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Abstract

Traditionally, cognitive neuroscientists have represented long-term memory in
terms of the structure of a neural network’s connections and short-term memory in terms
of the patterns of activation across the network (e.g., Hebb, 1949; Caianiello, 1961).
However, recent neural-network models of short-term verbal working memory (VWM)
have used modifiable structural connections to encode item and order information
(Hartley & Houghton, 1996; Burgess & Hitch, 1999). In these models, words are stored
by changing the connection weights between linguistic units, and phenomenarelated to
VWM are thus modeled with long-term memory structures and mechanisms. Although it
may be possible for neural connections to change rapidly (e.g., see Jensen et al., 1996),
this latter approach to modeling VWM does not appear to be motivated by neurobiology.
Consequently, we have formulated a neural-network model of VWM that stores and
maintains item and order information as a pattern of activation within afixed-structure
network whose connections remain constant. Performance with this network is affected
by many of the standard factors that influence VWM performance, such as phonological
similarity, articulatory duration, and word frequency. Our work demonstrates that the
embodiment of short-term memory based on patterns of network activation isfeasible,
parsimonious, and merits more investigation. Furthermore, from our work it appears that
both the biology and psychology of specific mental processes must be understood more
fully before neural networks can be deemed “neurally plausible’.




Background and Present Goals

» Hebb (1949) tried to determine whether neural coding depends on:

(1) the activation of specific cellular units (e.g., Hull);
(2) apattern of neural activation whose locus is unimportant (cf. Lashley, Kohler).

 Based on his conclusions, Hebb formulated neural network models
of type (1) that coded information in terms of cellular activation.

* Following Hebb, recent neural network models have used
representations based on the activation of specific units, and
associations between these units are formed by increasing the
strength of their interconnections.

 To account for short-term “working” memory phenomena, these
recent models implement short-term memory storage via
mechanisms and structures like those traditionally associated with
long-term memory.

* |n contrast, the present theoretical research has two new goals:

(1) to formulate a neural network model that codes information in a pattern of
activation whose locus is unimportant;

(2) to account for short-term memory phenomena with afixed-structure network
that does not encode short-term memory information in LTM structures. 2




Proposed Verbal WM Network Model

» We propose a network model of verbal working memory that
encodes and stores short-term verbal information in afixed-
structure network whose connection weights are constant.

e Our proposed mode! differs fundamentally in several ways from
other recent models.

e For our model, short-term information is stored exclusively via
recurrent activation patterns in afixed-structure network.

e On the other hand, in recent neural network models of “short-
term” verbal working memory (VWM), performance is usually
modeled through changes in the morphological structure of a
network, 1.e., “connection weights’ (e.g., Burgess & Hitch,
1999; Lisman & ldeart, 1995; Hartley & Houghton, 1996; Page
& Norris, 1998).
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Virtues of Proposed Model

e Our proposed model implements a neural-network model of
short-term VWM without using LTM “learning” mechanisms.

 Verbal information is stored temporarily as arecurrent pattern
of activation, and it is routed within the network using gating
mechanisms.

* The model acknowledges that there are distinct storage
mechanisms and characteristics for verba “ltem” and “ Order”
Information.

« The model provides new interpretations and predictions about
patterns of “activation” found in neuroimaging studies (e.g.,
Smith et al., 1998). 5




Global Structure of Network

» Our network model is composed of Input Processes and Executive

three mgor interactive modul es: Control
the“Item” storage network; ®1 l@t
the“Order” storage network; “qtem’ @ “order
the LTM “Redintegration” network. Storage  |(@m)| Storage

_ Network Network
* Modules are connected by selection

and gating networks that route @8

Information between various

regions. LTM s etion sl Getng.

“Redintegration | | networks that route
information either (1)

o “Executive’ control processes

] Network between the network and
external to the network use it asa s
. . . (2) within the network
system for encoding, maintaining, ol
and retrieving short-term verbal Output
Information for tasks such as serial Processes

list recall.



Structure of Network Buffers

“Phonological” and “location” storage
buffers exist within the “Item” and
“Order” networks, respectively.

» These buffers consist of many

Interconnected neuron-like units.
. Above: The low-level interconnections for aregion in the
e Units are connected to themseal ves and | network buifer. Units are connected to themselves and

. nearby units.
other nearby units. o
Below: The threshold for a single unit firing again
° NCQCQ] I NCC] increases on each cycle that the unit fires, and decreases on
PrOC ng proceeds IN SUCCESSIVE each cycle that the unit does not fire, ranging from a
CyC| Es. minimum of 0.5 to a maximum of 1.0. The figure shows

the functional relationship between threshold and

* During each cycle, aunit iseither “on” | consecive cyclesof firing

or “off”.
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*|f the activation of aunit exceeds a % 08 t///
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cycle 202

«\When a unit fires, its threshold T oo
Increases, making the unit less likely t 010,000 20,000 30,000 40,000 50,000

fire aga| n. Consecutive cyclesof firing



Representation of Words in Buffers

*The“Item” information for aword is
coded in terms of its phonological
features.

e The“Order” information for aword
1S coded as an index to the location in
the storage buffer for the next word.

e Individual phonological features are
coded by the activation of many
contiguous units.

e Individual words are represented as a
single row of features, coded by the
activation of many contiguous rows
of units.

