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Background: Multinomial Logistic Regression (MLR) for neural decoding
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{ Limitation: MLR requires output discretization, reducing accuracy 1
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Continuous Multinomial Logistic Regression (CMLR) model
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» Gaussian Process (GP) priors: induce smoothness in the decoding weight functions
wa(y) ~ GP (0,K1)  Ka(,y") = paexp (v —v")’/26))

» Conditional Density Estimation (CDE): CMLR defines an output conditional density
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CMLR model inference and output prediction

» Stochastic Variational Inference (SVI): scalable frequency domain implementation

 observations {x,,, ¥, }n=1.;y — infer weight functions w(y) = {w;(y)}a=1.p

» Output prediction: decode outputs at any desired resolution

* test sample x,, = compute the posterior over an output grid {yJ }J 1]
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Mouse primary visual cortex (V1): decoding drifting grating orientation
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» Input: 3 calcium imaging datasets of mouse V1 [Stringer et al., 2021] 4
> Output: orientations y € [0, 27), D ~ 10* neurons, N ~ 4000 samples
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CMLR decoding applications...
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» Motor Cortex:
decoding 2D velocity in a reaching task

1 x NB
XGBoost

'M;iiii;

DNN
CMLR FlexCode NB XGBoost DNN

Euclidean error

e e e e

_____________________________________________________________________________________________________________________________________



Continuous Multinomial Logistic Regression for Neural Decoding (ICLR 2026) Anuththara Rupasinghe (ar0621@princeton.edu)

Conclusions

» Continuous Multinomial Logistic Regression (CMLR):
extends MLR to continuous decoding variables

» Gaussian process tuning functions:

smooth and interpretable neuron-specific weights

» Flexible conditional density estimation (CDE):

captures circular, multimodal, and asymmetric distributions

» Strong empirical performance:

outperforms Naive Bayes, XGBoost, DNNs, and FlexCode across datasets



Continuous Multinomial Logistic Regression for Neural Decoding (ICLR 2026) Anuththara Rupasinghe (ar0621@princeton.edu)

Acknowledgements

Anuththara Rupasinghe Pillow

Funding sources:

Data sources:
» NIH T32 institutional training grant (T32MH065214)

» Simons Collaboration on the Global Brain (SCGB AWD543027) » Stringer et al., 2021 (mouse V1 datasets)
» NIH BRAIN initiative (RO1DA056404, RO1EB0269) » GQGrafetal., 2011 (macaque V1 datasets)

» National Eye Institute (NEI) of the NIH (ROIEY033064) » Hazon et al., 2022 (mouse CA1 datasets)
» U19 NIH-NINDS BRAIN Initiative Award (SU19NS123716) » Glaser et al., 2018 (monkey MC dataset)

National Institutes S I M N S
of Health

FOUNDATION



	Slide 1
	Slide 2
	Slide 3
	Slide 4
	Slide 5
	Slide 6
	Slide 7
	Slide 8

