
In Proceedings of the ICML Workshop on Structural Knowledge Transfer for Machine Learning. Pittsburgh, PA, July 2006.Transfer Learning with Markov Logi
 Networks
Lily ana Mihalk o v a lil y anam@cs.utexas.edu

Ra ymond J. Mo oney mooney@cs.utexas.edu

Univ ersit y of T exas, Departmen t of Computer Sciences, 1 Univ ersit y Station, C0500, Austin, TX 78712

Abstract

W e prop ose a new algorithm for transfer

learning of Mark o v Logic Net w ork (MLN)

structure. An imp ortan t asp ect of our ap-

proac h is that it �rst diagnoses the pro vided

source MLN and then fo cuses on re-learning

only the incorrect p ortions. Exp erimen ts

in a pair of syn thetic domains demonstrate

that this strategy signi�can tly decreases the

searc h space and sp eeds up learning while

main taining a lev el of accuracy comparable

to that of the curren t b est algorithm.

1. In tro duction

T raditional mac hine learning algorithms op erate under

the assumption that learning for eac h new task starts

from scratc h, th us disregarding kno wledge gained in

previous domains. Naturally , if the domains encoun-

tered during learning are related, this approac h w ould

w aste b oth data and computer time to dev elop h y-

p otheses that could b e reco v ered b y examining and

p ossibly sligh tly mo difying previously acquired kno wl-

edge. The �eld of transfer learning, whic h has recen tly

greatly increased in p opularit y , addresses the prob-

lem of ho w to lev erage previous kno wledge in order

to impro v e the e�ciency and accuracy of learning on

a new task that is related to the original one. T ransfer

learning approac hes ha v e b een dev elop ed for a v ariet y

of learning settings, including reinforcemen t learning

(T orrey et al., 2005), and Ba y esian nets (Niculescu-

Mizil & Caruana, 2005), among others.

W e prop ose a new transfer learning algorithm for

MLNs. MLNs are a p o w erful formalism that com bines

the expressiv eness of �rst-order logic with the 
exi-

bilit y of probabilit y (Ric hardson & Domingos, 2006).

There are t w o asp ects to learning an MLN|the struc-

ture and the w eigh ts. While w eigh t learning is rela-

tiv ely quic k, structure learning is v ery computationally

in tensiv e. Therefore, MLN structure learning, whic h is

App earing in the ICML-06 Workshop on Structur al Know l-

e dge T r ansfer for Machine L e arning , June 29, Pittsburgh,

P A. Cop yrigh t 2006 b y the author(s)/o wner(s).

the fo cus of the presen t w ork, could particularly b en-

e�t from transfer.

W e assume the follo wing set-up. A source MLN is

learned in the original task and is pro vided to the

learner, along with a mapping from the predicates of

the original domain to those of the target domain. Re-

co v ering this mapping automatically is another v ery

in teresting researc h problem, but for no w w e assume

the mapping is simply giv en. A similar assumption is

made b y T orrey et al. (2005).

The curren t state-of-the-art structure learning algo-

rithm (Kok & Domingos, 2005), whic h w e will call

Alc hem y after the op en-source system that implemen ts

it
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(Kok et al., 2005), can start learning either from

scratc h or from a pro vided MLN and can therefore b e

used for transfer. Ho w ev er, Alc hem y do es not explic-

itly attempt to assess the similarities b et w een tasks or

tak e adv an tage of them. As a result, it could searc h

through an unnecessarily large n um b er of structures

and tak e a long time to complete. Our prop osed al-

gorithm successfully diagnoses the source MLN and

exploits the similarities b et w een the tasks b y fo cusing

on relearning only the inaccurate parts. In this w a y , it

signi�can tly decreases b oth the learning time and the

n um b er of h yp otheses considered, while main taining a

lev el of learning accuracy similar to that of Alc hem y .

2. Bac kground

2.1. Mark o v Logic Net w orks

An MLN (Ric hardson & Domingos, 2006) consists of

a set of �rst-order logic form ulae, eac h with a w eigh t

attac hed, and pro vides a mo del for the join t distri-

bution of a set of v ariables. A useful w a y of view-

ing MLNs is as templates for pro ducing fully-grounded

Mark o v net w orks (P earl, 1988) when a set of constan ts

is pro vided. As describ ed b y Ric hardson and Domin-

gos (2006), an MLN, L , can b e used to construct a

Mark o v net w ork b y including a no de for eac h ground-

ing of eac h predicate app earing in L and a feature for

1

In addition to implemen ting this algorithm, Alc hem y

also includes capabilities for p erforming inference and

w eigh t learning.
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eac h form ula in L . The v alue of a particular no de is

giv en b y the truth v alue of the corresp onding ground

literal; similarly , the v alue of eac h feature is 1 if the

corresp onding ground form ula is true and 0 otherwise.

