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ABSTRACT 

It is by now well-recognized that a major impediment to 
developing knowledge-based systems is the knowledge acquisition 
bottleneck: the task of building up a complete enough and correct 
enough knowledge base to provide high-level performance. This 
paper proposes a new class of knowledge-based systems designed 
to address this knowledge-acquisition bottleneck by incorporating 
a learning component to acquire new knowledge through 
experience. In particular, we define Learning Apprentice Systems 
as the class of interactive knowledge-based consultants that 
directly assimilate new knowledge by observing and analyzing the 
problem solving steps contributed by their users through their 
normal use of the system. This paper describes a specific 
Learning Apprentice System, called LEAP, which is presently 
being developed in the domain of VLSI design. We also discuss 
design issues for Learning Apprentice Systems more generally, as 
well as restrictions on the generality of our current approach. 

I Learning Apprentice Systems 

It is by now well-recognized that a major impediment to 
developing knowledge-based systems is the knowledge acquisition 
bottleneck: the task of building up a complete enough and correct 
enough knowledge base to provide high-level performance. In an 
effort to reduce the cost and increase the level of performance of 
current knowledge-based systems, a number of researchers have 
developed semi-automated tools for aiding in the knowledge 
acq uisition process. These tools include interactive aids to help 
pinpoint and correct weaknesses in existing sets of rules 
(e .g., [1, 2[), as well as aids for the acquisition of new rules 
(e.g ., [3[). Others have studied the automated learning of rules 
from databases of stored cases , but with few exceptions 
(e.g. , [4, 5[), work on machine learning has not yet led to useful 
kn owledge acquisition tools. 

This paper proposes a new class of knowledge-based consultant 
systems designed to overcome the knowledge acquiSitiOn 
bottleneck , by incorporating recently developed machine learning 
methods to automate the acquisition of new rules. In particular, 
we define Learning Apprentice Systems as the class of interactive 
kn owledge-based consultants that directly assimilate new 
kn owledge by observing and analyzing the problem solving steps 
contributed by their users through their normal use of the 
system. This paper discusses issues related to the development of 
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such Learning Apprentice Systems, focusing on the design of a 
particular Learning Apprentice System (called LEAP) for VLSI 
circuit design. 

One key aspect of Learning Apprentice Systems as we define 
them is that they are designed to continually acquire new 
knowledge without an explicit "training mode". For example , the 
LEAP system provides advice on how to refine the design of a 
VLSI circuit , while allowing the user to override this advice and 
to manually refine the circuit when he so desires. In those cases 
where the user manually refines the circuit, LEAP records this 
problem solving step as a training example of some rule that it 
should have had. LEAP then generalizes from this example to 
form a new rule summarizing this refinement tactic. 

In task domains for which Learning Apprentice Systems are 
feasible, we expect that they will offer strong advantages over 
present architectures for knowledge-based systems. Many copies 
of a Learning Apprentice System distributed to a broad 
community of users could acquire a base of problem-solving 
experience very large compared to the experience from which a 
human expert learns. For example, by distributing copies of 
LEAP to a thousand circuit designers, the system (collection) 
would quickly be exposed to a larger number of example circuit 
designs than a human designer could hope to see during a 
lifetime. Such a large experience base would offer the potential 
for acquiring a very strong knowledge base, provided effective 
learning methods can be developed. 

The following section describes the design of the LEAP 
Learning Apprentice system for VLSl design , focusing on its 
mechanism for capturing training examples, and on its methods 
for generalizing from these examples to form new rules. The 
final section discusses some of the major choices made in the 
initial design of LEAP, limitations on the applicability of our 
initial approach, and several basic issues that we see as central to 
developing Learning Apprentice Systems 1n a variety of task 
domains. 

II LEAP: A Learning Apprentice for VLSI Design 

LEAP is currently being constructed as an augmentation to a 
knowledge-based VLSI design assistant called VEXED [6J. 
VEXED provides interactive aid to the user in implementing a 
circuit given its functional specifications, by suggesting and 
carrying out possible refinements to the design. A large part of 
its knowledge about circuit design is composed of a set of 
implementation rules, each of which suggests some legal method 
for refining a given function. For example, one implementation 
rule states that IF the required function is to convert a parallel 
signal to a serial signal, THEN one possible implementation is to 
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training examples that 11 ca n rap turP from 11 s user!:i . and two 
generalization meth ods tha1 a ll ow LEAP to form general rules 
from these examples. 

