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Abstract

Understanding how the brain supports natural behavior is an increasingly cen-
tral goal in human neuroscience. Recordings from human neurosurgical patients
with intracranial EEG electrodes offer direct access to widespread electrical ac-
tivity in the brain during a variety of behaviors over extended times. Despite
the progress in the field, utilizing these recordings at scale to identify the neural
underpinnings of natural human behavior remains difficult due to variability in
electrode placement, channel geometry, and behavioral diversity across partici-
pants and sessions. To address these challenges, we introduce a self-supervised
framework for multi-participant intracranial neural data. We use a Perceiver-based
architecture to reconstruct masked channels of neural activity from unmasked
channels using learnable embeddings of the channel identity and contextual infor-
mation, capturing inter-channel dependencies without requiring labels. Finetuning
of our self-supervised model has improved the decoding performance on a panel of
downstream tasks, highlighting the potential of self-supervised learning to enable
general-purpose neural decoding and support scalable integration of naturalistic
human brain recordings.

1 Introduction

Intracranial electroencephalography (iEEG), including electrocorticography (ECoG) and stereotactic
EEG (sEEG), yields high-resolution recordings of human brain activity with broad clinical and
scientific utility [16]. iEEG recordings have become a technique of choice in neurosurgery due
to their ability to measure human brain activity with higher resolution compared to non-invasive
recordings such as EEG and MEG [3, 15, 7, 8, 13, 6]. Recent advances in data collection have
made it possible to record from dozens of individuals over extended periods, capturing everyday,
non-stereotyped behavior in hospital rooms, homes, and research settings [18, 4, 19]. These datasets
open new opportunities for developing machine-learning models that can learn from large-scale,
heterogeneous neural data without requiring rigid task structures or behavioral labeling [9, 23].

Self-supervised learning (SSL) has emerged as a tool for learning representations from neural data
without labels. Prior work has shown that masking segments of neural activity and reconstructing
them helps uncovering latent dynamics of neural activity [24, 26] and that predictive objectives across
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Figure 1: Overview of our masked channel modeling framework. During pretraining, a subset of iEEG
channels is masked, and the model learns to reconstruct their activity using contextual information from the
unmasked channels via learnable channel embeddings. A Perceiver-based encoder integrates spatial and temporal
context across channels using cross-attention and learnable latent tokens.

time or modalities can support decoding in continuous behavior [17, 5]. These approaches, however,
have largely focused on experimental settings with short recordings and stereotyped behaviors. The
models developed to analyze these data may not be compatible with multi-source unlabeled data
collected from patients who were not instructed to behave in accordance with any particular task.

To address this gap, we propose a SSL approach for iEEG data called Charmander (CHAnnel
Masking AND Reconstruction). In our approach, we mask subsets of channels and reconstruct their
activity from the surrounding context. This formulation uses a Perceiver-based architecture [10]
that compresses information from unmasked channels into a shared latent space and queries it
using learnable channel embeddings. This combination enables the model to learn from large-scale
unlabeled recordings while capturing spatial and functional relationships across brain regions and
patients.

We evaluate our method on two large-scale iEEG datasets: AJILE12 [18] and the Brain Treebank [22].
Together, these datasets span 20+ participants and over 1,000+ hours of brain activity across different
electrode configurations. We finetune our pretrained model on a set of downstream tasks and show
that our self-supervised framework can learn transferable population-level neural representations that
scale across individuals, tasks, and recording contexts.

Our main contributions are as follows:

• A general and scalable SSL framework for iEEG. We present a self-supervised learn-
ing framework that enables pretraining directly on raw, unlabeled intracranial recordings,
accommodating variable electrode configurations and recording conditions.

• A novel channel-level masking task for neural data. We introduce a self-supervised objec-
tive, designed for large-scale neural data, where entire recording channels are masked and
reconstructed by querying a compressed latent space using learnable channel embeddings.

• Improved generalization through scale and cross-task transfer. We show that our model
benefits from scaling to longer recordings and more participants, increasing the performance
on downstream tasks. The finetuned models outperform supervised and self-supervised
baselines across modalities, sessions, and tasks, from in- and out-of-distribution settings.

