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Function of the hippocampus?

1. Context
2. Episodic/Declarative Memory
3. Reconfigurable memories

4. Cognitive mapping

*5.* Trace conditioning!!
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What does the hippocampus do?
The computational model is the

answer.

A recoding that serves neocortex
whose codes are suitable for:
context dependent, reconfigurable

sequence forecasting
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The across trial and within
trial dynamic

DURING LEARNING

Why"?

H. M.; R.B.; etc.



Creating and Controlling
Fluctuations

1) chaotic, i.e., unpredictable
deterministic, activity fluctuations
2) random initialization of state space,
Z(0), at the beginning of each trial
3) quantal synaptic failures at
recurrent excitatory synapses, and
4) the relative strength of the external

iInputs.



a. Simplified Hippocampal Model
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b. Sparse, Random Recurrent Excitation
in CA3
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Table 1 A Minimal Hippocampal CA3 Model

1. Neurons are threshold elements with inputs that are
weighted and summed; the output is binary, a spike when
threshold is exceeded and no spike otherwise.

2. Most connections are excitatory.

3. Synapses modify associatively based on a local Hebbian
rule that is time-spanning between pre- and postsynaptic
activations and includes LTP and LTD-like proéesses.

. Recurrent excitation is sparse and randomly connected.

. Recurrent excitation is stronger than external excitation.

. One or more randomization processes exist.

Inhibitory neurons control activity, approximately.

. Activity is low but not too low.
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Summary of Network Computations

Somato-dendritic excitation/inhibition
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yj netexcitation ofj
X; external input to
Z; recurrent input i
z; output of neuron
K; feedforward inhibition scaling constant
Kr feedback inhibition scaling constant
Ky resting conductance
¢ 10,1} variable of connectivity, kept constant once initialized
wj; the excitatory weight (synaptic strength), neuron i to j
€  rate constant of synaptic modification
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'Table 2 Cognitive, Behavioral, and Cellular Predictions and Explanations by the Model

Spatial Tasks Configural Tasks Trace Conditioning
Paradigms
- Simple sequence completion Transverse Patterning Trace Conditioning (15,16)
 (various) (8,11,12)
. One trial learning (1,18) Transverse Non-Patterning
‘ (NP1) (13)

Jump ahead recall (2,3)

Transitive Inference (14,23)

 Circular sequence completion (4,5)

Sequence Disambiguation (6,7,8)

Shortcut finding (6)

Goal finding (6)

Combining appropriate
subsequences (9,10)

! Demonstrations and Observations

: Simple sequence completion (1,17)
- 1. Memory capacity (9)
. 2. One trial learning (1)

Transverse Patterning
1. Learning paradigms
(Concurrent, staged,
progressive — 19)

2. Learning rates (12)

Maximum learnable trace interval
(16, 22)

NP1 learning rates (13)

Number of trials required to learn
(16)

Circular sequence completion

1. Off-line Compression (2,4,5)
2. On-line Compression vs. noise,
i context length (8)

2. Off-line Spontaneous replay
(3,4.,5)

Transitive Inference
population variability (20)

Different classes of neurons that
bridge the trace interval (16)

| Cell firing ahead of place (15,16,
122,24,25 See also on-line

Jump in performance across training |
(16)

compression)
Predictions
on-line T-maze choice point Transverse Non-Patterning | Lack of stimulus encoding neurons
decision (21) (NP2) (unpublished during trace interval (16)
observations)

Relative neuronal codes
(19)

Increasing CS/US longevity increases
learnable trace interval (22)

1. Minai and Levy, 1993b; 2. August and Levy, 1996; 3. Prepscius and Levy, 1994; 4. Levy, Sederberg and August, 1998; 5.
August and Levy, 1999; 6. Levy, Wu, And Baxter, 1995; 7. Minai, Barrows, and Levy, 1994; 8. Wu, Baxter, and Levy 1996;
9. Levy and Wu, 1996; 10. Wu and Levy, 1996; 11. Levy, Wu, and Tyrcha, 1996; 12. Wu, Tyrcha and Levy, 1998; 13. Wu
and Levy, 2002; 14. Wu and Levy, 1998; 15. Levy and Sederberg, 1997; 16. Rodriguez and Levy, 2001; 17. Amarasingham
and Levy 1998; 18. Greene et al. 2000; 19. Shon, Wu and Levy 2000; 20. Levy et al. 2003; 21. Monaco and Levy 2003; 22.
Wu and Levy 2005; 23. Smith, Wu and Levy 2000; 24. Mitman et al. 2003; 25. Levy et al. 2005.
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CA3 activities during testing
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Driving the Recoding Dynamic during

