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ABSTRACT

High-resolution neural datasets enable foundation models for the next generation of brain-computer
interfaces and neurological treatments. The community requires rigorous benchmarks to discriminate
between competing modeling approaches, yet no standardized evaluation frameworks exist for
intracranial EEG (iEEG) recordings. To address this gap, we present Neuroprobe: a suite of decoding
tasks for studying multi-modal language processing in the brain. Unlike scalp EEG, intracranial
EEG requires invasive surgery to implant electrodes that record neural activity directly from the brain
with minimal signal distortion. Neuroprobe is built on the BrainTreebank dataset, which consists
of 40 hours of iEEG recordings from 10 human subjects performing a naturalistic movie viewing
task. Neuroprobe serves two critical functions. First, it is a mine from which neuroscience insights
can be drawn. The high temporal and spatial resolution of the labeled iEEG allows researchers to
systematically determine when and where computations for each aspect of language processing occur
in the brain by measuring the decodability of each feature across time and all electrode locations.
Using Neuroprobe, we visualize how information flows from key language and audio processing sites
in the superior temporal gyrus to sites in the prefrontal cortex. We also demonstrate the progression
from processing simple auditory features (e.g., pitch and volume) to more complex language features
(part of speech and word position in the sentence tree) in a purely data-driven manner. Second, as the
field moves toward neural foundation models trained on large-scale datasets, Neuroprobe provides a
rigorous framework for comparing competing architectures and training protocols. We found that
the linear baseline on spectrogram inputs is surprisingly strong, beating frontier foundation models
on many tasks. Neuroprobe is designed with computational efficiency and ease of use in mind. We
make the code for Neuroprobe openly available and maintain a public leaderboard of evaluation
submissions at https://neuroprobe.dev, aiming to enable rapid progress in the field of iEEG
foundation models. Code available at: https://github.com/azaho/neuroprobe

1 Introduction

The human brain constantly engages in a variety of simultaneous processing tasks: parsing speech, interpreting dynamic
visual scenes, performing social reasoning, and integrating multi-modal sensory information (Schurz et al.| [2014)).
However, our understanding of how this processing is organized across time and brain regions remains incomplete, and
decoding the contents of these computations in the brain remains a difficult task (Paninski & Cunninghaml 2018)). A
central challenge is that traditional approaches have been limited by small-scale datasets and simplified experimental
paradigms that isolate individual tasks (Nastase et al.,|2020), rather than study tasks concurrently.

Recent advances in data collection have created new opportunities to address these limitations through large-scale human
intracranial electroencephalography (iEEG) datasets (Peterson et al., 2022 [Evanson et al., 2025} |Zada et al.| 2025}
Wang et al} |2024). These datasets, collected from neurosurgical patients undergoing clinical monitoring, approach
the data volumes that have enabled breakthroughs in other domains of machine learning. Intracranial EEG differs
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Figure 1: Overview of Neuroprobe's goals. Neuroprobe consists of classi cation tasks derived from human intracranial
recordings aligned with annotated stimuli. It serves two critical roles: rst, by performing a decoding analysis for each
task, we can localize various aspects of multimodal language processing in the brain and discover their time evolution.
Second, Neuroprobe is a rigorous, standardized benchmark for evaluating neural decoding models, which lls a critical
need for the IEEG foundation model community.

substantially from scalp EEG. While scalp EEG suffers from signi cant signal distortion as neural activity passes
through the skull, cerebrospinal uid, and scalp tissties (Nunez & SriniVasan, 2006), iEEG electrodes record directly
from the brain surface or within brain tissue, offering a substantially higher- delity signal. For example, intracranial
EEG preserves high-frequency bands (e.g., high-gamma activity above 70 Hz) that are largely lost in scalp EEG due to
Itering and noise [(Ray & Maunsell, 2011; Lachaux el al., 2012). These high-frequency signals are closely linked to
local computation and population spiking, making intracranial recordings essential for many decoding tasks.

The emergence of foundation models of neural activity offers new possibilities for leveraging these large-scale iEEG
datasets. Recent developments such as Neuroformer (Antoniadés et al., 2024), BrainBERT (Wang et al., 2023), PopT
(Chau et all, 2024), STNDT (Le & Shlizerman, 2022), ND[T2 (Ye ef al., 2023), MBrain (Cal et al., 2023), Brant|(Zhang

et al|, 2023), MtM|(Zhang et a|., 2024b), and POYO (Azabou et al.,[2023), and others demonstrate the potential for
self-supervised learning approaches to extract meaningful representations from neural data. These foundation models
achieve superior decoding performance across multiple tasks, which directly translates to increased statistical power for
experiments that identify when and where speci ¢ cognitive processes occur in the brain. Similar probing experiments
have been previously used successfully in the eld of machine learning interpretability to reverse engineer neural
networks by identifying where certain features of stimuli rst become decodable (Tenne) et al.| 2019; Alain &|Bengio,
2016). Performant iEEG foundation models have the potential to unlock novel insights about the brain, as well as
enable the next generation of brain-computer interfaces and neurological treatments.