2 Methods

We propose a model consisting of a neural activity tokenizer and a Perceiver-based encoder. We
pretrained our model on unlabeled iEEG data using a self-supervised reconstruction objective and
finetuneed it on downstream tasks. Below we detail the steps in this pipeline (Figure 1).

Data For each patient, we used iEEG recordings consisting of multivariate time-series where
channels were derived from individual contacts on electrodes in the patient’s brain. The placement of
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the electrodes was determined by the clinical need, e.g. seizure localization for patients with epilepsy,
and was fixed across long-term continuous recordings and across days; the electrode locations varied
across patients. Raw voltage traces were recorded from the iEEG electrode contacts, corresponding
to the bulk neural activity within the respective regions of the brain. Each channel j contained a
univariate time series representing the continuous voltage signal sampled at a frequency f . For the
datasets used in our work, the sampling rate was fixed across electrode types, patients, and time, but
varied across datasets (Appendix A).

Tokenizer To process large data arrays of high-resolution iEEG signals, we split them into fixed-
sized segments (temporal patches) pij =

�
uiP;j ; uiP +1;j ; : : : ; u(i+1)P−1;j

�⊤ 2 RP . Here ut;j

is the raw voltage amplitude of channel j at timestep t and P is the fixed size of a patch. Over T
time-steps we obtained N =

�
T
P

�
patches which were then projected onto a shared embedding space

Rd using a learnable projection matrix Wp 2 Rd×P .

Taking inspiration from Poyo+ [2], we combined the patch embeddings of neural activity with
information about the corresponding channel identity and recording time as follows. For each patch
pij , where i 2 [0; : : : ; N � 1] and j 2 [0; : : : ;K � 1], we concatenated the projection of the neural
activity Wppij with a learned embedding of the channel identity cj 2 Rd, unique for each of the
K channels but constant in time, to form a joint embedding xij = Concat

�
Wppij ; cj

�
. Relative

timing information was incorporated by linking the resulting embedding xij with a (2d)-dimensional
sinusoidal rotary embedding tij [20], derived from the center time-step of the patch relative to the
beginning of the context window, to form a token (xij ; tij). We flattened all the tokens into a single
sequence to be provided as input to the Charmander encoder, described below.

Encoder To transform the tokens of neural activity to compressed low-dimensional representations
that would enable the decoding of behavioral variables in downstream tasks, we used the Poyo+ en-
coder, featuring a Perceiver-based architecture with linear-time compute complexity w.r.t. the context
window size. It computes cross-attention between the neural data and a low-dimensional set of learn-
able latents which, similar to the input iEEG tokens, were formed as all possible concatenations of H
d-dimensional feature embeddings (“virtual channels”) and M d-dimensional sinusoidal temporal
embeddings (“virtual timestamps”). The result was a H �M grid of d-dimensional embeddings
where H � K and M � N . Each of these H �M latent embeddings served as a query to attend
to iEEG activity tokens (serving as keys and values) using rotary [20] cross-attention. After this
step, the architecture consisted of standard Transformer blocks performing rotary [20] self-attention,
keeping the data within the dimensionality of the latent space.

A novel masking-based pretraining objective To capture population-level structure in neural
neural activity dynamics across the spatially distributed electrodes, we randomly masked subsets of
channels and trained the model to reconstruct their voltage signals, based on their learned channel
embeddings, from the remaining unmasked channels. We randomly masked a subsetM of input
channels and passed the unmasked tokens (xij ; tij) for j =2M as inputs to the Charmander encoder.
To reconstruct each masked token, we formed a query using the corresponding channel embedding
cj and its associated timestep tij omitting the raw signal pij . We passed these tokens, along with
the outputs of the Charmander encoder, through a single cross-attention decoder block, and finally
through a linear projection to predict the raw voltage values for each masked channel. The model
was trained using the mean squared error (MSE) loss on the differences between the predicted (ût;j)
and the actual (ut;j) voltages.

3 Results

We evaluated the pretrained models on several downstream tasks, spanning classification of activities
of daily living and auditory or lingual feature decoding tasks during movie-watching.