Learning

(1) Sparse random connectivity =

Chaotic motion through state space

(2) Deterministic chaos =

Sensitivity to initial conditions

(3) Quantal synaptic failures =
Randomization of recurrent

excitation

(4) Moderate relative external activity =

Freedom to recode

William B Levy. CNS2005 meeting talk - 7:/17/0%



Table 3 Randomization Supports Recoding

Cognitive Manipulation of | Results Relative to Learning Citations
i Paradigms Randomization Cognitive Task
frequency of high frequency outperforms Smith et al. 2000
| TI chaotic low frequency
: oscillations
(variance
| constant)
free-running with competitive model has no Levy & Wu 2000
| TI Z(0) versus activity oscillations and fails .
competitive
TP size (length) of no Z(0) fails and longer Wu & Levy 1999
, fully randomized Z(0) is better up to
2(0) [20)|=a-n
TP size of fully performance correlates (r = Wu & Levy 1999
| randomized Z(0) 0.85) with before training
l sensitivity to initial
| conditions
5 TP fraction of Z(0) no Z(0) randomization fails Shon et al. 2002
: randomized and greater randomization 1s
5 better :
! TP synaptic failures 1nverse monotonic Sullivan & Levy 2003a,
i relationship between failure 2004
; rate and activity
. Disambiguation & size of m, ~35% is best Polyn & Levy 2001
' Goal Finding
l TI size of m, ~35% i1s best Levy & Wu 2005

Levy etal 2005 Neural Networks in press
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. ‘ . Minai & Levy. Predicting complex behavior in sparse
t1; Chaotic asymmetric networks. Neural Information Processing
Systems 5: Natural and Synthetic, 1993, 556-563.

e “
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Figure 1: Predicted Distribution of m (1+1) given m(¢), and Empirical Data (o) for Two
Networks A and B. The vertical bars represent 4 standard deviations of the predicted dis-
wribution for each m(¢). Note that the empirical values fall in the predicted range.
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l (a) Effectively Aperiodic Behavior
J 0=0.85, K =0.016, w = 0.4 => o= 0.227
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(c) Low Activity Cycle
8=085 K =0.0247, w =04 = 0= 0,35

() High Activity Cycle AL '
8=085, K =0012 w =0.4 = a=0.17

200 time step t 400 200 thme step 1 400

Figure 2: Activity time-series for three kinds of behavior shown by a 120 neuron net-
work. Graphs (a) and (b) correspond to the data shown in Figure 1.
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Transitive Inference

A>B;B>C;C>D;D>E

B?D

Dusek & Eichenbaum The hippocampus and memory for orderly
stimulus relations. Proc. Natl. Acad. Sci. USA, 94, 1997, 7108-7114.
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(1) Chaos good
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Levy & Wu Some randomness benefits a model of hippocampal function. In: Disorder versus Order
in Brain Function. (H. Lilienstrom, P. Arhem, C. Blomberg, Eds.) Singapore:World Scientific Pub.. pp.

221-237, 2000.
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(1) Chaos good
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Smith, Wu, & Levy Controlling activity fluctuations in large, sparsely
connected random networks. Network 11, 2000, 63-81.
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(1) Chaos good
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Smith, Wu, & Levy Controlling activity fluctuations in large, sparsely
connected random networks. Network 11, 2000, 63-81.
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Alvarado & Rudy, J. Exp Psychol., 1992, 18:145-153; Behav Neurosci., 1995.
109:204-211.



External Inputs
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(2) Sensitivity to Initial Conditions
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Shon, Wu, Sullivan, & Levy Initial state randomness improves sequence learning
in a model hippocampal network. Phys. Rev. E, 65, 2002, 031914/1-13.
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Driving the Recoding Dynamic during

Learning

(1) Sparse random connectivity =

Chaotic motion through state space

(2) Deterministic chaos =

Sensitivity to initial conditions

(3) Quantal synaptic failures =
Randomization of recurrent

excitation

(4) Moderate relative external activity =

Freedom to recode
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(3) Quantal Synaptic Failures

w=—{ = 50% failure rate

10 il 0% failure rate

0.5
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Simulations that Learn

0.04
— | | T T T 1
0.000 0.050 0.075 0.100 0.125 0.150

Activity

Sullivan & Levy, W. B Quantal synaptic failures enhance performance in a
minimal hippocampal model. Network 15, 2004, 45-67.
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(3) Failures

Failure Rate (%)
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Sullivan & Levy, W. B Quantal synaptic failures enhance performance in a
minimal hippocampal model. Network 15, 2004, 45-67.
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(4) External Activity
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I, the fraction of EC/DG inputs active

Polyn, Wu, & Levy Entorhinal/dentate excitation of CA3: A critical variable
in hippocampal models. Neurocomputing 32-33, 2000, 493-499.
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