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Introduction Attractor Networks Tower of London fasic Achieve solution In minimum Graded Lesion Effects

Cognitve deficits associated with dorsolateral prefrontal Artificial attractor networks perform useful computation by Colored balls on pegs are
cortex (DLPFC) damage are often most apparent in acting as 'associative memories', meaning that an item Is moved so that the initial state of Conl
oa

—
o
|

the gameboard is transofrmed

higher cognitive tasks that involve problem solving and retrieved from memory by patterns of activity that are I 19 35 g

managing multiple goals. Computational models of similar to the pattern representing the item. (Hopfield,
prefrontal deficits on such tasks are difficult to 1982)

C(_)nStrUCt' I_DrObIem SOIVmg 1S most_ natura”y modeled ® Recurrent connections In attractor networks are consistent with cortical connectivity.
with SymbOllc SyStemS (eg prOdUCtlon SyStemS — See ® Attractor dynamics are consistent with primate prefrontal electrophysiological data

below), but the effects of lesions are most naturally g‘eg;'t‘;ZkZ?TFeusigt'Vi‘ggg)appeafs to code for working memory for items during

modeled with subsym bolic systems (neural networks). ® Synaptic strength assignments used to store attractor patterns in the networks are
We show that when we adopt a simple and plausible consistent with strengths that Hebbian learning would produce.
model of neural computation, there Is a natural and

Goal Subgoal

explicit mapping from symbolic, goal-driven cognition Attractor Active Unit (External) (Internal)

onto neural computation. We exploit this mapping to Pattern ‘A’ \F{Irztécézgifgl

construct a neural network model that is capable of Where are the balls? 2524 B The Source of Variability: Noisy Neurons
solving complex problems in the Tower of London task. Jiieh ones are /
The model leads to a specific hypothesis about the role positions are free?
of DLPFC in such tasks: namely, that DLPFC Units inconsistent with 'A SIS ES [ETEYE Caveat: This t
: processing Is no

represents Iinternally generated subgoals that modulate »j '7 done neurally. |
competition among posterior representations. When =l o Sremotor] o
intact, the model accurately simulates the behavior of e Motor /- /
college students even on the most difficult problems. Initial Activity Transient Activity Equilibrium Activity

Furthermore, when the subgoal component is lesioned, (closest stored pattern (PELIE A The prefrontal component of the model produces

|t accurate|y S|mu|ates the behav|()r Of prefrontal IS 'A') WOrkIng memory fOI’ a Current gOa| Or SUbgoaI EaCh / ' _oint,duetoweakDLPFC
patients, including the fact that their deficits are most Associative Dynamics goal representation produces a corresponding control | SA\_LA . —

. . - Simulation Simulation Cycle
apparent on the most difficult tasks. signal that_blases the competlt_lon among legal move

representations so that goal-achieving moves tend to be
preferred.

Attractor-based Productions: Discussion

® Feedforward excitation/inhibition by modular attractor networks The Tower of London task 1s a classic test of
- Low-level fli luti h h wi -take-all d ' : : : : : :
Productlon Systems | | " within recoiving module - onwinEraieaT AYRAMICS Human/Model Comparison impairment in problem solving in prefrontal patients,
Production systems are automated collections of 'if-then’ | and appears to highlight the role of DLPFC In flexible,
rules (e.g. 'if rain = true, then take umbrella’). /m\ THEN grenetaien e symbolic cognitive processing. (Shallice, 1982; Owen et
/ » : |y al, 1990) The model presented here captures both
// / normal and patient behavior in this task. It supports a
current state of working memory and satisfy the current goal. : ; i - : : -

® Determine which of the eligible rules should 'fire', in the event that multiple . PP hierarchical theory of COgnItIVG organlzatlon, N which

eligible rules result in conflicting actions. Att tor-b d Goals: 34 2t03  4to5 lower-level processes are unaffected by PFC damage,
¢ Repeat. ractor-nase 0als. Bias 42 UM Flint Students (Intact) but In which control implemented by PFC leads to

18 TOL problems varying in

Nice properties for cognitive modeling: ® Modulation of receiving module competition toward minimum number of moves greater flexibility. More specifically, it predicts that

DLPFC is particularly critical for representing internally
generated subgoals. As one of the few instantiations of
a neural problem solver, the model illustrates the
Mean model performance on UM potential of a particular mapping of symbolic processing

Flint student problems (10 runs

per problem) onto neural processing.
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Typical Flow of Control in a Production System: L —

@ Determine which rules (productions) have if-conditions that match the

&
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Excess Moves

Moves Exxecuted

[

® Productions provide flexible, data-driven control by constantly testing the state I

of the world as represented in working memaory. Excite
® Current goal provides top-down control and constrains data-driven processing
—  Inhibit > -

toward useful ends (a natural functional explanation of goal-oriented behavior).
® Productions are associations between symbolic representations, and thus /

mimic associative thinking. | 3 4 s &
® |t is relatively easy to construct problem-solving models with them. Minimum Number of Moves

Humber of Moves Executed
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