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Abstract

Recent advances in neural decoding have led to the development of large-scale
deep learning-based neural decoders that can generalize across sessions and sub-
jects. However, existing approaches predominantly focus on single modalities of
neural activity, limiting their applicability to specific modalities and tasks. In this
work, we present a unified, multimodal framework that jointly processes neuronal
spikes and local field potentials (LFPs) for behavioural decoding. Our approach
employs flexible tokenization schemes for both spikes and LFPs, enabling efficient
processing of heterogeneous neural populations. Through experiments on data
from nonhuman primates performing motor tasks, we demonstrate that multimodal
pretraining yields superior decoding performance compared to unimodal baselines.
We also show evidence of cross-modal transfer: models pretrained on both modal-
ities outperform LFP-only models when finetuned solely on LFPs, suggesting a
path toward more cost-effective brain-computer interfaces that can use performant
LFP-based decoders. Our models also exhibit robustness to missing modalities
during inference when trained with modality masking, and scale effectively with
both model size and pretraining data. Overall, this work represents an important
first step towards unified, general-purpose neural decoders capable of leveraging
diverse neural signals for a variety of brain-computer interface applications.

1 Introduction

Brain-computer interfaces (BCIs) rely on neural decoders to translate brain activity into control
signals. Recent large-scale deep learning models for neural decoding, such as the NDT [1, 2] and
POYO [3-5] families, and others [6, 7] have shown that pretraining on large-scale datasets enables
robust generalization to new sessions and datasets with minimal adaptation. However, these models
process only single modalities of neural signals, missing opportunities to leverage the complementary
information present across different recording types.

Neural activity spans multiple scales, from precise action potentials (spikes) to population-level
local field potentials (LFPs). Spikes provide single-neuron resolution, while LFPs capture aggregate
dynamics and motor-related oscillations. Despite this complementarity, existing decoders typically use
or are capable of processing only one recording modality. This limitation has practical consequences,
as spike-based BCIs require expensive, high-bandwidth systems, while LFP-based alternatives offer
simpler hardware but historically lower accuracy [8—10].

To alleviate this limitation, we present a multimodal extension of the POYO framework [3] that is
capable of jointly processing both spikes and LFPs for behavioural decoding. Our approach introduces
a flexible LFP tokenization scheme that is close to POYQO’s individual spike tokenization scheme,
which preserves each modality’s characteristics while enabling unified processing.
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Our key contributions include:

* A unified tokenization scheme for joint processing of spikes and LFPs, enabling strong
multimodal decoding performance.

* A demonstration of cross-modal transfer that particularly enhances LFP-only decoding.

* Improving robustness to missing modalities, during both finetuning and inference, via
modality masking.

2 Related Work

Neural decoding. Traditionally, neural decoding for continuous tasks was accomplished with
statistical models such as the Kalman filter [11-14]. While performant, these methods required
careful calibration [15, 16] to new sessions and a considerable amount of training data for a new user.
With the availability of large-scale public neural datasets, several recent works have been proposed
with the goal of building “foundation model”-like decoders for neural activity [1-5, 7, 17, 18],
leveraging advances in large-scale deep learning. Of particular relevance to this work are two classes
or families of neural decoding models: NDT-style models [1, 2] and POYO-style models [3-5], which
were originally developed for neuronal spiking data and motor decoding tasks similar to those we
will consider [19]. The former use binning or patch-based tokenization schemes coupled with generic
ViT-like [20] or causal transformer [21] backbones, while the latter use individual spike tokenization
coupled with PerceiverlO-style [22] input-output cross-attention and a backbone comprising either
Transformer blocks [21] or recurrent networks [5, 23-25]. While these pretraining-based approaches
to neural decoding are highly performant, they have not yet been adapted to process multiple neural
recording modalities (models like NDT-3 [2] process behaviour as an additional input modality).
In this work, we develop upon POYO-style models and aim to adapt them to process and decode
behaviour from multiple neural recording modalities.

