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Neural decoding

1. Can we decode memory retrieval?
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Memory results

1. How is retrieval classifier evidence affected?

Real-time Yoked-control

O
N
O
N

MQOT
Omit

o
—
o
—

|
©
—

Classifier evidence
S
= o

Classifier evidence
()

|
O
N

—

O
U

|
O
U

(Retrieval — control)
o

I
N

MQOT
Omit

I
o
e N

Time from stimulus onset (s)

Retrieval evidence

M

Second derivative

Real-time

Yoked-control

Subject group

—0.1

0.1

Retrieval Evidence

-
N

©
W

O
N

—
—

-

2. How are detail ratings affected?
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2. Did we stabilize retrieval in the “optimal” range during MOT?
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3. Why isn’t retrieval evidence stable?
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How does dot tracking affect memory for that scene (post-pre MOT)?

Real-time
subjects
show less
evidence of
forgetting
compared to
yoked-
control
subjects

Our current neurofeedback system may be too reactive to subtle changes
IN memory reactivation.

This can be further refined with the following improvements:
- Decreasing the gain on the transfer function
- Testing the success of different machine learning algorithms to detect
retrieval evidence
- Applying control systems theory to optimize feedback

In the future, we seek to adapt this paradigm tor clinical populations using
negatively-valenced stimuli.
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