A. The VEXED Design Consultant 

VEXED is a prototype kn ow ledge-based design consultant that 
provides a convenient ed itor and user interface which helps the 
user design digital circuits beginning with their functional 
specifications and leading to their implementation. VEXED 
maintains an agenda of design subtasks (e.g., "implement the 
module that must multiply two numbers") which initially 
contains the top-level task of implementing the entire circuit. 
VEXED repeatedly selects a su btask from t he agenda, examines 
its implementation rules to determine wh et her it can suggest 
possible implementations for the corresponding circuit module , 
then presents any such suggestions to the user. The user may 
select one of the suggested implementation rules, in which case 
that rul e is executed to refin e the mod ule. Alternatively , the 
user may disregard VEXED 's suggestions and instead use the 
editor to manually refine the circuit module . It is in this later 
case that LEAP will add to its knowledge of circuit design , by 
generalizing from the implementation step contributed by the user 
to formulate a new rule that summarizes a previously 
uncatalogued implementation method. 

As an example of this kind of learning scenario, suppose that 
at some point during the design VEXED and the user are 
considering the task of implementing a particular circuit module . 
In the present" example , this circuit module must compute the 
boolean product of sums of four particular input signals which 
appear in the context of the larger circuit . Assume furt her that 
these input signals are regular streams of boolean values arriving 
every IOO nanoseconds, remaining stable for approximately 70 
nanoseconds , and encoded m positive logic** Assume 
furtherm ore, that the stream of input values for Inputl is known 
to be an alternating stream of logical ones and zeros . The exact 
definitions of the funct ion to be implemented and of the signals 
for which it must work are given in the top half of figure 
II-I*** 

Given this information about the mod ule to be implemented, 
the system searches its set of imp Iemen tation rules for advice 
regarding possible refinements of this circuit . In this case , the 
system may have a rule that suggests implementing the circuit 
module using an AND gate and two OR gates. Suppose, 
however, that the user disregards the advice of the system in this 
case, choosing instead to implement the m odule using the circuit 
shown in figure Il-l. This implementation contributed by the 
user provides the system with precisely the kind of training 
example that LEAP needs for learning a new implementation 
rule. In general , then, each training example consists of (I) a 
description of the function to be implemented, (2) a description 
of the known character istics of the inpu t signals , and (3) a circuit 
entered by the user t o implement the given function for the given 

**That is, a logical one is encoded as five volts, and a logical ~ero as 
zero volts. 

*USignals, o r "datastreams" in VEXED are described as an array of data 
elements, each defined in terms of its Value , Start-Time, Duration , 
Datatype , and Encoding. 

Function to b<' lmpl<'ment<'d : 
Inputs: Input! , lnput2 . lnput3. ln put4 
Outputs: Output 
Function: (Equals (Value Output( i)) 

(And (Or (Value lnputi(i)) (Value lnput2(i))) 
(Or (Value Input3(i)) (Value lnput4(i))))) 

Where Input Signals Satisfy: 
(Datatype Inputi(i)) = Boolean 
(Value lnputl(i)) = i Mod 2 
(Encoding Input! (i)) = Positive-Logic 
(Start-Time lnputl(i)) = i· IOO + t0 
(Duration Inputl(i)) = 75 nsec. 
(Datatype Input2(i)) = Boolean 
(Value Input2(i)) = unknown 
(Encoding lnput2(i)) = Positive-Log ic 
(Start-Time lnput2(i)) = i-100 + t

0 
(Duration Input2(i)) = 65 nsec. 
(Datatype lnput3(i)) = Boolean 
(Value Input3(i)) = unknown 
(Encoding Input3(i)) = Positive-Logic 
(Start-Time Input3(i)) = i· IOO + t0 
(Duration lnput3(i)) = 58 nsec. 
(Datatype lnput4(i)) = Boolean 
(Value lnput4(i)) = unknown 
(Encoding Input4(i)) = Positive-Logic 
(Start-Time Input4(i)) = i·IOO + t 0 
(Duration lnput4(i)) = 75 nsec. 

