Neural Data Transformer 3: A Generalist Motor Decoder
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—Iﬁﬁ_ @ Can one model provide benefits across individuals and effectors?
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Evaluating decoding on 8 datasets
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To do this, we pretrain a
deep neural network on
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of neurql splklng activity and behavior.

Take-Home Message (4.

NDT3 benefits low-data
decoding on many tasks.

Scaling more may further
Improve some tasks, but
will require larger models.
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Pretraining gains persist through changes in
neural firing patterns in reaching tasks.

Shift: Time

l ID: 1 min

\L"f 00D: 1 hr

0 1 2 3 4 08 1.0 12 14
Firing rate ratio Firing rate ratio

Shift: Pose

‘ ID: Center

I OOD: Edge

g | Below diagonal =

~ Worse decoding o .,.*l-l!
9_:.- 0.6 - in new setting o o 0.6- L
Ghish ~— I
g ssat.f'-'-"'fJ @ ,?‘K
.8 " o o %
x X O 0.4- g

— L

0.4- | | | Lo

0.4 0.6 0.4 0.6

1 minute (R?) Center (R?)
¥ Wiener Filter % Scratch @®200hr 45M ==2khr 350M

Pretrained NDT3 resists overfit to trial structure

R2 Continuous Train Trialized Train

2
" —— Continuous Eval R All models drop &

=== Trialized Eval 1 in continuous eval

=
N

1 +
- ¥ . @
+ g v e
@ o -
L x » but scratch

- Is subtrivial

00 w Se55|on 605 ,g"';. ¥/
25% O% 10 mln 25% 50% 10 min

2D Cursor + Click
o
N)

Pretraining benefits decoding outside motor cortex
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