Multimodal deep learning. Processing multiple input modalities is a key problem in deep learning
[26], with several methods being actively developed to jointly process modalities such as vision and
language [27], or even video and audio [28]. Particularly relevant to our work are the explorations
of multimodal machine learning for healthcare [29]. Ongoing research aims to tackle key problems
such as identifying the right pretraining objectives [30, 31], investigating cross-modal transfer [32],
and studying modality fusion approaches to develop better architectures for multimodal processing
[33]. Most relevant to this work are neural decoding models which attempt to integrate both neuronal
spiking activity and spectral features such as spiking-band powers [34] or local field potentials (LFPs)
[35] to improve neural decoding performance.

3 Methods

Data preprocessing. In this work, we attempt to minimize the amount of data preprocessing
through the use of well-designed tokenization schemes and model architectures. Due to the use
of a flexible individual spike tokenization scheme [3] (described below), we avoid having to bin
spike counts and are able to process spiking data from heterogeneous neural populations, including
single-neuron spikes and multi-unit activity. Meanwhile, LFP powers are extracted from the raw
time-domain voltage signal through causal band-pass filtering. The extracted bands include the local
motor potential (LMP; 0.1-20 Hz), delta (1-4 Hz), theta (3-10 Hz), alpha (12-23 Hz), beta (27-38
Hz), and gamma (50-300 Hz) bands. The only other preprocessing we do is to remove outliers in the
behaviour using a simple acceleration-based threshold.

Spike tokenization. We adopt a recently proposed individual spike tokenization framework [3]
for our model. In this framework, each neuronal spike is represented by the identity of the neural
“unit” it came from and the timestamp at which the spike occurred. Information about unit identity is
provided through a unique, learnable unit embedding for each neuron, while spike-timing information
is provided through rotary positional embeddings (RoPE) [36]. This positional embedding scheme
allows models to learn the relative timing between tokens rather than the absolute spike-times, thus
enabling better generalization. Overall, each individual spike token from a unit with ID i is a D-
dimensional vector, given by x = (UnitEmb(i), t), where UnitEmb : Z — RP. Note that we opt



to use the term “unit” rather than neuron, since spikes may be assigned at a coarser specificity than at
the single-neuron level (e.g., multi-unit activity). The flexibility of this tokenization scheme and the
model architecture described below allows us to efficiently process variable-sized neural populations
efficiently and facilitates training and efficient finetuning on multiple datasets and recording sessions.

LFP tokenization. We introduce a method to tokenize LFP powers that is similar to the individual
spike tokenization scheme and a tokenization scheme for Calcium imaging [4]. Each individual
channel is provided a unique, D-dimensional learnable channel embedding, akin to unit embeddings.
This embedding is added to a linear projection of the LFP powers to D dimensions to give one LFP
token. Finally, just as with the spike tokens, the timestamps associated with the LFP tokens are
provided through RoPE. Overall, each LFP token from a channel ¢ with LFP powers p € RS is given
by x = (ChannelEmb(c) + f(p),t), where ChannelEmb : Z — RP and f : R® — RP. Note
that this tokenization scheme for LFPs retains the flexibility of the spike tokenization scheme in
supporting a variable number of channels.

Model architecture. We employ the original POYO architec-
ture [3] as-is for decoding behaviour from multimodal neural
activity, i.e., the spike and LFP tokens. The POYO architecture,
based on the PerceiverlO framework [22], can be decomposed
into three blocks: the input cross-attention module, the self-

attention backbone, and the output cross-attention and readout %_,Q Cress Atemiten
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press a variable length sequence of input spike and LFP tokens Z
from a context window [0, 7] into a fixed-length sequence of []““
latent representations. Consider a sequence of N input tokens Cal
X = [x1,X2,...,xn] € RV*X and a sequence of M learnable et o cross Attention
latents Zo = [z1,2Za, ...,z € RM*P The queries for the in- XM Ky
put cross-attention are given by the projection Q = ZyW,, while t
the keys and values are given by K = XWj and V = XW,, q Q,
respectively. Overall, the result of the cross-attention is given by: A A1/
QKT E[ spikes .(cgj E g -
Z, = softmax ( N ) V. (1)
k

. . . Figure 1: An architecture for
We see that Z, is a fixed-length latent sequence whose dimensions  ultimodal neural decoding.