User's Solution: 

Figure 11-1: A Training Example for LEAP 

input signals. • * • • 

Given such a training example, there are two kinds of chan ges 
that one might expect the system to make to its kn owledge base. 
First , LEAP has the opportunity to acquire a new 
implementation rule that can be used in su bsequent cases to 
suggest the user 's NOR-gate circuit where it 1s a possible 
implementation. Second, the system also has an opportuni ty to 
learn a fragment of control knowledge for selecting between the 
NOR-gate implementation and the prev iously known AND-OR 
gate implementation, depending on which is preferred according 
to some cost criterion. In VEXED, we have cleanly separated 
out these two kinds of knowledge. Implementat ion rules 
characterize only the pouible correct implementations, while a 
separate body of control knowledge will be used to select t he 

u•• Although in this example the user ' s circuit has been refined down to 
t he gate level , in general it need only be one step more refined than the 
sub·module it is implementing. 
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IF the Function to be Implemented is of the form: 
Inputs: lnputl , lnpu t2 , Inpu t3 , In put4 
Outputs: Output 
Funct ion: (Equals (Value Output(i)) 

(And (Or (Value Inputl(i)) (Value Input2(i))) 
(Or (Value Input3(i)) (Valu e Input4(i))))) 

Wher e Input Signals Satisfy: 
(( Datatype Inputl (i) = Boolean) 
((Encod in g lnpu t l(i)) = Positive-Logic ) 
((Datatype lnput2(i) = Boolean) 
((Encoding lnput2(i)) = P osit ive-Logic ) 
( (Datatype lnpu t3 (i) = Boolean) 
((Encoding Inpu t3 (i)) = P osit ive-Logic) 
((Datatype Inpu t4 (i) = Boolean) 
((Encoding Inpu t4(i)) = P osit ive-Log ic) 
(Length (Intersection (Interval Inputl(i)) 

(In terval Input2(i)) 
(Interval lnput3(i)) 
(Interval Input4(i)))) > 3 nsec. 

THEN one possible implementation is: 

Figure 11-2: Inferred Rule with Generalized Left-Hand Side 

Given this training example, the most straightforward method 
of acquirin g a new implementation rule is to create a rule that 
suggests the given circui t can be used to implement the given 
mod ule fun ct ion in precisely this context (e.g., whenever the input 
signals are precisely t he same as in t he t raining example). Such 
a rule would clearly be so spec ifi c that it would add little of 
general use to the system 's knowledge of implementation met hods. 
A better approac h would be to generalize t he preconditions (left 
hand side) of t he implementation rule, so that it characterizes the 
general class of input signals for which the given circuit correctly 
implements t"he specified function. Such a generalized rule is 
show n m figure II-2 and the method for producing such 
generalizations in LEAP is described in the following subsection. 
A further step in generalizing the implem entation rule would be 
to generalize the user's circuit as well as the function it 
implements . (e.g., t he essential idea behind the NOR-gate 
implemen tation can be used to implement a class of functions 
related to the one encountered in this training example) . Such a 
generalization of the implementation rule is shown in figure II-3 , 
a nd the method used by LEAP for generalizing the rule in this 
fashi on is described in subsection 2.3. 
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IF the Function to bP Implt>mented is of the form: 
Inpu ts: < inputs > 
Outputs: < out > 
Function: (Equals (Value < out > (i)) 

(And < bool-fn2 > < bool-fnl > ) ) 

THEN one possible implementation is: 

With Specifications of the three modules as follows: 

P
1
': (Equals (Value X(i)) (Not < bool-fn2 > )) 

P
2

': (Equals (Value Y(i)) (Not < bool-fnl > )) 

P 3' : (Equals (Value < out > (i)) (Not (Or X(i) Y(i)))) 

Figure 11-3: Inferred Rule with Generalized Right-Hand Side 

B . Generalizing the Rule Left-Hand Side 

LEAP computes a. justifiably general rule precondition by 
using its theory of digital circuits to analyze the single training 
example. In particular, LEAP first explains (verifies) for itself 
that the circuit does in fact work for t he example input signals, 
t hen generalizes from this example by retaining only those 
features of the signals that were mentioned in this explanation. 
It is this set of signal features that is required for the 
explanation to hold in general , and which therefore characterizes 
t he class of input signals for which the circuit will correctly 
implement the desired funct ion . This explain-then-generalize 
method for producing justifiable generalizations from single 
examples is based on our previous work on goal-directed 
generalization [7J, and is also similar to the generalization 
methods employed in [8, 9, 10[. 

