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Abstract

When new information Is encoded by the cognitive system, episodic tracesare
formed by combining bottom-up perceptual information and environmental
context with our long-term knowledge of the world. Yet this long-term knowl-

edge Is formed through the continual accrual of the very experiencesit helps
form. We propose a new model, termed REM-II, that accountsfor this cumula-
tive processof memory and knowledge formation. REM-II retains the Bayesian
characteristic of REM (Shiffrin & Steyvers,1997),basing retrieval on likelihood

calculations and assuming separatetracesthat vary in their accuracy and com-
pleteness. A critical new aspectof REM-II is an elaborated Hebbian-like repre-
sentation that encodesnot just the presenceof features,but their co-occurrence
patterns aswell. The knowledge representation thus becomesa matrix, which

can be interpr eted aseither a setof biased encodings of the concept, or the con-
nections in a network representation of conceptual knowledge. REM-II enables
some of the rich structure of knowledge to be represented, allowing dif ferent
featuresto be presentin different degrees,and naturally incorporating poly-
semy and connotation of meaning. The approach borrows neurally-inspir ed
principles from computational neuroscienceand 'higher level' approachesfrom
cognitive psychology. The model is able to account for numerous phenomena
In tasks requiring episodic memory and retrieval (e.g.,list memory), and tasks
requiring storagein and retrieval from knowledge, (e.g., priming paradigms).
We believe that REM-II provides a scaffolding for a functional architecture for
the general organization of the human episodic traces,and for knowledge and
its formation.

Introduction

Objectsand events and in the world are processedthrough the lens of human
knowledge to form meaningful episodic memories. At the same time, these
sparsely-coded yet durable memories accrue over time to form elaborate and
deep knowledge about the world.

Despite the connections between these functionally distinct systems, they are
typically studied in isolation, with few theories or models examining the re-
lationship between the two. Furthermor e, there is some doubt over whether
thesetwo memory functions are even distinct neural systems,or simply repre-
sent dif ferent aspectsor functions of a single neural system.
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REM-II: A Bayesian model of episodic memory and knowledge

REM-II has ve primary attributes:

1.Representation: Episodic traces are composed of features; knowledge en-
coded asfeature co-occurrences.

2.Knowledge Encoding: Semantic knowledge Is encoded as the co-occurrence
of featuresin episodic traces.

3.Episodic Encoding: Episodic tracesare formed by sampling from knowledge
matrix in congruencewith physical representations.

4.Memory Access: Memory structures have evolved to approximate bayesian
probability computations.

5.Similarity/Dif ferentiation: Semanticspacesgrow becauseconceptsappearing
together share contextual features.
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1. Representations of Knowledge

Episodic memory traces are sets of
categorized feature counts.
Example Traces:

Semantic Knowledge Is accumu-
lated as the co-occurrence of fea-
turesin tracesover experience.

(red, small, round, sweet, yes- Example Matrix

terday, in kitchen,... ) 24 2 22323
04151
(7,0,6,1,5) 17322118
o 2516 2
(1,8,2,7,2) 20117122
Episodic
Context
Node
Representations have natural inter-
pretations as structures in neural Context
network representations: Weights
> Episodic tracesare connection pat-
terns between a context node and
a set of feature nodes.
> Knowledge Is a unitized intercon-
nected set of feature nodes.
Feature
Nodes &
Weights

2. Knowledge Encoding

Semantic knowledge Is formed by accumulating
feature co-occurrencesfrom individual episodes.
The episodic trace (10101)

forms the co-occurrencematrix on the right:

10101
2 Eachrow In the knowledge matrix representsa biased encoding of a concept

2 Each cell In the knowledge matrix representsa count of the number of co-
occurrencesof that pair of featuresin exemplars of the concept.

3. Encoding Episodic Traces

Episodesare encoded by:
1.ldentifying appropriate knowledge matrix - (7,0,6,1,5)

2.Sampling row from matrix or
1 (1,8,2,7,2)

3.Sampling feature from row
4.Repeatsampling process

GenericEncoding Rows sampled basedon accumulated features.
Biasedencoding Rows sampled basedon another set of features.

4. Memory Access

To accessmemory, a Bayesian calculation is performed simultaneously on all
memory traces,computing the probability of eachtrace arising from a probe.
For eachfeature category c and eachfeature+ of a probe:

c(p(c;t)) + (i c)b(c;t)
L match (G 1) = b(c: fl) (1)

c(0) + (1 c)b(c;f)
L mismatch (G 1) = b(Cl;f) = 1lj c (2)

L  f
R = match (C .) (3)
¢t Lmismatch (G 1)

5. Similarity Spaces
2 If concepts with dif ferent connotations exist, the knowledge matrix allows
thesemultiple meanings to be encoded.

2 Dif ferent meanings are supported by statistical regularities in the environ-
ment.

2 \We assumea hebbian processencodesthe co-occurrence of featureswithin a
conceptand between the conceptand local context.

Simulation 1: Development of Semantic Space

2 With experience,initially random represen-
tations will grow similar when appearing in
similar contexts.

2 Simulation involved 3 setsof items appear-
iIng probabilistically together.

> Eachrow depicts collapsed matrix.
2 [tems were encoded biased by local context.

> Representationsinclude co-occurrencewith
context features.

2 \With enough co-occurrences, representa-
tions grow similar.

Simulation 2: Development of Polysemy

2 \When concepts appear in multiple contexts, dif ferent sub-meanings emerge
INn representation.

> Simulation involved two setsof items appearing separately (1-3and 5-7);and
two polysemous items appearing in both meaning groups (4 and 8).

2> Resultsshow episodesencodedfrom polysemous wor ds canbe biasedtoward
one or another meaning group, allowing connations to be separate.

Group A versus Group B Non co-occurrent words
episodic encodings (Words 4 and 8)

Iteration O Iteration 10

3 4 5 6 1 2 3 4 5 6
Feature Category Feature Category

Iteration 100 Iteration 5000

Polysemous Word 4
biased toward A or B

Polysemous Word 8
biased toward A or B

Simulation 3: Frequency Mirror Effects in Recognition Memory

2 Mirr or frequency effects are commonly observed in recognition memory: hit
rate Is higher and false alarm rate lower for low-fr equency wor ds.

2 In REM-II, greater experience with words makes high-fr equency concepts
more similar to one another.

2> Simulation shows that such natural differencein a Zipf 's-law lexicon can nat-
urally produce mirr or frequency effects
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Discussion

. REM-II explicitly models the co-evolution of episodic
memory and semantic knowledge.

. Hebblan processessensitive to the statistics of the en-
vironment allow semantic spacesto form.

. Such a processpredicts mirr or frequency effects In
recognition memory.

.Connotation and polysemy are represented In pat-
terns of feature co-occurrence.

. Functional dissociations between episodic and se-
mantic memory may representtwo ends of a contin-
uum, from weak individual episodesto strong, elabo-
rated semantic knowledge.

. The representationsused in REM-II for episodic mem-
ory traces and semantic knowledge have a dir ect In-
terpretation asan arti cial neural network.
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