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Summary

● Representational similarity enables studying shared computational principles 
across neural systems.

Future direction: Computing Causal-OT requires many trials. The latent variable model 
in [1] can reduce the computational cost and data requirements.

● Existing methods for comparing population activity either assume dynamic or 
stochastic responses; not both.

● We use the metric to compare models of neural responses in different regions of the 
motor system and to compare the dynamics of latent diffusion models for text-to-
image synthesis.
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which can be derived as an optimal transport distance between Gaussian 
processes.



References and Acknowledgments



References and Acknowledgments



References and Acknowledgments

Poster #64

(Hall 3)



References and Acknowledgments

References

[1] Geadah, Victor, et al. "Modeling Neural Activity with Conditionally Linear 
Dynamical Systems." arXiv preprint arXiv:2502.18347 (2025).

[2] Lipshutz, David, et al. "Disentangling recurrent neural dynamics with 
stochastic representational geometry." ICLR 2024 Workshop on 
Representational Alignment. 2024.

[3] Barbosa, Joao, et al. "Quantifying Differences in Neural Population Activity 
With Shape Metrics." bioRxiv (2025): 2025-01.

[4] Ostrow, Mitchell, et al. "Beyond geometry: Comparing the temporal 
structure of computation in neural circuits with dynamical similarity 
analysis." NeurIPS (2023): 33824-33837.

Poster #64

(Hall 3)



References and Acknowledgments

References

[1] Geadah, Victor, et al. "Modeling Neural Activity with Conditionally Linear 
Dynamical Systems." arXiv preprint arXiv:2502.18347 (2025).

[2] Lipshutz, David, et al. "Disentangling recurrent neural dynamics with 
stochastic representational geometry." ICLR 2024 Workshop on 
Representational Alignment. 2024.

[3] Barbosa, Joao, et al. "Quantifying Differences in Neural Population Activity 
With Shape Metrics." bioRxiv (2025): 2025-01.

[4] Ostrow, Mitchell, et al. "Beyond geometry: Comparing the temporal 
structure of computation in neural circuits with dynamical similarity 
analysis." NeurIPS (2023): 33824-33837.

Poster #64

(Hall 3)



References and Acknowledgments

References

[1] Geadah, Victor, et al. "Modeling Neural Activity with Conditionally Linear 
Dynamical Systems." arXiv preprint arXiv:2502.18347 (2025).

[2] Lipshutz, David, et al. "Disentangling recurrent neural dynamics with 
stochastic representational geometry." ICLR 2024 Workshop on 
Representational Alignment. 2024.

[3] Barbosa, Joao, et al. "Quantifying Differences in Neural Population Activity 
With Shape Metrics." bioRxiv (2025): 2025-01.

[4] Ostrow, Mitchell, et al. "Beyond geometry: Comparing the temporal 
structure of computation in neural circuits with dynamical similarity 
analysis." NeurIPS (2023): 33824-33837.

Poster #64

(Hall 3)


	Slide 1: COMPARING NOISY NEURAL POPULATION DYNAMICS USING OPTIMAL TRANSPORT DISTANCES
	Slide 2
	Slide 3
	Slide 4
	Slide 5
	Slide 6
	Slide 7
	Slide 8
	Slide 9
	Slide 10
	Slide 11
	Slide 12
	Slide 13
	Slide 14
	Slide 15
	Slide 16
	Slide 17
	Slide 18
	Slide 19
	Slide 20
	Slide 21
	Slide 22
	Slide 23
	Slide 24
	Slide 25
	Slide 26
	Slide 27
	Slide 28
	Slide 29
	Slide 30
	Slide 31
	Slide 32
	Slide 33
	Slide 34
	Slide 35
	Slide 36
	Slide 37
	Slide 38
	Slide 39
	Slide 40
	Slide 41
	Slide 42
	Slide 43
	Slide 44
	Slide 45
	Slide 46
	Slide 47
	Slide 48
	Slide 49
	Slide 50
	Slide 51
	Slide 52
	Slide 53
	Slide 54
	Slide 55
	Slide 56
	Slide 57
	Slide 58
	Slide 59
	Slide 60
	Slide 61
	Slide 62
	Slide 63
	Slide 64
	Slide 65
	Slide 66
	Slide 67
	Slide 68
	Slide 69
	Slide 70
	Slide 71
	Slide 72
	Slide 73
	Slide 74
	Slide 75
	Slide 76
	Slide 77
	Slide 78
	Slide 79
	Slide 80

