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2. Neuron identity is constant
A neuron's properties remain stable across time and stimuli.
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Encoder is frozen, and a classification head (usually Linear) is trained on top of the embeddings.

Downstream Tasks



Cell-Type Prediction

Neuropixels

Ca2+

+0.2962
+0.3006

+0.0875
+0.0555
-0.0454

+0.1139
+0.0505
+0.2022

Δ wrt best 
baseline

Brain-Region Prediction

+0.2498
+0.1539

Δ wrt best 
baseline

+0.3006

+0.2605
+0.0657

+0.0215

Neuropixels

NuCLR achieves SoTA prediction



Cell-Type Prediction

Neuropixels

Ca2+

+0.2962
+0.3006

+0.0875
+0.0555
-0.0454

+0.1139
+0.0505
+0.2022

Δ wrt best 
baseline

Brain-Region Prediction

+0.2498
+0.1539

Δ wrt best 
baseline

+0.3006

+0.2605
+0.0657

+0.0215

Neuropixels

NuCLR achieves SoTA prediction



NuCLR scales with pretraining data size



!!

In some situations, it can be more eective to collect more unlabelled (pre-training) 
data than increasing the number of tagged neurons.

NuCLR scales with pretraining data size



● Analyzing just neural activity can take you prey far.

● Population context is quite important.

● NuCLR is a promising and scalable approach for learning 
neuron representations.

Conclusions



Thank you!

More about me: https://vinam.dev

Feel free to reach out at: vinam@seas.upenn.edu


