Drift correction for electrophysiology and two-photon calcium imaging hhmi ﬁlia

A
Marius Pachitariu*, Carsen Stringer*, Nick Steinmetz, Matteo Carandini, and Kenneth D Harris Research Campus it

o | | _ | | | | Two-phot .
Problem: Driftis bad for science. Understanding “drift” Engineering a fix for drift: A HpRoon To do list:
Can we understand drift, and fix it? Electrophysiology ox(x,y,z,t) . once we know the drift, can we devise fast &

Electrophysiolo - . . .
oot oty PRYSIOIOgY Two-photon We design generative models that capture 0z(z,t) o0y(x,y,z,t) accurate interpolation methods to re-align data?
cell 2 Tissue relaxation after probe Temperature changes, we think so

Slow drift insertion, hemodynamics hemodynamics, inflammation the effect of drift on the raw recorded data.
can be non-rigid etc. etc.

i MWWMWMWMMW . . We use these models to infer the drift,
Behaviorally induced Behaviorally induced

RAUEE CSRSEAS A FaSt_ d_rlft 1S Up and down jitter, bigger than in Mostly translation, but also given the data.
mostly rigid (phew!) 2p rotational

cell 1

« |sthe sampling of Neuropixels dense enough?
probably

—

—
——
—_— —

« do you need to align 2p imaging data online?
yes & we have code

Enforcing rigidity on fast timescales

W allows us to estimate drift from noisy data. Rigid body 1D
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