Self-supervised pretraining improves decoding of human behavior from neural activity To
quantify the effect of self-supervised pretraining on the model’s performance in downstream tasks, we
implemented a behavioral classification task using labels from the AJILE12 dataset [18] describing
activities of daily living (Appendix A.1) with simultaneous iEEG recordings (primarily ECoG). We
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Table 1:Human activity decoding from neural data. F1-scores from a 5-way multilabel classi�cation task
after either end-to-end supervised training, or self-supervised pretraining and �netuning. Results are reported
for three patients (P2, P3, P4). We test in three settings:same session(test data comes from same sessions
used during pretraining of SSL models);novel �netuned (more clinically relevant setting where test data comes
from sessions held-out of pretraining); andnovel zero-shot(same as �netuning across sessions, except models
trained/�netuned on held-in sessions are directly inferred on new sessions). Reported errors are SEM.

Model
Same session Novel �netuned Novel zero-shot

P2 P3 P4 P2 P3 P4 P2 P3 P4

S
up

er
vi

se
d MLP 0.189� 0.008 0.301� 0.022 0.260� 0.009 0.251� 0.007 0.256� 0.047 0.300� 0.017 0.252� 0.006 0.268� 0.045 0.300� 0.015

TCN 0.196� 0.016 0.457� 0.044 0.277� 0.025 0.286� 0.078 0.545� 0.036 0.445� 0.035 0.065� 0.009 0.240� 0.014 0.353� 0.015

Seegnificant [12] 0.437� 0.004 0.581� 0.004 0.500� 0.015 0.539� 0.007 0.778� 0.007 0.654� 0.008 0.281� 0.009 0.251� 0.003 0.404� 0.015

Seegnificant [12] (MP3) 0.431� 0.009 0.596� 0.009 0.594� 0.008 0.569� 0.010 0.795� 0.001 0.639� 0.018 0.274� 0.010 0.277� 0.007 0.448� 0.025

Poyo+ [1] 0.447� 0.011 0.597� 0.062 0.682� 0.022 0.611� 0.012 0.838� 0.010 0.707� 0.024 0.196� 0.013 0.188� 0.020 0.441� 0.017

Poyo+ [1] (MP3) 0.425� 0.011 0.614� 0.063 0.671� 0.033 0.592� 0.020 0.793� 0.034 0.668� 0.010 0.262� 0.011 0.259� 0.027 0.489� 0.000

S
S

L

PopT [5] 0.384� 0.007 0.478� 0.008 0.444� 0.012 0.510� 0.013 0.628� 0.012 0.572� 0.012 0.240� 0.010 0.414� 0.002 0.467� 0.004

PopT[5] (MP3) 0.385� 0.005 0.519� 0.003 0.478� 0.005 0.518� 0.015 0.690� 0.007 0.608� 0.007 0.246� 0.012 0.476� 0.008 0.487� 0.003

Charmander 0.498� 0.001 0.629� 0.126 0.748� 0.024 0.620� 0.002 0.830� 0.009 0.695� 0.009 0.245� 0.017 0.266� 0.018 0.522� 0.009

Charmander(MP3) 0.491� 0.006 0.644� 0.117 0.717� 0.052 0.597� 0.004 0.836� 0.009 0.793� 0.006 0.245� 0.006 0.248� 0.002 0.550� 0.001

Charmander(MP8) 0.525� 0.002 0.672� 0.128 0.768� 0.028 0.625� 0.023 0.869� 0.001 0.715� 0.025 0.317� 0.002 0.316� 0.005 0.558� 0.010

framed the task as a multilabel classi�cation problem with 5 activity labels: sleeping/resting, eating,
talking, using a computer/phone, and watching TV.

To ensure that potential SSL-related gains in the decoding performance ofCharmander(our model)
are not trivial, we �rst ensured that thePoyo+ model itself, using supervised learning alone, delivers
high performance on our task. We hypothesized that its performance may be high becausePoyo+ has
previously shown state-of-the-art (SOTA) results on various decoding tasks from electrophysiology
and optophysiological recordings [1][2]. We thus used our task to evaluatePoyo+'s performance and
to compare it to several baselines, including simple supervised models (MLP, TCN) and a prior SOTA
supervised model (Seegnificant [12]) speci�cally for iEEG recordings. As an additional baseline,
we have also considered a recent SOTA self-supervised model for iEEG (PopT[5]). We found that
among these baselines, the best performance was delivered by supervised models, speci�cally by
Poyo+ and closely followed bySeegnificant (Table 1).