T o illustrate this generalization method , consider again the 
training example introduced above in figure II-1. LEAP begins 
by verifying that the example circuit will operate correctly for the 
example input signals . In order to do this, it examines its 
definitions of the primitive components that make up the example 
circuit. Figure 2-4 shows the description of the primitive NOR 
gate used m the present example circuit . The Operating 
Conditions in this description summarize characteristics of the 
input signals that are required for the component to have a well 
defined output . For example, the constraint " {Length 
{Intoroection {Interval Inputl{i)) {Interval Input !!{i)))) > 3 nsec ." 
indicates that for t he NOR gate to operate correctly, its inputs 
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Input s: Input I. lnp11t 2 
Outputs: Output 

Operating Conditions: 
(Equals (Datatype lnputl(i)) Boolean) 
(Equals (Encoding Input I (i)) Positive-Logic) 
(Equals (Datatype lnput2(i)) Boolean) 
(Equals (Encoding lnput2(i)) Positive-Logtc) 
(Length (Intersection (Interval lnputl(i)) 

Mapping: 
(Equals 

(Equals 
(Equals 

(Equals 

(Interval lnput2(i)))) > 3 nsec . 

(Value Output(i)) 
(Not (Or (Value lnputl(i)) (Value lnput2(i))))) 
(Encoding Output(i)) Positive-Logic) 
(Start-Time Output(i)) 
(+ 10 (Latest (Start-Time lnputl(i)) 

(Start-Time lnput2(i))))) 
(Duration Output(i)) 
(Length (Intersection (Interval lnputl(i)) 
(Interval lnput2(i))))) 

The Operating Conditions describe minimum 
requirements on input signals to assure the component 
will produce a well-defined output. The Mapping 
describes how features of the output signal depend on 
the inputs . 

Figure 11-4: Known Behavior of a NOR Gate_ 

must overlap in time by at least 3 nanoseconds***** 

These Operating Conditions of the individual circuit 
components are constraints that must be verified for the example 
circuit and the given input signals. Some of these operating 
conditions can be tested directly against the descriptions of the 
global circuit inputs (e.g. , the operating conditions for the left­
most NOR gates in the example circuit can be tested against the 
known characteristics of the circuit inputs). The operating 
conditions associated with components internal to the example 
circuit must be restated in terms of the equivalent constraints on 
the global circuit inputs . These constraints are therefore 
propagated to (reexpressed in terms of) the global inputs of the 
circuit network , then tested to see that they are satisfied by the 
example input signals . For instance, the constraint "(Length 
{lnteroection {Interval X(i)) {Interval Y(i})}} > 3 nsec." which 
follows from the operating conditions of the right-most NOR gate, 
is reexpressed in terms of the four global circuit inputs to 
produce the equivalent constraint "{Length {Intersection {Interval 
/nput1 (i) )(Interval lnput!!{i) ){Interval Input3{i) ){Interval 
/nput,j(i)}}) > 3 nsec.". ****** By propagating the constraints 
arising from the operating conditions of the circuit components, 
as well as the original constraint on the circuit output (e.g. , that 

'''''The JntervaJ of a data element is defined here as the time interval 
beginning at the Start· Time of the data element. and continuing for the 
Durotion of that data element. 

''''''This const raint propagation step ifi performed in the VEXED 
system by a set of routines called CRITTER [11 J which is able to propagate 
and check signal constraint!! in loop-free digital circuits, by examining the 
function definitions of the primitive circuit elements. 
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desirPd functi on for th e gi\'en Hlpllt:- M o re impo rtautl:-. th r 
constraints that are propagat.ed to thr inputs of t.he circuit 
network characterize precisely thr class of inputs for which th e 
circuit will operate correctly. and th erefore const,ilu t.e the desired 
general preconditions for the newly acquired implementation rule . 

In summary , the procedure for computing the generalized 
preconditions for the new rule is to (I) propagate eac h constrai nt 
derived from the operating condit ions of each primitive circuit 
component , along with constraints on the global circuit output , 
back to the global inputs to t.he circuit network , then to (2) 
record the resulting constraints on the global inputs, wi th 
appropriate substitution of variable nam es, as the generalized 
preconditions for the new implementation rule . Figure 11-2 
illustrates the resulting generalization for the training example 
from figure 11-1. Notice that in comparing this generalized rule 
with the original training example , values of several features of 
the circuit inputs have been generalized . Only the constrain ts on 
Datatype and on Signal-Encodings remam intact , while the 
detailed values for the signal Start-Times and Durations have 
been replaced by the general constraint on overlapping time 
intervals. 

