length & batch size: The models were trained with a context length of 131072 tokens and
they consumed 17M tokens globally per training step: i.e. 128 data-parallel ranks (FSDP) x local
batch size of 1 per data-parallel rank x 131072 token context length. Each training step took around
53 seconds to complete and we were able to achieve a very respectable model FLOPS utilization
(MFU) rate of around 62% consistently throughout training. The context length of 131072 tokens is
large enough to span 26.2 seconds of recording for a 100-neuron recording, and 2.6 seconds for a
1000-neuron recording.

Training objective: We used the cross-entropy loss to train the models autoregressively, minimizing
the mean cross-entropy between the actual and predicted tokens for each token, given all previous
tokens in the flattened input sequence. Cross-entropy loss enjoys the advantage of greater expressivity
over the popular Poisson negative loglikelihood loss used in most of the prior work (Ye et al., 2023;
Zhang et al., 2024, 2025). Cross-entropy loss assumes that the underlying distribution of the discrete
count variable is a categorical distribution. In effect, this allows us to model the whole distribution
over the discrete count variable non-parametrically rather than assuming that it is Poisson. Over a
finite range, categorical distribution is thus strictly more general than Poisson: for instance, Poisson
cannot model multimodal count distributions, but a categorical distribution can.

Learning rate schedule: We used the AdamW optimizer (Loshchilov and Hutter, 2017) with a
linear learning rate schedule to train the models. For the rodent model, the learning rate was linearly
warmed up to a maximum of 0.0003 over the initial 1000 training steps, after which it decayed back
to O linearly over 74000 training steps. For the primate model, the learning rate was similarly warmed
up to a maximum of 0.0003 over the initial 1000 training steps, after which it decayed back to 0
linearly over 24000 training steps.
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D The case for large-scale datasets and foundation models for neuroscience

The case for large-scale, high-dimensional, rich datasets and high-capacity foundation models for sys-
tems neuroscience largely rests on the analogy with large language models and foundation models in
other scientific domains, where the push for larger datasets and bigger models resulted in increasingly
capable models and sometimes in surprising emergent capabilities (Hestness et al., 2017; Hoffmann
et al., 2022; Wei et al., 2022). It is reasonable to expect a similar development in neuroscience with
increasingly capable and useful foundation models as the data size, the dimensionality or the richness
of the data, and the model size are all scaled up. Unlike for large language models, however, in
neuroscience the data size and dimensionality are bound by the neural recording technology and this
is likely to be a more significant constraint than compute in scaling up neural foundation models in the
long term. For example, Stevenson and Kording (2011) estimate that the number of simultaneously
recorded neurons doubles only every ~ 7 years or so, whereas currently the doubling time for GPU
FLOPS is probably closer to ~ 1 year (“Huang’s law”’) (Hobbhahn and Besiroglu, 2022).

We envision several promising use cases for large-scale datasets and foundation models in neuro-
science in the coming years and decades. Some of these use cases are likely already feasible to some
extent with the current technology, while others (especially the last two below) may require further
advances in recording technology to enable denser sampling of neural activity in primates under more
natural conditions.

Brain-computer interfaces: High-capacity models trained with large amounts of neural data would
be expected to improve the performance, robustness, and versatility of brain-computer interfaces
(BClIs) and neuroprosthetics. BCIs, in general, involve mapping neural activity to external signals,
e.g. inputs to an electronic device, such as a computer or a speech synthesizer. A high-capacity model
with fine-grained knowledge of the semantics of neural activity (i.e. what precisely different patterns
of neural activity mean and how their meanings relate to each other) could facilitate the learning
of fine-grained, complex mappings between neural activity and external signals, analogous to how
pretrained large language models facilitate the execution of various downstream tasks, often to such
an extent that they obviate the need for learning the downstream task altogether by being able to
perform it zero-shot. Similar “zero-shot BCIs” may be feasible in the future with highly capable
neural foundation models.

Digital twins of the brain: A model that can mimic the responses of a neural system well enough
under a sufficiently broad range of conditions can serve as a digital twin of that system. We can
expect high-capacity models trained with large amounts of relevant neural data to be able to function
as digital twins in this sense. Digital twins of neural systems can help reduce the amount of animal
experimentation, speed up the process of hypothesis generation and testing for neuroscientists, and
thus facilitate scientific discoveries and treatments for brain disorders.

Neural data for inducing capabilities in machine learning models: Large-scale recordings of
neural activity can also potentially be useful as an unorthodox source of data for inducing various
perceptual, cognitive, and motor capabilities in machine learning models. The basic idea here is that
neural activity contains a direct and detailed imprint of how the brain solves important perceptual,
cognitive, and motor problems in the real world. The computational mechanisms and algorithmic
details manifest in this imprint can be distilled into a machine learning model facing similar problems
by training it to emulate the neural activity. This can be particularly valuable in domains where the
solutions are difficult to verbalize precisely, such as learning a perceptual or motor skill.

Neural data for inducing alignment in machine learning models: Similar to the reasoning behind
the previous use case, Mineault et al. (2024) recently argued that neural data and emulation of
neural data could potentially be used to induce better alignment with human values, judgments, and
preferences in machine learning models.
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