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Objective:
« Enable reliable neural-motor prosthetic (NMP) cursor control in tetraplegic
humans.

Background:

« Initial results from the first trial participant were recently reported (Hochberg, et
al., 2006, Nature)

» Encoding model assumed cursor position was a linear function of firing rates.

« Decoding was performed using a linear filter.

Observations:

« Direction, velocity, and force as well as position are encoded in spatio-temporal
patterns of neuronal ensemble activity in monkeys (Paninski et al., 2004).

« In animal studies, a Kalman filter showed improved on-line cursor control when
compared with the linear filter (Wu et al., EMBS 2004).

Hypothesis:
» Decoding velocity with the Kalman filter can improve NMP cursor control.

Experimental Desig
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« Filter building and testing process: Time (s) 35

Imagined motion Visual feedback

Training duration = 1min O: target @ : training cursor @ : neural cursor

- Linear filter (position) = 4 x 1min open-loop blocks + 4 x 1min closed-loop blocks
- Kalman filter (velocity) = 1 x 1min open-loop blocks + 4 x 1min closed-loop blocks
- Minimum 6~8 movements per block

« Training task:

Random pursuit-tracking task Center-out-back pursuit-tracking task

)

One target at a time One target at a time

Random target locations ‘ _| Fixed target locations

| For position decoder For velocity decoder

Neural signals

« Direct decoding: directly estimate E[X‘ \2[,1] Cursor kinematics
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« Generative decoding:
recursively estimate E[)‘g |Z-—|] using Bayesian model

likelihood
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temporal prior  posterior at 1

- Kalman filter assumes linear Gaussian likelihoods and priors

*CAUTION: Investigational device. Limited by Federal (USA) law to investigational use — only being studied in USA.

Training, Tuning and Learning

« Tuning of MI cells during training (See Paninski et al. 2004 for methods).

Kalman filter (velocity) trained with center-out-back pursuit-tracking task
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Kinematic tuning for one unit during training

Block 1 Block 2 B\Dck 3 B\uck 4 Block 5
| losed-l losed-l

P P, p) P) p) P)

ilm m TTTJ

8] _..._ o I . ]
': 'l _I_ i

Block p1
P

Position
¥ Punson
-

23

a0

z

I = - - - = O |

Other tuning examples (Block 6)
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Performance

Trajectory of the neural cursor for radial tasks

Kalman-vel session 1 Kalman-vel session 2 Kalman-vel session 3

n =80
Linear-pos session 1

n=15
Linear-pos session 2

n =33
Linear-pos session 3

n=179 n =159 n =147
Target acquisition performance
Radial Task
Filter Type # Units Up Down Right Left Avg
Session 1 179 85% 50% 80% 80% 78%
Linear position filter Session 2 159 45% 60% 85% 100% 73%
Session 3 147 95% 60% 100% 85% 85%
Session 1 80 100% 95% 100% 90% 96%
Kalman velocity filter ~ Session 2 15 90% 58% 100% 90% 84%
Session 3 33 95% 88% 100% 100% 96%

Conclusion

% Velocity decoding model provides more accurate cursor control than position decoding
model (from 79% to 92% for radial target acquisition task).

% Velocity decoding model yields accurate control with fewer neuronal units (from ~150 units
to ~50 units).

% Velocity decoding model can be trained faster than position decoding model.
% Training paradigm should match kinematic state (position or velocity).
% Preliminary studies show kinematic state used in training affects tuning of human Ml cells.
% Current study

- Effect of decoding algorithms:

e.g. Linear velocity filter vs. Kalman position filter.
- Decoding “click” state along with kinematics (see movie)
- Performance evaluation: e.qg. bit rate based on Fitts’ law.
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