C. Generalizing Rule Right-Hand Side 

The previous section describes how LEAP is able to generalize 
the left-hand side (LHS) of the rule by determining the class of 
input signals for which the given circuit will work . This sect ion 
describes how LEAP can also generalize the right-hand side 
(RHS) of the rule; that is, generalize the circuit schematic along 
with the functional specifications to be implemented. 

The key to generalizing the RHS is to first verify t hat the 
circuit correctly implements the desired function. This 
verification can then be examined to determine the general class 
of circuits and functional spec ificat ions to which the same 
verification steps will apply . This method , which we call 
Verification-Based Learning , is desc ribed more generally in [ l 2J. 
That paper discusses the general applicability of this method to 
learning problem-decomposition rules , or planning schema. Here 
we discuss the application of this method to generalizing circui t 
implementation rules , and illustrate the method using the training 
example and rule discussed above. 

1. Step 1: Forming the Composed Specification from 
Rule RHS 

The frrst step 
design rule from 
ensuring that the 
the original circuit 

m the process of inferring a · general circuit 
a training example ts that of verification : 

function computed by the user 's circuit meets 
specification. 

We can derive a description of the circuit's function from its 
structure by composing the functions of the submodules 
constituting the circuit, according to the configuration in which 
they are interconnected. For the user 's NOR-gate circuit, this 
composed specification is given as 



( EQUALS ( ~A LVE Ou,.puL( I ) 

(NOT (OR (NOT (OR (VALUE lnputl(i)) 

(VALUE lnput2(i)))) 

(NOT (OR (VALUE lnput3(i)) 

(VALUE Input4(i)))) 
) ) ) 

Note that , in general , the composed specification will be a 
syntactically roexpre48ed version of the original specification . For 
example, the above composed specifi cation is not syntactically 
identical to the functional specifications in the training example, 
even though it does represent the same boolean function. This 
frequently occurs m VLSJ circuits in which, for example, 
functional specifications in terms of AND and OR boolean 
expressions are often implemented in terms of NAND and NOR 
gates. 

2 . Step 2: Verifying the Circuit Function 

To verify the correctness of the user-suggested NOR-gate 
circuit, LEAP must show the equivalence between the composed 
specification· for this circuit and the original specification of the 
circuit being implemented . Thus , it seeks to verify that 

(IMPLIES (composed-spec) (original-spec>) 

or in this case 

(IMPLIES 

(NOT (OR (NOT (OR (VALUE lnputl(i)) 

(VALUE lnput2(i)))) 

(NOT (OR (VALUE Input3(i)) 

(VALUE Input4(i)))))) 

(AND (OR (VALUE lnputl(i)) 

(VALUE Input2(i))) 

(OR (VALUE Input3(i)) 

(VALUE Input4(i))))) 

LEAP verifies that the composed specification meets the 
original specification by determining a sequence of algebraic 
transformations which , when applied to the composed 
specification , will yield the original specification. Each transform 
has a precondition which describes the class of situ ations to which 
it can be applied , and a postcondition which spec ifies the resul t 
of the transformation. The two transforms that will be used for 
the cu rrent example in the circuit domain are given below. 
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De-Morgan 's ~aw 

Precondition: 
(NOT (OR ( bool - fnl ) <bool- fn2 >)) 

Postcondition: 
(AND (NOT <bool-fnl>) (NOT <bool-fn2>)) 

Remove-Dou bie-N ega tion: 

Precondition: 
(NOT (NOT <bool-fn>)) 

Postcondition: 
(bool-fn> 

Here "< bool-fn > " represents an arbitrary boolean fun ction. 
Shown below is the verification as a sequence of transformations . 