T o answ er a query ab out the probabilit y of a set of

ground literals or form ulae, one can p erform Gibbs

sampling o v er the Mark o v Net w ork. Gibbs sampling

starts b y assigning a random truth v alue to eac h query

literal. It then pro ceeds in rounds, recomputing the

probabilit y of a ground literal X giv en its Mark o v

Blank et M B

X

(i.e. its neigh b oring no des). As giv en

b y Ric hardson and Domingos (2006), this probabilit y

is recomputed using the follo wing equation:

P ( X = x jM B

X

= m ) =

e

S X ( x;m )

e

S X (0 ;m )

+ e

S X (1 ;m )

(1)

where, if F is the set of ground form ulae in whic h X

participates, S

X

is de�ned as follo ws.

S

X

( x; m ) =

X
f i2F

w

i

f

i

( X = x; M B

x

= m ) (2)

It is not necessary to fully ground the MLN in order

to p erform inference on it|form ulae that are already

trivially satis�ed b y the evidence can b e omitted b e-

cause they ha v e no e�ect on the v alue of Equation (1),

and the only ground literals that need to app ear in

the Mark o v net w ork are the query v ariables and those

that are presen t in the Mark o v blank et of a literal with

an unkno wn v alue.

Kok and Domingos (2005) in tro duce an algorithm for

learning MLN structure that can start either from

an empt y MLN or from a previously-constructed one.

Candidate clauses are generated b y considering all p os-

sible additions and deletions of literals to the exist-

ing clauses as w ell as all p ossible sign 
ips. Tw o

searc h strategies are prop osed|b eam searc h, whic h

main tains a b eam of b est clauses, and shortest-�rst

searc h, whic h considers adding shorter clauses b efore

mo ving on to longer ones. Candidates are scored us-

ing a w eigh ted pseudo-log-lik el i ho o d measure. In this

pap er, w e compare to the faster, b eam searc h, v ersion

of the algorithm, whic h w e call Alc hem y after its op en

source implemen tation (Kok et al., 2005).

3. New Algorithm

Recall that the learner is giv en the MLN obtained from

the source domain and a mapping from the predicates

in the source domain to those in the target domain. In

addition, w e assume that the form ulae of the pro vided

MLN are disjunctions of literals. The learner is not

told whic h parts of the source MLN are useful in the

new task and whic h ma y need to b e relearned. Th us,

the algorithm �rst needs to diagnose the giv en MLN.

The general sk eleton of our algorithm pro ceeds in t w o

stages and is similar to that of F or te (Ric hards &

Mo oney , 1995), whic h revises �rst-order theories.

1. Self-Diagnosis: In this step, the algorithm in-

sp ects the giv en MLN and determines for eac h

form ula whether it is to o general, to o sp eci�c, or

requires no c hange. The purp ose of this step is to

fo cus the searc h for new form ulae to those parts

of the MLN that truly need to b e up dated.

2. Structure Up date: In this step w e carry out

the actual up dates to the clauses b y sp ecializing

the ones mark ed as to o general and generalizing

those mark ed as to o sp eci�c.

Next, w e describ e these steps in more detail.

3.1. Self-Diagnosis

One natural approac h to self-diagnosis is to attempt to

use the source MLN while observing where its form ulae

fail. In the case of F or te where the form ulae are part

of a �rst-order theory , this is done b y attempting to

pro v e p ositiv e examples in the data. Our self-diagnosis

algorithm pro ceeds analogously .

A t the onset, the learner is pro vided with a source

MLN and a relational dataset. Eac h of the predicates

in the target domain is examined in turn. The curren t

predicate under examination is denoted as P

�
. The

algorithm p erforms a sligh tly mo di�ed v ersion of Gibbs

sampling with P

�
serving as a query predicate whose

groundings ha v e their v alues set to unkno wn, while

evidence is giv en b y the v alues of all other predicate

groundings in the data. In eac h round of sampling, in

addition to recalculating the probabilit y of a ground

literal X , the algorithm considers all clauses in whic h

X participates. Ev en though the truth v alue of X is

set to unkno wn for the purp oses of sampling, its v alue

is kno wn from the data. Let the actual v alue of X b e

v (true or false).