* Patterns of activation, independent of
their location in the buffer, embody
Information about an encoded word.

Unitsin the Storage Buffer
Individual Features

e lanTantan

Row 1{
Row 2{
Row 3{

Typical Activation Petterns

TR T, dog”

NRFURNIFIFIFNI o TTS o




Activation Dynamics in Storage Buffers

e VVerbal information is coded as a
persistent pattern of activation.

e Local excitatory connections
encourage active blocks of unitsto
remain active, and inactive blocks to
remain inactive.

* Activation decays with time, because
elther:
(1) Incoming stochastic activation

dips below the activation
threshold,;

(2) The slowly increasing threshold
exceeds typical levels of
activation.
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Typical operation of storage network.
When a small block of unitsin the buffer
is activated, the activation is maintained
in thisregion for aperiod of time.
Eventually, because of aslowly
increasing threshold, the activation will
fail to be propagated to the next cycle.
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“Item” Storage Network

* The “Item” storage network is

composed of a phonological
buffer (B) and supervisory
encoding and retrieval
networks (A & C) that access
this buffer.

* The phonological buffer (B)
stores words In terms of their
phonological features.

 The supervisory encoding
network (A) places _
phonological feature inputsin
Inactive regions of the
phonological buffer.
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ToLTM

e The su&ervisor retrieval
network (C) selects
Information from a cued

location of the ,:)honol ogical
buffer for recall.

The above diagram depicts the operation of the “Item” storage network.
The phonological feature representation of “cat” is presented (1) and stored
(2) in the ninth row of the phonological buffer. Later, the contents of the
third row are cued for retrieval (3), and routed to the LTM network (4),
where the pattern is redintegrated, and the word “dog” is produced

for recall.




“Order” Storage Network

« Basic structure of “Order” Location Input L ocation
network issimilar to “ltem” @ o Retrieval Cue
network. a @ .

* Location buffer (B) stores serial L) Supervisory (ninth row)

; i g Network
order information through the
activation of a block of units that 1 1
Indicates the next item’srow In (B) Location (C) Supervisory
the location buffer. Buffer (= Retrieval

° SuperVISory encodi Nng network —--------F
(A) places serial order I
Information for new itemsin Bhriiriiis 1
Inactive regions of the location STiTTeias @+ -------
buffer. @ """"" (third row)

° Superv| Sory retrieval network (C) Above diagram depicts the operation of the “Order” storage

. . network. The order information indicating that the next item will
Sel ectsi nf ormation f rom Cued be stored in the third row is presented (1) and encoded in the ninth

row (2). Later, the information in the ninth row is cued for

|Ocat| ons Of the |Ocatl on bUffer retrieval (3), and retrieved from the network (4).




Structure of Gating M echanisms

Informational Gating

* Adjacent to the network buffers are gating Ativation  Cue

mechanisms that select information and route it @
through the network.
» The top right panel shows a Gate, in which: O\
— Normally, activity of unit A does not affect unit E @
because activity of unit D counteracts that of C.
— When the gating cue at unit B is activated, it °
“opens’ the gate by activating itself and inhibiting @
Unit D Gated Output

— When the gate is opened by unit B, activity in unit

A passes through unit C and activates unit E.
— Eventually, the gate “closes’ because the (V (v (y

threshold of unit B increases, stopping B from | @e------efge---- oo
firing. " .,. 4

» Bottom panel showsawinner-take-all selector: | ™l o

— When asingle unit fires, it inhibits other units.
— Eventually, asingle unit fires exclusively.

——p Excitatory Connection
Inhibitory Connection

........ o 12




Structure of LTM Network

* Degraded information from the
phonological buffer is Input From
“redintegraded” by along-term Phonological Store
memory attractor network.

e The attractor network has units

whose interconnections store Phonological

al relevant words (e.g., al Feature Units O

Span tagg). -0 o e &7
» For each stored word, thereisa N\N\Sise/e7,

stable pattern of activation in \.\V.. T

the network. 74\/A\

- L Word Units ~ @*°*U***

 Redintegration is poorer for  tevedeest

patterns that are not well- dog” “fish" *cat

learned, such as those
associated with infrequent
words or non-words. 13




Properties of “ltem” Information

e “Item” information is stored Example Trial

In the phonological buffer. P
Black bands
* Astime passes, activation PR, . dencteacive.
patterns for phonological |
features decay, but an entire

word can be reconstructed
based on residual activation.

* Together, the “Item” and

Time
(cycles)

LTM networks produce

observable decay functions & ==l
(probability of correct recall = °%]
versustime) for similar and ¢, [smilaritems
dissimilar word sets. % 02-
2
. . . S 0
* Decay distributions are £ 0 w0 w0 o 80 1000

approximately log-normal.
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Properties of “Order” Information

Example Trial

S

e Serial order information is
stored in the location buffer
as a single band of
activation.