We then evaluated the impact of SSL on the downstream performance in the classi�cation of behav-
ioral activities. To this end, we compared our method,Charmander, which includes SSL pretraining,
to Poyo+, its direct counterpart that only involves supervised training. To evaluate the impact of SSL
across different training regimes, we considered the models trained on single-patient and multi-patient
(MP3, 3 patients) data. We found that in both cases SSL has led to an improvement of the decoding
accuracy (Table 1).

Finally, we extended our evaluation to a setting re�ecting a distribution shift in the data: novel
recording sessions held-out of pretraining. Starting from the models trained on held-in sessions
(either from scratch or �netuned), we further �netuned on the new sessions and found consistent
improvement in decoding accuracy due to our SSL framework. Then, we evaluated whether the
learned representations were robust to the distribution shifts without any additional training (zero-
shot) and found a similar pattern for two out of the three patients whose data we evaluated on. Overall,
our results suggest that the SSL pretraining is bene�cial even on out-of-distribution data.

Figure 2: Impact of the number of pa-
tients and sessions on decoding.Here we
used frozen weights from pretrained models
at varying data scale, and each model was
evaluated on shared test splits.

Scaling numbers of patients and sessions improves gen-
eralization To understand how varying the data volume
in�uences the ability of the model to generalize to new
sessions, we considered different con�gurations of multi-
participant pretraining where we scaled the number of
participants and the amount of per-participant data. We
sought to assess properties of the learned representations
in all models using the same novel zero-shot evaluation
on held-out sessions as was done when comparing to base-
lines. To this end, we normalized F1 scores by the mini-
mum score per patient and took the average across patients.
We found that improvements came with the increased data
scale when suf�cient data was used per-patient (Figure 2).
Refer to Appendix A.1.3 for details on the pretraining
scales. Note that the model size was �xed to 8M param-
eters (see Appendix B.2) for all data scales.
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Our model sets a new SOTA performance on low-level acoustic feature classi�cation tasks
To contextualize the performance ofCharmander, we tested it in the settings used in other works,
namely on the Brain Treebank dataset [22]. We evaluatedCharmanderon the same task suite and
splits as in [5] which included four auditory/linguistic feature decoding tasks: (1) pitch classi�cation,
(2) volume classi�cation, (3) sentence onset detection, and (4) word onset detection (Appendix A.2).
All tasks involved binary classi�cation and performance was measured in terms of AUROC. The data
was recorded from patients watching movies with simultaneously recorded iEEG (exclusively sEEG)
signals. Our model outperforms all considered baselines on low-level acoustic feature classi�cation
tasks, namely pitch and volume (Table 2). For higher-level linguistic segmentation,Charmander
achieves performance comparable toPopTon word onset detection and matchesBrant on sentence
onset detection. Overall, these results show that our framework generalizes across tasks, brain regions,
and recording modalities.

Table 2:Feature decoding from the Brain Treebank.Results are shown for four different downstream tasks,
spanning audiory and lingual feature decoding during movie-watching, and compared across SOTA methods.
Baseline results (all BrainBERT-based models andBrant ) are taken from [5].Poyo+ is trained single-session,
andCharmanderis pretrained on the same pretraining set as [5]. All reported numbers re�ect AUROC on
respective tasks.

Model Pitch Volume Sentence On Word On
BrainBERT:

Linear [5] 0.59 � 0.03 0.66 � 0.03 0.70 � 0.04 0.71 � 0.04

MLP [5] 0.56 � 0.03 0.64 � 0.04 0.71 � 0.03 0.70 � 0.04

PopT[5] 0.74 � 0.03 0.87 � 0.03 0.90 � 0.01 0.93 � 0.02

End-to-end:
Brant [26] 0.61 � 0.03 0.74 � 0.03 0.80 � 0.04 0.80 � 0.03

Poyo+ [1] 0.71 � 0.04 0.82 � 0.04 0.67 � 0.05 0.87 � 0.02

Charmander 0.88 � 0.03 0.93 � 0.03 0.81 � 0.03 0.91 � 0.06

4 Discussion

In this work, we presented a novel SSL framework, calledCharmander, for modeling multi-patient
intracranial recordings of neural activity. By training our models on large-scale datasets of iEEG
(ECoG and sEEG) recordings during naturalistic behavior, we have shown the effectiveness, scal-
ability, and transferability of our approach across different conditions and downstream tasks. Our
results highlight the potential of SSL to overcome the inherent challenges of working with iEEG data,
including the variability in electrode placement and limited coverage within individuals.