Eac h participating clause C can b e placed in one of

four bins with resp ect to X . F or the purp oses of ex-

p osition, let � = f al se if X app ears negated in C

and � = tr ue if X app ears non-negated in C . F or

a running example, w e will use the follo wing simple

relational database: fS tudent ( Ann ), :H asJ ob ( Ann ),

S l eepy ( Ann ), S ociabl e ( Ann ), I nC l ass ( Ann ) g where

P

�
= S tudent , X = S tudent ( Ann ), and v = tr ue .� [Applies;Go o d] The v alue of X is crucial in ev al-

uating C , with C b eing true only when X = v , as

in :I nC l ass ( Ann ) _ S tudent ( Ann ).� [Applies;Bad] C is true only when X = :v , e.g.:S ociabl e ( Ann ) _ :S tudent ( Ann ).� [Do es not apply;Go o d] C is true regardless of

the v alue of X (i.e. it holds trivially), and � 6= v .

F or example, S l eepy ( Ann ) _ :S tudent ( Ann ).
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� = v , e.g. :H asJ ob ( Ann ) _ S tudent ( Ann ).

This taxonom y is motiv ated b y a close insp ection of

Equation (1). The probabilit y of X = x is increased

only b y clauses in the [Applies;Go o d] bin and is de-

creased b y clauses in the [Applies;Bad] bin. Clauses

in the other t w o bins do not ha v e an e�ect on this

equation. Ho w ev er, if some of the literals other than

X in a [Do es not apply;Bad] clause, are deleted so

that it no longer holds trivially , it will b e mo v ed to

the [Applies;Go o d] bin and will help to increase the

probabilit y of the correct v alue of X . Similarly , if w e

add some literals to an [Applies;Bad] clause so that

it b ecomes trivially satis�ed, it will en ter the [Do es

not apply;Go o d] bin and will no longer decrease the

probabilit y of the correct v alue of X .

With these observ ations in mind, w e can complete the

description of the self-diagnosis step. As the probabil-

it y of a literal is recalculated in eac h iteration of Gibbs

sampling, for eac h clause in whic h the literal partici-

pates, w e k eep a tally of the n um b er of times it falls

in to eac h of the bins. Finally , if a clause w as placed in

the [Applies;Bad] bin more than p p ercen t of time, it

is mark ed for sp ecialization and if it fell in the [Do es

not apply; Bad] bin more than p p ercen t of time, it is

mark ed for generalization. W e an ticipated that in the

highly sparse relational domains in whic h w e tested,

clauses w ould fall mostly in the [Do es not apply;

Go o d] bin. T o prev en t this bin from sw amping the

other ones, w e set p to the lo w v alue of 10%.

This pro cess is rep eated for eac h predicate, P

�
, in the

target domain.

3.2. Structure Up dates

The up dates are p erformed using b eam searc h start-

ing from the clauses iden ti�ed in the previous step.

Unlik e Kok and Domingos (2005), ho w ev er, w e do not

consider all p ossible additions and deletions of a literal

to eac h clause. Rather, w e only try remo ving literals

from the clauses mark ed as to o sp eci�c and w e try lit-

eral additions only to the clauses mark ed as to o gen-

eral. These restrictions apply also to the candidates

pro duced from a particular clause. The candidates are

scored using the w eigh ted pseudo-log-lik el i ho o d mea-

sure of Kok and Domingos (2005). Th us, the searc h

space is constrained �rst b y limiting the n um b er of

clauses considered for up dates, and second, b y restrict-

ing the kind of up date p erformed on eac h clause.