depend only on the number of queries M and the dimensionality e adapt POYO [3] to decode be-
of the values in the attention module, which is a hyperparameter. ,viour from both spikes and lo-
Z, is processed by a series of (L — 1) self-attention layers to 4] field potentials (LFPs).

give a latent sequence Zj . Finally, projections of these latents are

used as the keys and values of an output cross-attention module, where a variable number of output
queries is used to decode behaviour at P timestamps in the context window [0, T']. The output queries
are made up of learnable session embeddings which are unique to each recording session, while
timestamp information is provided through RoPE to the the cross-attention module.

Overall, this architecture provides several key advantages over typical Transformer-based approaches:
(1) the computational complexity scales linearly with the number of input tokens due to self-attention
being applied in a fixed-dimensional latent space, (2) the input module allows for processing a highly
variable number of input tokens in each context window, thus allowing us to forego binning and
preventing the loss of spike-timing information, and (3) the output module allows for the prediction
of multiple behavioural outputs per context window and alleviates the need for trial-alignment.

Finetuning to new sessions. Given a model that has been pretrained on multiple sessions or datasets,
we outline two strategies adapted from POYO [3] for finetuning the model on downstream sessions
with new sets of units and channels. The first, unit identification (UI), is a highly efficient scheme
in which all model weights are frozen and only the embeddings (i.e., unit, channel, and session
embeddings) are reinitialized and trained on data from the new session. This scheme allows the model
to preserve the task-relevant neural dynamics learned during pretraining and typically updates fewer
than 1% of the total number of model parameters. The second, full finetuning (FT), involves first
performing UI for a few epochs, followed by unfreezing and training all model parameters end-to-end.
While this scheme is more compute-intensive, it yields maximum performance in our evaluations.
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Figure 2: Multimodal pretraining improves decoding performance. (a) Pretrained multimodal
models outperform single-session multimodal models; performance improves further with larger
model size (12M vs 2M). (b) Multimodal models outperform unimodal models. (¢) Multimodal
models finetuned on just spikes match (FT) or are close to (UI) fully-finetuned unimodal spike-based
models. (d) Multimodal models finetuned on just LFPs outperform fully-finetuned unimodal LFP-
based models. Key: Error bars: + SEM over 5 (a,c,d) or 25 (b) sessions; *,***: p < 0.05,0.001 on
a paired t-test across sessions; SS: Single-session; MS: Multi-session.

4 Experiments

In this section, we show how multimodality and multi-session . .

pretraining can help improve neural decoding performance over Table 1: Behavioural d-ecodmg
unimodal and single-session approaches. We also discuss the results on heldout Sessions. We
robustness of our model to the absence of either spikes or LFPs TePOrt the mean R” (1) £ SD

and demonstrate its ability to effectively learn from each modality. aCr0ss 5 sessions. SS: Single-
session, MS: Multi-session.

4.1 Data and experimental setup Model Modality Evaluation R’
Spikes 0.7122 + 0.0355
Our models are trained on data recorded from nonhuman primates ~ GRUSS LFP 0.3381 £+ 0.0437
. Multimodal ~ 0.6225 = 0.0450
performing a touchscreen-based random target task [19]. For vitimods
. . . Spikes 0.7183 + 0.0348
all our experiments, we consider 30 sessions from Mf)nkey L ooss LFp 01671 < 0.1086
which contain both spikes and LFPs. Of these 30 sessions, 25 Multimodal ~ 0.7262 + 0.0197
are used for pretraining our multi-session models, while 5 are Spikes 07168 % 0.0307
heldout for evaluation. We train our POYO models in a supervised =~ GRUMSFT LFP 0.6059 + 0.0852
manner using the mean squared error loss to accurately predict Multimodal ~0.7136 £ 0.0433
two-dimensional finger/cursor velocities. The inputs to the models Spikes 0.7457 4 0.0433
ind ; | activity which g Fovomsul Lep 0.7833 £ 0.0169
are context windows of neural activity which are one secon Multimodal 0.7889 & 0.0287
lon.g.. The model; are trained to observe thesp context.wmdows of Spikes 07638 4 0.0362
activity and predict all behaviour from within each window. Note ~ rovoMsFT LFP 0.7888 + 0.0182
that we do not segment our data into trials during training and Multimodal 0.8008 + 0.0263

evaluation, thanks to the flexibility of the POYO framework.