However, the IEEG community currently lacks the standardized evaluation frameworks necessary to rigorously compare
these emerging approaches. For example, a recent review by Kuruppu et al. (2025) identi es this lack of common
standardized evaluation and stresses that establishing a common benchmark is essential for comparing the performance
of EEG foundation models performance and measuring advances in the eld.

To address these critical gaps, we introduce Neuroprobe, a benchmark that is designed both to be a setting in which
neuroscience probing experiment may be run and as a measure of progress in the eld of IEEG foundation models
(Figure[1). Our benchmark is derived from the publicly available BrainTreebank dataset (Wang et al., 2024), which
consists of intracranial neural recordings aligned with the corresponding movie stimuli. Neuroprobe turns this dataset
into a benchmark by de ning 15 decoding tasks that span the audio, vision and language domains.

We have designed Neuroprobe to be computationally ef cient and convenient for use by members of the machine
learning community, even if they do not have deep domain expertise in neuroscience. By lowering the barrier of entry,
we hope to create a healthy community and attract more researchers to these important problems. We standardize a
number of aspects of the benchmark. We select train/test splits in a variety conditions: from training and testing on the
same subject and session, to doing cross-subject and cross-session decoding. Finally, we host a centralized website that
aggregates results, and displays a leaderboard that tracks progress in decoding performance of IEEG foundation models.

In summary:

1. We introduce Neuroprobe, a large-scale multitask decoding benchmark for human intracranial EEG.
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Figure 2: From raw data to decoding tasks. As part of the BrainTreebank dataset, 26 movies (left) are watched by 10
patients with stereoelectroencephalography intracranial electrodes implanted in various brain regions (middle), and the
local eld potential from the implanted electrodes is recorded (right). Neuroprobe turns this dataset into a standardized
evaluation benchmark by segmenting the aligned data into various audio, language, and vision decoding tasks, such as
volume, pitch, average frame brightness, etc.

2. We standardize splits and metrics to rigorously evaluate iEEG foundation models and encourage their develop-
ment in a direction which bene ts decoding across many tasks.

3. We establish a set of strong baselines and compute the performance of state-of-the-art models on Neuroprobe.

4. Using Neuroprobe, we visualize the spatial distribution of different task processing pathways in the brain, and
track their evolution across time.

In the long run, we aim for Neuroprobe to enable measurable progress in the eld of iIEEG foundation models, and lead
to an improved understanding of the computations behind multi-modal sensory processing in the brain.

2 Related work

Neural recording datasets The most recently developed models for neural data have relied on several widely
accessible datasets. For non-invasive scalp EEG decoding, datasets from Zheng & Lu (2015); Grootswagers et al.
(2022); Bhattasali et al. (2020); Tangermann et al. (2012); Obeid & Picone (2016); Broderick et al. (2018); Brennan &
Hale (2019) have been used in the construction of models such as those proposed by Jiang et al. (2024); Yang et al.
(2023); Défossez et al. (2023). For fMRI decoding, (Wehbe et al., 2014; LeBel et al., 2023; Nastase et al., 2021; Li et al.,
2022; Allen et al., 2022) have led to models such as those proposed by Scotti et al. (2024); Ozcelik & VanRullen (2023).
For MEG decoding, Jan-Mathijs et al. (2019); Hebart et al. (2023) released data that have supported training of models
such as those proposed by Défossez et al. (2023); Benchetrit et al.. For neural spike decoding, data by Perich et al.
(2025); Churchland et al. (2024); Manley et al. (2024); IBL (2024) enabled foundation models such as POYO and NDT
(Azabou et al., 2023; Zhang et al., 2024a). Finally, for broadband intracranial neural activity, datasets from (Peterson
et al., 2022; Wang et al., 2024; Nejedly et al., 2020) have fueled the development of iEEG foundation models proposed
by Peterson et al. (2021); Wang et al. (2023); Chau et al. (2024); Yuan et al. (2024); Zhang et al. (2023). However,
these datasets do not provide rigorous splits or testing guidelines, so each model is dif cult to compare to others.

Existing neural data benchmarks Inthe eld of machine learning for neuroscience, benchmarks exist across various
neural data modalities. Some of the earliest involve EEG BCI decoding (Tangermann et al., 2012), but are limited
in data quality and scale by today's standards. The NaturalScenesDataset (Allen et al., 2022) includes standardized
splits, but uses fMRI data, a non-invasive modality that suffers from extremely low temporal resolution, and focuses
mainly on visual processing. The clinical-grade Temple University Hospital EEG dataset (Obeid & Picone, 2016)
can also be used as a benchmark, but it only contains scalp EEG data, and its labels are limited to seizure detection.
Benchmarks for single-unit neural spiking data are proposed by Pei et al. (2021); Karpowicz et al. (2024); Willett et al.
(2023); Lueckmann et al. (2025), but they only contain spiking information rather than broadband signals from iEEG
that capture more aggregated neural activity (Parvizi & Kastner, 2018).

To our knowledge, Neuroprobe is the rst standardized benchmark for high delity intracranial EEG signals.
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