Black band

 This activation band ceroiesaive
eventually fails to propagate 5 |
Itself, “decaying” with time. Time

(cycles)
e Although “ Order” -

Information decays like the 06 -
individual features of the o
“Item” information, “ Order” | | | , ,
Information is less robust »n 0 200 400 600 8O0 1000
because it cannot be rime(ereles
redintegrated.

Probability Correct Order
Recall
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Performance of Gating Network

* When a gate Is opened, Gate Open’

activation passes through Y
immediately. £ gl
» The gate remains open until g Ll
the gating unit (B) failsto 5 |
reactivate itself. g
. o :
e Thelength of timethat the 27|
gate remalns open varies e
stochastically. t Time (cycled
. . Gating
 Thistime depends on the rate Qe —
. . . The operation of gating mechanism is shown above. Here,
at Wh| Ch the gan ng un|t’ S the informational (pre-gate) unit is active throughout the
] ] . simulation. When aqatmg \(/:Vlijelspri&veerilted for asmgleu
activation thresnold increases. e gete 10 aperiod of tme. Eventualy, he gete- dloses.
because of a slowly increasing activation threshold.
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Network Operation: Storage

* The“Item” network stores O —
Infor-mation in a phonological =
buffer, and the “ Order” 4

network stores information in  |*item" Network <T> “Order” Network
alocation buffer. _ _
Phonological “Next Location” L ocation

e Corresponding rows of the Buffer Netork Buffer
Bhonol ogical and location E—— S
uffers contain information | € — E—
about the same word. o ||() B——

e Storage operationsinthe || - || || e
“Item” and “Order” networks ()| === ®

are- Coordl nated by SuperVi Sory The above diagram shows the operation of the “Item” and “ Order”
gatl ng netW(_)rkS, SUCh as the networks dur?r?g storage. This o[?)eration is modulated through a*“Next
b Next L Ocatl On” ne‘twork L ocation” supervisory network. At point (1), the “Next Location”

network indicates that the next encoded item will be stored in the ninth

° The t NeXt Local'_l On” nEtWOI’k row. Next, anew item (2) is encoded into the “Item” network (3).
Then, the “Next L ion” kd i hat th i ill
selects an empty row of the | peSuainthetnirow @) Findly, anorder cuetothethird rows
phonol Og| Cal bUffer, us ng a stored in the ninth row of the “ Order” network (5), and the process

repeats. Here, the next encoded item will be stored in the third row of

“‘winner-take-all” mechanism. | e ien nework.
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Network Operation: Recall

e To perform recall, a“Next
Location” storage buffer is used
by executive recall processes.

e The “Next Location” buffer
stores the location of the next
to-be-recalled item.

« The executive control processe@
can step through the “Order”
buffer without accessing “ltem”
Information.

“Item” Network

Phonological
Buffer

o i R R

To LTM network

“Next Location”
Buffer

E——

r——

A’

@

“Order” Network

e External order cues can also be
used to access “Item”
Information, bypassing the
“Order” network.

The above diagram shows the operation of the “Item” and “ Order”
networks during recall, using a“Next Location” buffer. Initialy,
the “Next Location” buffer indicates (1) that the next to-be-recalled
item is stored in the ninth row. The phonological information in the
ninth row of the “Item” network (2) is selected and sent to the LTM
network (3). Meanwhile, the ninth row of the “Order” network (4)
contains the information about where the next to-be-recalled item is
located--in the third row. Thisinformation is retrieved and sent to
the “Next Location Buffer” (5), and the process repeats.
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Evaluation of Proposed Model

Our model is based on several empirically testable
assumptions. These assumptions include:

e |tem and order information have distinct decay-time
distributions.

e Item and order information are stored independently,
perhaps in distinct areas of the brain.

e [tem Information is accessible even when order
Information has been |ost.

e Activation levelsin the network buffers increase with the
amount of stored information.

 Memory for higher frequency words is better than memory
for low frequency words or pseudowords.
19




Supporting Evidence: Dissociated Memory for

ltem and Order Information

« Kimura and Watson (1989) ) ) 1007 COra Moverments
found that patientswith parietal | 1 i S
damage have pervasive ordering ' 25 -
deficits, suggesting adomain- W =1 H m§ i “ Fl
general serial order mechanism. T " ot e s e

Controls Lesion Cotds Leso comes Fl’_atelﬂe?s
Patients Feter
e Henson et al. (1996) found that __
Item and order information are 2| 7
retained quasi-independently, e
showing that “Order” I A
information may be accessible |0
even if the“Item” information is 8] et |
not.
20
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Additional Supporting Evidence

* Smith, Jonides, Marshuetz, and
Koeppe (1998) found that for the n-
back VWM task, activation in brain

Activallons
—a— Right &
—+— Lefl 6/32
—— Lefl 44
—— Lafl 40
—a— Right 7

ignal Change (%)
[ XY Lt -9 an

regions that implement storage 2 A it
Increases with memory load, T o= e = M
supporting the assumptions about T i
activation dynamics of the present
model.
 Gathercole, Pickering, Hall, and v | o
Peaker (2001) found that words are coreit .
recalled better than non-words, i \/
showing that well-learned stimuli are Nonwords
better redintegrated, as the present o
model predicts. 123 4 s
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