4.2 Pretraining and generalization performance

Firstly, we found that multimodal models pretrained on multiple sessions’ worth of data outperformed
single-session multimodal models on the 5 heldout sessions from our dataset. As shown in Figure 2a,
we also see further improvements in performance when scaling the size of the models in addition to
increasing the amount of pretraining data.

A key observation during pretraining is the considerable improvement in decoding performance with
LFPs when training on multiple sessions, as opposed to a single session. We also observe that the
multimodal model outperforms unimodal models in both pretraining and finetuning performance
(Figure 2b and Table 1). This is especially the case when incorporating regularization techniques
such as unit dropout and modality masking. Overall, our results indicate that decoding from LFPs
benefits greatly from scale and serves to enhance multimodal performance by a significant margin.

Turning to finetuning performance, we observe that the multimodally pretrained POYO model finetuned
on LFPs outperforms the LFP-pretrained POYO model on decoding from just LFPs (Figure 2d). This
is a positive indication of cross-modal transfer, and suggests that a multimodally pretrained model



may be finetuned to yield performant LFP-based BCI decoders, which could be a path towards more
cost-effective BCI devices compared to those that process spikes [8, 10].

4.3 Robustness to the absence of a modality

As briefly described above and in addition to the same-modality finetuning experiments shown in
Table 1, we investigated the performance of a multimodally pretrained model finetuned on a single
modality, in order to test the multimodal model’s robustness to the absence of a modality during
finetuning. When finetuning using either UI or FT on either spikes or LFPs, we found the models’
performance to be comparable to (spikes; Figure 2c) or better than (LFPs; Figure 2d) unimodal
models finetuned on the same modality — with the most noticeable improvements being on LFPs as
discussed above. These results underscore the potential of cross-modal transfer in building performant
models for modalities such as LFPs, for which it is hard to do so in isolation and at smaller scales [9].

We also tested the robustness of our models to missing modalities during inference. When trained with
modality masking, our multimodal models performed fairly well when provided only a single modality
as input, although they slightly underperformed unimodal models (R? = 0.7537 £ 0.0361 and 0.6920
=+ 0.0357 for LFPs and spikes respectively). However, models trained without any modality masking
were far more brittle and failed to perform well when one modality was missing during inference (R?
=0.3967 £ 0.0693 and 0.5073 + 0.0548 for LFPs and spikes respectively). While our experiments
with modality masking were restricted to one configuration (masking probability = 0.2), we believe
that with some tuning we can obtain more resilient models.

5 Discussion

Summary. In this work, we extended POYO [4], a spike-based neural decoding model, to handle
multimodal neural data consisting of both spikes and LFPs. Quite like POYO, we demonstrated
the benefits of multi-session pretraining and large-scale models for downstream generalization
performance. Importantly, we obtained stronger performance with multimodal models compared to
unimodal models, and also showed the robustness of our multimodal models to the absence of some
modalities during finetuning and inference. In fact, we found that a multimodally pretrained model
consistently outperformed unimodal LFP-based models when generalizing to new sessions of data
with just the LFPs, thus showing evidence of cross-modal transfer. This could help enable low-power,
efficient BCIs with performant LFP-based decoders [8, 10].

Limitations and Future Work. While we presented a preliminary investigation on large-scale
multimodal neural decoders in this work, there are several outstanding directions which we are keen
to explore. For example, we have not yet fully explored the design space of encoder architectures.
While we used a single encoder for all modalities in this work (unlike some previous work [32]),
it remains to be seen what approach would scale best as the number of modalities increases. We
are also actively looking at other pretraining objectives such as masked autoencoding, incorporating
cross-modal masking and reconstruction during training [30-32]. Finally, we wish to train our models
on many more datasets, modalities, and tasks, which will move us closer towards our goal of building
a general-purpose neuro-foundation model.
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