We tested our models on the AJILE12 and Brain Treebank datasets featuring iEEG recordings of
neural activity in the brain matched with various behavioral labels. Among publicly available iEEG
datasets, these datasets offered the largest collection of multi-participant intracranial recordings of
neural activity with long-term behavioral annotations, offering a clinically-relevant benchmark for
large-scale models of neural activity. We leveraged a Perceiver-based encoder along with learnable
channel embeddings that are paramount to the operation of our SSL masking objective. While
previous works typically used strict priors on spatial embeddings, namely normalized electrode
contact coordinates in a �xed space (e.g., MNI [11]), our approach encouraged the model to �exibly
learn channel embeddings with the information it deems relevant.

Looking ahead, our work lays the foundation for large-scale generalist models for integrating and
interpreting diverse neural data. Applying this framework to broader datasets, including recordings
across different spatiotemporal scales may lead to insights into how neural circuits encode information
and coordinate activity across individuals. By using SSL approaches, we can continue to bridge the
gaps between data heterogeneity and model scalability, advancing our understanding of the brain.
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Appendix

A Dataset details

A.1 AJILE12 dataset

TheAnnotated Joints in Long-term Electrocorticography for 12 human participants (AJILE12)[18]
dataset is a large-scale collection of naturalistic iEEG recordings from 12 human patients. The
patients were recorded passively during clinical epilepsy monitoring at Harborview Medical Center
in Seattle, WA, USA. Each patient was implanted with a series of electrode groups, with modality
and distribution determined by their surgeons based on clinical need. Electrode types and placement
varied signi�cantly between patients, with broad coverage of cortical areas in several gyri (Precentral,
Postcentral, Middle Temporal, and Inferior Temporal Gyrus) via ECoG grids / strips, and subcortical
areas via depth electrodes (see Table A1 for statistics from each patient, and Figure A1 for a plot of
electrode placement for the AJILE12 patients considered in this work).

Table A1:AJILE12 participant statistics. Basic information for each of the 12 patients from the AJILE12
dataset, including: # of surface and depth electrodes; % of timepoints that are missing across all sessions,
average duration of activity epochs (� SEM across epochs, see Appendix A.1.2), % of epochs that are labeled
with multiple activities (out of all non-Blocklist epochs, as well as non-Sleep/rest epochs); # of sessions per
participant, and whether the participant's data was used in pretraining.

Participant # Surface # Depth % NA Avg Epoch (m) % Multilabel % Multilabel # Sessions Pretraining
(= non-sleep)

1 86 8 0.19 2.01� 0.17 5.43 8.87 4
2 70 16 0.26 1.99� 0.08 2.87 8.60 4 X
3 80 16 1.62 2.02� 0.23 15.59 20.34 4 X
4 84 0 0.62 1.87� 0.65 10.74 19.25 5 X
5 106 0 1.31 2.00� 0.17 6.79 15.68 3
6 80 0 1.28 2.01� 0.19 7.41 44.25 5 X
7 64 0 0.67 1.92� 0.52 2.51 18.26 5 X
8 92 0 0.64 2.10� 0.47 4.58 19.38 5 X
9 98 28 1.31 2.01� 0.24 1.00 7.52 5

10 86 40 1.93 2.00� 0.17 1.80 10.50 5 X
11 106 0 0.78 1.99� 0.12 0.15 0.73 5 X
12 92 32 2.13 2.00� 0.13 0.38 4.55 5

A.1.1 Preprocessing

We utilized the publicly available release of the AJILE12 dataset with minimal preprocessing beyond
what was done already in the public release. In particular, the raw voltage traces were sampled at
1kHz, and preprocessed before public release in a pipeline consisting of: downsampling to 500Hz,
band pass �ltering (0-200Hz, encompassing theta to high-gamma bands), line noise (60Hz) removal
via notch �ltering, and re-referencing to Common Median Reference (CMR). More details on the
data collection and preprocessing pipeline from the public release can be found in [18]. To further
prepare the data for a deep learning work�ow, we performed the following steps in our preprocessing
pipeline for numerical stability:

1. z-score normalization over whole sessions.
2. Clipped amplitude values to within10� to remove obscene outliers.
3. A small proportion of the timepoints were missing iEEG data across most-to-all channels.