VERIFICATION 

(NOT (OR (NOT (OR (VALUE Inputl(i)) 

(VALUE Input2(i)))) 

(NOT (OR (VALUE Input3(i)) 

(VALUE Input4(i)))))) 

De-Morgan 

(AND (NOT (NOT (OR (VALUE Inputl(i)) 

(VALUE Input2(i))))) 

(NOT (NOT (OR (VALUE Input3(i)) 

(VALUE Input4(i)))))) 

Remove-Double-Negation 

(AND (OR (VALUE Inputl(i)) 

(VALUE Input2(i))) 

(NOT (NOT (OR (VALUE Input3(i)) 

(VALUE Input4(i)))))) 

Remove-Double-Negation 

(AND (OR (VALUE Inputl(i)) 

(VALUE Input2(i))) 

(OR (VALUE Input3(i)) 

(VALUE Input4(i)))) 

s. Step S: Determining the Generalized Composed 
Specification 

Given the verification tree shown above, the next step is to 
determine the general class of expressions for which this sequence 
of verification steps will correctly apply . This is essentially a 
problem of viewing the transformation sequence as a 
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I'"'J.>agat.ing the precondition of each transform 1n t.he sequence, 
to drtermine the necessary <"onditions on the starting expression . 
This process is described in great.er detail in •l2 j. The sequence 
shown below illustrates this back-propagation , and indicates the 
resulting generalization of the composed specification. 

COMPUTING THE 
GENERALIZED COMPOSED SPECIFICATION 

(AND (OR (VALUE Inputl(i)) 

(VALUE Input2(i))) 

(OR (VALUE Input3(i)) 

(VALUE Input4(i)))) 

Remove-Double-Neg 

(AND (OR (VALUE Inputl(i)) 

(VALUE Input2(i))) 

(NOT (NOT <bool-fnl>))) 

Remove-Double-Neg 

(AND (NOT (NOT <bool-fn2>)) 

(NOT (NOT <bool-fnl>))) 

De-Morgan 

(NOT (OR (NOT <hool-fn2>) 

(NOT <bool-fnl>))) 

Notice that the final expression in the above sequence 
describes the generalized composed specification for which the 
verification will correctly apply. From it , we see that the 
important feature of the two submodule specifi cations P 1 and P 2 
(the two leftmost NOR gates in figure 11-1) is that they both 
compute the negation of 8ome boolean funot ion, while t he 
specifications of t he third component cannot be generalized. 

GENERALIZED SPECIFICATIONS OF SUBMODULES . 
pl : (EQUALS (VALUE X(i)) (NOT <bool-fn2>)) . 
p2 : (EQUALS (VALUE Y(i)) (NOT <bool-fnl>)) . 
Pa : (EQUALS (VALUE <out>(i)) 

(NOT (OR X(i) Y(i)))) 

4. Step 4: Determining the Generalized Original 
Specification 

Having determined the generalized specifications of the circuit 
submodules , the RHS of t he new rule can now be formed. 
However, LEAP must also produce a corresponding generalization 
of the origin al functional specification in t he rule LHS. This 
generalized original specification can be computed in a relatively 
straightforward manner, either by reapplying the sequence of 

Ill• 

or by using t.he \afl~hlr· h11Hiin ~ :-- g t 'fli ' P1it-'d wh en r ornputm g th (• 
generali zed rornposed S!J<•r iflrat ion Fo llowing either of I h<·se tw o 
approaches. the result 1s that the new original specificati o n 
becomes 

(EQUALS (VALUE Output(i )) 
(AND <boo l-fn2> <bool-fnl >)) 

Comparing the generalized original specification above with the 
original specification of the circuit implementation in figure Il- l , 
it is seen that a generalization of the original specification has 
been achieved from a conjunction of disjunctions to a conjunction 
of any boolean functions. 

5 . Step 5: Forming the New Implementation Rule 

We have shown in the last few paragraphs how the original 
specification of a circuit module as well as the functional 
specifications of each of the submodules Pi in its implementatio n 

could be generalized. The final step ts t o form the new 
implementation rule which is based on these gen eralized 
specifications . The preconditions for this new rule are formulated 
to require {I) that the function to be implemented match the 
generalized original specification , and (2) that the input signals 
satisfy the constrain ts that are determined as shown In the 
previous su bsection. The right-hand side of the new rule is 
formulated so that it produces the submodules with their 

corresponding submodule specifications P;' · For the present 

example, the new implementation rule formed In this 
fashion******* is shown in figure 11-3. 