4. Exp erimen tation

4.1. Data and Metho dology

W e used t w o syn thetic domains|Academic (the

source), whic h pro vides kno wledge ab out academic de-

Academic Industrial

Presiden t(X) Chair(X)

Professor(X) Emplo y ee(X)

Studen t(X) In tern(X)

AdvisedBy(X, Y) Sup ervisedBy(X, Y)

Publication(P , X) Pro ject(P , X)

Area(A, X) Departmen t(A, X)

None Secretary(X)

None AssistedBy(X, Y)

Figure 1. Predicate mappings in the t w o domains

partmen ts and is similar to that of Ric hardson and

Domingos (2006) but con tains few er predicates, and

Industrial (the target), whic h pro vides an analogous

description of a compan y . Figure 1 lists the mapping

b et w een the predicates in the t w o domains. The do-

mains additionally con tain equalit y predicates. Eac h

training example represen ts a single organization and

con tains b et w een 50 to 150 true ground literals. T o

emphasize the size of eac h example, w e call it a me ga-

example . Mega-examples are arti�cially generated b y

�rst pro ducing a sk eleton b y �xing the v alues of the

groundings of the unary predicates and partially sp ec-

ifying some of the binary ones and then p erforming

maxim um ap osteriori inference o v er a hand-written

MLN to assign v alues to the unsp eci�ed groundings.

W e compared the p erformance of our new algo-

rithm ( T ransferNew ) to that of Alc hem y , starting

b oth from scratc h ( Scratc hAlc hem y ) and from the

same source MLN pro vided to the new algorithm

( T ransferAlc hem y ). Our accuracy metrics w ere the

area under the precision-recall curv e (A UC) and the

conditional log-lik eli ho o d (CLL), as used in prior w ork

(Kok & Domingos, 2005). Eac h p oin t on the learn-

ing curv es is the a v erage of 5 indep enden t learning

runs where accuracy at eac h p oin t w as measured on

an indep enden tly generated mega-example, di�eren t

for eac h run. T esting w as done for the predicates

super v isedB y and secr etar y . The former w as pic k ed

b ecause it represen ts an in teresting relation, and the

latter|b ecause it w as absen t in the source domain.

The algorithms w ere not told on whic h predicates they

w ould b e tested. All timing exp erimen ts w ere run one

b y one on the same dedicated mac hine.

4.2. Results

Figures 2 and 3 compare the accuracy of the three sys-

tems on eac h of the metrics. The error bars giv e the

standard error at eac h p oin t. The accuracy of the t w o

transfer systems is closely matc hed on b oth metrics.

The fact that it far exceeds that of Scratc hAlc hem y

and impro v es dramatically after observing a single

mega-example, demonstrates that the source MLN

captures useful information ab out the target, whic h
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Figure 2. Accuracy on CLL

can b e easily reco v ered after only a few up dates. Ev en

though T ransferNew and T ransferAlc hem y p er-

form similarly , the former considers m uc h few er candi-

date clauses during b eam searc h, as listed in Figure 4

and has a signi�can tly reduced running time, as sho wn

in Figure 5. Moreo v er, the running time of T rans-

ferNew sho ws m uc h less v ariabilit y accross training

runs. This demonstrates the e�ectiv eness of the self-

diagnosis step and suggests that our algorithm w ould

b e esp ecially w ell-suited to situations where quic k on-

line relearning is imp ortan t, suc h as when using MLNs

to represen t the mo del of a dynamic en vironmen t.
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Figure 3. Accuracy on A UC

T ransferNew T ransferAlc hem y

Num. Exs. Mean Std. Dev. Mean Std. Dev.

1 2,645 721 21,610 5,503

2 2,311 1,003 10,555 3,391

3 2,474 441 7,253 2,090

4 2,025 623 7,332 1,393

Figure 4. Av erage n um b er of candidate clauses considered

b y the transfer systems

5. F uture W ork and Conclusions

This pap er prop oses a new MLN transfer learning al-

gorithm that diagnoses the source MLN and up dates

only the inaccurate clauses, th us decreasing b oth the

searc h space and the learning time, while main taining

the accuracy at the lev el of the curren t state-of-the-art

MLN structure learning algorithm.

T ransferNew T ransferAlc hem y

Num. Mean St. Mean St. Sp eed-up

Expls Dev. Dev. F actor

1 26 14 690 1165 26.1

2 92 95 835 566 9.1

3 133 43 2320 768 17.4

4 218 130 7208 5597 33.0

Figure 5. Av erage learning times of the transfer systems

(in seconds)

W e are curren tly w orking on further impro ving the

p erformance of our learner b y adapting relational

path�nding (Ric hards & Mo oney , 1995), a tec hnique

for disco v ering new �rst-order logic clauses b ottom-up

instead of via top-do wn greedy searc h. In addition, w e

are planning to test the algorithms on real data.
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