These sometimes intersected with “Blocklist” segments, where either recordings were
paused for private time, restroom breaks, or unrelated research experiments; or when activity
detection (see Appendix A.1.2) was likely inaccurate. Such segments were �ltered out
during preprocessing, but some missing timepoints still remained scattered throughout the
24hrs. Due to the sparsity of these segments (see Table A1), we opted to interpolate voltage
traces between the time points right before and right after as a form of imputation.

A.1.2 Activity classi�cation task

Along with the iEEG recordings, the AJILE12 dataset contains annotations for activities of daily
living (ADL) during epochs of time. The epochs are roughly2m in length (breakdown by patient in
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Figure A1:AJILE12 electrode con�gurations are diverse and span a wide area of the brain.For each of
the 8 participants used for pretraining (e.g. MP8-short and MP8-long), we plot the location of each electrode
in MNI space, along three distinct anatomical planes (Coronal, Axial, Sagittal). We can see the electrode
con�gurations vary signi�cantly across participants, and in aggregation spans wide coverage of the cortical
surface, as well as some subcortical areas.

Table x) and consist of the following activities: Sleep/rest, Inactive, Eat, Talk, TV, Computer/phone,
Other activity (Blocklist and unlabeled epochs were omitted when generating evaluation splits).
Epochs may be labeled with one or more activities yielding a multilabel classi�cation problem.
Importantly, the “Inactive” and “Other activity” labels serve as broad negative categories, in the sense
that they indicate absence of some type of meaningful behavior, and hence are mutually exclusive
from all other labels. Including them in the multilabel classi�cation task would result in unbalanced
and semantically inconsistent label distributions. Further, our interest was more in identifying speci�c
and meaningful activities in the positive, as is bene�cial for behaviorally grounded decoding and
downstream applications such as assistive technologies or patient monitoring. Hence, we �nalized
on the 5-activity (Sleep/rest, Eat, Talk, TV, Computer/phone) multilabel classi�cation problem. In
particular, the task is to determine the activities performed by the patient given a sampled 1s chunk
of iEEG recording during those activities. The models output a multi-hot encoding representing
the activity predictions, and (treating each activity as a binary classi�cation problem) they are
compared with the ground truth using Binary Cross Entropy (BCE) during training, and we report
macro-averaged F1 score during validation and testing.

A.1.3 Pretraining splits

For pretraining, we randomly sampled 100s non-overlapping segments from the full 24 hours to
generate the train / validation / test splits. In pretraining, as in the activity classi�cation task, we
sample 1s chunks (from the 100s segments) when forming training batches. See Table A2 for a
patient-wise breakdown of the number of pretraining hours of iEEG recordings utilized for the various
models.

Table A2:Pretraining splits from AJILE12. Durations of pretraining splits for short and long pretrained
models. For a breakdown of sessions used for pretraining (held-in), see Figure A2.

shortpretraining split durations (m) longpretraining split durations (m)
Participant # Sessions Avg Train Total Train Total Val Total Test Avg Train Total Train Total Val Total Test

2 3 115.6 346.7 90.0 110.0 360.0 1080.0 155.0 305.0
3 3 115.6 346.7 88.3 116.7 345.0 1035.0 51.7 131.7
4 3 151.7 455.0 115.0 141.7 360.0 1080.0 155.0 305.0
6 4 28.8 115.0 28.3 30.0 360.0 1440.0 206.7 406.7
7 5 61.7 308.3 100.0 88.3 360.0 1800.0 258.3 508.3
8 5 108.3 541.7 145.0 185.0 360.0 1800.0 258.3 508.3

10 5 106.3 531.7 141.7 178.3 360.0 1800.0 258.3 508.3
11 5 65.3 326.7 86.7 101.7 360.0 1800.0 258.3 508.3