III Discussion 

The previous section describes m some detail how LEAP 
captures training examples from its users , and how it forms 
general rules from these examples. This section discusses more 
broadly t he architectural issues involved in designing knowledge­
based systems that can incorporate such learning methods. In 
particular, we discuss the major design features of LEAP t hat 
appear important to the design of Learning Apprentice System s 
more genera lly . Three design features that have a major impact 
on the capabilities of LEAP are: (1) the interactive nature of the 
problem solv ing system, (2) the use of analytic meth ods for 
generalizing from examples, and (3) the separation of knowledge 
about when an implementation technique can be used fr om 
knowledge about when it 8hould be used . 

A . Interactive Nature of the Apprentice Consultant 

A fundamental feature of LEAP is that it embeds a learning 
componen t within an inte ractive problem-solving consultant . This 
allows it to collect training examples that are closely suited t o 
refining its rule base. In particu lar , training examples collected 
by a Learning Apprentice have two attractive properties: 

1. Training examples foc us only on knowledge that 1s 
missing from the system. The need for the user to 
intervene in problem solving occurs only when the 
system is missing knowledge relevant t o the task at 
hand, and the resulting training examples therefore 
focus specifically on this missing knowledge . 

'''''''Notice t ha t in this rule, there are no final constraints that must 
be satisfied by the input signals. This is because the left-most circuit 
modules in the figure are defined so abstractly , that they pose no 
constrain ts on the signal fo rmats of their inputs . 
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training examples used b~ olhrr rul e lf'arning systems 

such as Met.a-DE!'\DRAL :4 . and INDLCE-PLANT [5 j, 
m which training examples are complete problem 
solutions. By working with training examples that are 
single steps , LEAP circumvents many difficult issues of 
credit assignment that arise in cases where the training 
example corresponds to a chain of several rules. 

While to first order, LEAP acquires training examples that 
correspond to single rule inferences, this is only approximately 
tru e. We expect that LEAP will encounter training examples in 
which its existing rules will correspond to finer-grained decisions 
than the user thinks of as a single step. For instance, the 
system may have a sequence of rules to implement a serial­
parallel converter by first selecting a shift register, then a general 
class of shift registers (e.g. dynamic), and only then a specific 
circuit , while the user may think of the whole series of decisions 
as a single step, implementing the converter with a specific 
circuit . 

In such cases , LEAP could just go ahead and learn the larger­
grained rule that will follow from the user 's training example , but 
doing so could cause a number of problems. One problem is 
that it will result in a rule set with rules of greatly varying 
grain. Such inconsistency in grain is likely to lead to redundancy 
and lack of generality in the rules. A second potential problem 
associated with large-grain trammg examples is that our 
analytical methods of generalization may be too expensive to use 
on steps of large grain. Since the methods depend on 
construct ing a verification of the step, there is reason to fear the 
cost may grow very quickly as the size of the step gets large 
compared to the s1ze of the transformations used in the 
verification process. 

Thus , the question of how to handle grain size mismatch may 
be an important issue for future research. One possible direction 
would be to develop methods for examining a training example 
that corresponds to a large step, ihen determining which existing 
rules correspond to parts of this inference step, leaving only the 
task of acquiring the missing finer grain rules. 

B. Use of Analytical Methods for Generalization 

A second significant feature of the design of LEAP is that it 
uses analytical methods to form general rules from specific 
training examples , rather than more traditional empirical , data­
intensive methods. LEAP's explain-then-generalize method , based 
on having an initial domain theory for constructing the 
explanation of the example, allows LEAP to produce justifiable 
generalizations from single training examples. This capability is 
particularly important for LEAP since it is not at all clear how 
LEAP could tell that two different training examples involving 
different circuit specifications and different resulting circuits, were 
m fact two examples of the same rule . 

One significant advantage of the analytical methods involves 
learning in the presence of error-prone training data. An issue 
that seems central to research on Learning Apprentice Systems, 
and one that LEAP must confront immediately , is that the users 
who (unwittingly) supply its training examples are likely to make 
mistakes. In particular, since we hope to first introduce LEAP 
to a user community of university students who are themselves 
learning about VLSI design, the issue of dealing with error-prone 
examples is a major one. Our initial plan for dealing with this 
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that it explain an example circuil before it can generalize it , 
LEAP will be a very conservatiH learner . Since it will be 
unable to verify incorrect circuil examples that it encounters, 
there IS little danger of it learning from incorrect 
examples****..... This method of dealing with errorful data is 
attractive , but may be insufficient if we need to include empirical 
learning methods along with analytical methods for generalization. 