A.1.4 Finetuning splits

The label distributions vary widely across activity labels, as well as across patients (see Figure A3).
To train decoders that are not underrepresented for any activity, we sampled balanced splits for
�netuning evaluation from the full 24 hours. First, we chose patients 2, 3, and 4 for evaluation, since
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Figure A2: Evaluation settings for each session used from AJILE12. Among the 8 participants whose data
were used from the AJILE12 dataset, data from the 3 with most balanced label distributions (with respect to
entropy over the distributions) were used for evaluation. Each were designated a single session held-out from
pretraining. Models were evaluated within-distribution (on Held-in eval sessions, i.e. “same session” in Table 1)
and out-of-distribution (on Held-out eval sessions, i.e. “novel” in Table 1). The remaining sessions were only
used for pretraining.

they exhibited the most balanced label distributions (with respect to entropy). We then sampled
epochs per a balanced multilabel undersampling procedure (detailed below) to generate roughly
1hr of training data per session. A session matrix of the patient data used for different modes of
evaluation can be found in Figure A2.

Sampling a balanced distribution from a multilabel epoch set is challenging, since choosing any
particular epoch may contribute to the representation of multiple activities from the set. To address
this challenge, we established a set of constraints that would guarantee balance, up to availability of
labels. For a given session, there is a set E of target labels, which may include multiple activities
(from activity set A) at a time. Let ei be the number of epochs that are labeled Ei, and let aj be the
number of epochs for which the label contains the activity Aj . The goal is to find a solution vector
c 2 N|E| which contains the number of epochs to sample per target label, such that:

(I) It respects the upper bound constraint that each target label Ei appears at most ei times, i.e.

ci � ei (8i 2 E)

(II) For a given C 2 N, each activity Aj appears exactly C times, unless aj < C, i.e.X
i:Aj⊂Ei

ci = min(C; aj) (8j 2 A)

This constraint attempts to guarantee balance across the activities, though it must respect the
availability of activities in the session.1

In addition, it can be tempting for a solver to resolve these two constraints alone by favoring single-
activity labels over mixed-activity, e.g. to resolve “Eat”, first sample all “Eat” labels without touching
any “Eat, TV” or “Eat, Talk”. To encourage the solver to sample evenly from the target labels (in
addition to the hard constraint to balance activities established by (II)), we further impose an objective
on the solution set c:

(III) Try to minimize the absolute deviation from the mean c (recall that this is over the target label
set E , so an optimal solution will have all target label counts in c as close to equal as possible),
i.e.

min
c∈N|E|

X
i∈[|E|]

jci � cj:

1Note: Aj � Ei means that the activity Aj is one of the activities found in the target label Ei.
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Figure A3: Behavior variability across patients in AJILE12. Each plot depicts the activity distribution of the
5 activities used for multilabel classification, across 3 separate days each from 3 different participants (P1, P2,
and P3 left-to-right). Each bar represents the sum of durations of any epoch including that label.

Combining (I), (II), and (III), we have a linear program that will provide an optimal solution c to
the balanced undersampling problem. We iterate C until we get a solution whose total duration over
sampled epochs is above the 1hr threshold. The linear program was solved using the default CBC
solver in the pulp library [14].

After resolving a number of samples per target label, we randomly select epochs under each label
into train / val / test sets. Note that for some sessions, some labels are so scarce that they cannot be
represented in all 3 sets. In this case, there is an order of precedence as to which split will receive
the label: train! test! validation. These splits are fixed and shared across all models, either for
finetuning from pretrained models (in the case of Ours and PopT) or training from scratch. Note also
that the same procedure is used regardless of evaluation setting, though the choice of sessions varies
(see Figure A2).

A.2 Brain Treebank Dataset

Brain Treebank [22] is a dataset consisting of iEEG recordings from patients watching movies. The
movies are aligned and annotated with visual and language features, which can be decoded from
the iEEG signals. The iEEG recordings are sampled at 2048Hz and Laplacian referenced. We use
the same pretraining / finetuning splits and downstream decoding tasks as in [5] and [21]. These
tasks are auditory and linguistic binary decoding tasks. More details on the dataset can be found in
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