While analytical generalization methods offer a number of 
advantages, they require that the system begin with a domain 
theory that it can use to explain / validate the training examples. 
This requirement, then, constrains the kind of domain for which 
our approach can be used. In the domain of digital circuit 
design , the required domain theory corresponds to a theory for 
verifying the correctness of circuits. In certain other domains, 
such a theory may be difficult to come by. For example , in 
domains such as medical diagnosis the underlying theory to 
explain / verify an inference relating symptoms to diseases is often 
unknown even to the domain experts. In such domains , the 
system would lack a domain theory to guide the analytical 
generalization methods, and would have to rely instead on 
empirical generalization methods that generalize by searching for 
similarities among a large number of training examples. In fact , 
our present methods for utilizing domain theories to guide 
generalization are limited to cases where there is a strong enough 
theory to "prove" the training example is correct. One important 
research problem is thus to develop methods for utilizing more 
approximate, incomplete domain theories to guide generalization, 
and for combining analytical and empirical generalization methods 
in such cases. One new research project that is interesting in 
this light is an attempt to construct a Learning Apprentice for 
well-log interpretation Jl3J. In this domain , the underlying 
theory necessary to learn new rules involves geology and response 
of well-logging tools. Since these theories as inherently 
approximate and incomplete, that research project must face the 
issue of generating and utilizing approximate explanations of 
training examples to infer general rules. 

C. Partitioning of Control and Basic Domain Knowledge 

A third significant feature in the design of LEAP is the 
partitioning of its knowledge base into ( 1) implementation rules 
that characterize correct (though not necessarily preferred) circuit 
implementations, and (2) control knowledge for selecting the 
preferred implementation from among multiple legal options. 
This partitioning is important because it helps in dealing with 
the common problem that when one adds a new rule to a 
knowledge base one must often adjust existing rules as well. 

The first of these two parts of the knowledge base has the 
convenient property that its rules are logically independent ; that 
is, when one adds a new implementation rule characterizing a 
new implementation method, it does not alter in any way the 
correctness of the existing implementation rules. Thus, when a 
new implementation rule is added, the only portion of the 
knowledge base that might require an update is the control 
knowledge for selecting among alternative implementations. This 

••••••••Even this is not quite true. Since its domain theory is only 
approximate (as will probably be true for Learning Apprentice Systems in 
general), there may be incorrect circuits that it succeeds in verifying (say, 
because is overlooks parasitic capacitances). 
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when combining sets of rul e~ 1 hflt ma~ han• bren learrn·d fro m 
various users by different CO J.>Ies of the Learning Apprentice. 
While the problem of combining multiple rule sets learned from 
different sources is in principle simply a matter of forming the 
union of the rule sets, in fact the resulting set of correct rules 
may be overly redundant and disorganized. Thus , we anticipate 
that we may have to develop methods for merging and 
reorganizing sets of correct rules to make them more manageable. 

To date, we have only considered learning the first type of 
knowledge . In some sense, learning these rules is easier than 
learning the control knowledge , because the complexity of 
explaining a training example is much less for implementation 
rules than for control rules. To explain / verify an example of an 
implementation rule, the system need only verify the correctness 
of the circuit fragment mentioned in the training example. 
However, to learn a control rule that characterizes when some 
implementation is preferred, it is necessary to compare this 
implementation with all the alternative possibilities. Thus, the 
complexity of constructing the explanations is quite different in 
these two cases. In the longer term , we see learning of control 
knowledge as an important task for LEAP, and a task for which 
it can easily capture useful training examples. 

IV Conclusion 

We have presented the notion of a Learning Apprentice 
System as a framework for automatically acquiring new knowledge 
in the context of an interactive knowledge-based consultant . The 
initial design of a Learning Apprentice for VLSI design has been 
described . In particular, we have detailed the methods that 
LEAP employs for learning new implementation rules, and for 
generalizing both the left and right hand side of these rules. 
Whereas previous attempts at automatic knowledge acquisition 
have met with little success , the proposed Learning Apprentice 
System differs in two important respects : it utilizes more 
powerful analytical learning methods, and it is restricted to 
interactive knowledge-based systems which can easily capture 
useful training examples. We are currently completing our initial 
implementation of LEAP, and intend to test it on a user 
community of students in a VLSI design course to gather data 
and further insights on this initial design. 
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