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1. Introduction

Motivation

Wi dzi2YFGSR 9aale {O2NAy3IQ KIF a oS Syhalprocesy; NHS | NB I
I NASGe 2F WFSHGdZNBEAQ FNBE SEGNFOGSR FTNRBY Saal gas
of sentences, before the data is collaborated to provide a final classification [SHERMIS 03].

Wi dzi2YFGSR 9ELFY { O2 NR yoftBssifikadion,in whick dN&versaire éhdyéedi A S Y2 F
for the presence of concrete facts or statements instead of using any continuous measure. This has

been the subject of much research in the Computational Linguistics department at Oxford

University, using an online study as the source of data, in which students completed a GCSE Biology

paper [PULMAN 05]. The techniques employed are varied, but falls into two main categories. One

simulating a human style marker defines the marking scheme via patterns inputted by an

administrator, allowing for as many variants of an answer as possible. The clear disadvantage of this

method is the hours of work required to painstakingly write these patterns, but this method yields

high accuracy. Average accuracy in excess of 95% was obtained.

The latter method adopts a machine learning approach using a set of pre-marked answers for the

training process. [PULMAN 06] experimented with a system in which the answers are treatedasa Wo | 3

of wordsCQvith no semantic structure incorporated. A technique known as W nearest neighbour

(KNNJQ 61+ & dzaASRI GKAOK AYyAlGALffte NBY2@0Sa aidz2L) 62 NR
& dzOK | ahd askignyeBcRkeywordaTDF-L 5 C YSIF adzNBE 6 a ¢ SNY CNXBIljdzSy Oe ¢
C NXB |j dzSoyicépss & the Information Retrieval domain combined to indicatethe WA A Ay A FA Ol y OS¢
a term). Each answer in the training set is then converted to an incidence vector form given its terms
66SAIAKGAYT S OK StSYSyl &InFinKasuie)kaSwell2theldswerdtd? Y RA Yy 3
classify. Using a distance measure, the closest Kk training answers are obtained, and the modal score

of these used for classification.

This naive method is subject to a number of problems, as highlighted by Professor Stephen Pulman
in this BBC News article:

Gt N2PFSa4a2N { NAKFENA Fal1SR KdzYly SEFYAYSNE (G2 3INI RS
were then fed into the computer to "teach” it the grading process. The software identified key words

and phrases that were repeatedlysasiated with high grades. If few of these features are present in

'y SEFY &AONARLIIZ AG 3ISySNrtfte NBOSAGSa | f26 3INIRS

Professor Stephen Pulman at the University of Oxford has identified another potential pitfall in

Professor Srihari's approach. "You cgumst look for keywords, because the student might have the

right keywords in the wrong configuration, or they might use keywords equivalents," Professor Pulman

al éaoe¢
Thus if the answer requirement is a statement suchas Wi KS O (i OK JtierfaRansivéé & Y 2 dz& S
WGKS Y2dzaS OKFaSR GKS OFidQ ¢62dfdR 0SS | OOSLIWGSR RS
identical set of words.

(
3

This project aims to extend this method by incorporating the semantic structure of sentences, so
GKFG T2N) KSKEoZD&A SEONILESRWEGKS OFGQ 62dz R o
Y2dzaS gt a OKFaSR o0& GKS OFrdQ g2dZ R 6S YIN}SR Ia



CANndC Parser& Boxer

The CAndC (Clark and Curran) parser uses statistical methods and W & dzLJS NJb komvartAEngBH
sentences into a tree representing their structure, as detailed in [CLARK 07]. It was developed by
Stephen Clark (a lecturer at Oxford University and member of the Oxford Computational Linguistics
Group) and James Curran. The output of the parser is a CCG (Combinatory Categorial Grammar) file,
representing this sentence structure.

Alone, this representation is insufficient for machine learning use, given that the semantic
interpretation of the sentences is our concern. We therefore use a tool called Boxef which uses
Prolog to convert the CCG into a form called DRS (Discourse Representation Structure). This is
compatible with first-order logic, and thus can be used to make reasoned logical deductions (with its
application extending to other systems such as Question Answering).

Consider the sentenced Wdzf A &l ¢ . 20 SHsdecfaris: YI NAKYI| f f 2 g d¢é

Julia saw Bob eat the marshmallow
NNP VBD MNP VB DT W
N (Sl NPY (S NPJVNP N (SEINEYNE  NPu}N N
NP NP NE[nt]
(S[He MDY (S [e] MDY ST
S NE
S[del]
S[cl]

The graphical form of its corresponding DRS is:

z0zx1=x2 z3x4

{ named (20, julia. per) ; sea(x3) )
nomed (21, bob, per) propositionixz4)
marshmallow(z2) event (23)

patient({zx3, z1)
agent (x3, x0)

x4: x5

eat(x9)

event (x5)

agent (x5, x1)
patient (x5, x2)

Verbs and nouns are represented as objects (here x0 to x5) with predicates defining their properties

and relations connecting them.

The Data

lff RFEGF Aa FTNRY &aGdzRRSyidaQ FyasgSNBR (2 D/ {9 .A2f?2
2001 and 2003. The anonymised data is made available under a confidentiality agreement courtesy

of the OCR Exam Board. Maximum marks for answers vary between 1 and 4 marks.

Weka

Weka is a suite of machine learning tools for Java, developed by the University of Waikato in New
Zealand. It provides a variety of classifiers (including Naive Bayesian, Neural Networks and Decision
Trees), clustering algorithms and other utilities. Downloads and documentation can be found at
http://www.cs.waikato.ac.nz/~ml/weka/.



http://www.cs.waikato.ac.nz/~ml/weka/

2. System Overview

In the scope of this project, we investigate 3 different methods of exam mark classification: a naive

keyword approach in which the answers are treated & F W6l 3 2F g2NBEAQ | & RSa:
usingamorestandaNR Of  aAAFASNI GKIFYy (KS,arkdpprosttSuhithBa G y SA I K¢
incorporates the sentence semantics, and a potential optimisation of the latter which uses a new

type of classifier.! £ f o YSUGK2R&A dzaS | Wa dzLJS Ndgid axl&séfierf S| NI Ay A ¢
with pre-marked data, and use this to mark subsequent answers.

Such a classification problem requires a number of stages:

1. Semantic Conversiofhis takes the answers in English (a CSV file containing the answers

and marks), and converts them to a semantic representation, using the CAnd(arser to

identify the sentence structure. This is then fed this into Boxey producing a semantic

representation (i.e. a DRS). Clearly this step is skipped in the keyword approach. The

conversion process is described in Section 3.
2. Featurisation! WFSIF GdzNBEQ A& | aAy3ddz I NJ LINRPLISNI & SyO:

WoAY Il NB T iBdvilvdayFe®dting thelfeStdre is not present, or 1 if it is. The aim of

this stage is to provide some function which maps the answer (either in its raw form for the

1S@62NR | LILINRI OKXZ 2NJ G4KS 5w{ F2NJ GKS aSYl yidna:«

are satisfied. For the keyword approach, the mapping simply produces a set of words the

answer contains. For the semantic approach, the DRS is a non-linear structure and thus the

mapping is more ambiguous. The latter is dealt with in Section 4.
3. Data Prepaation: Such features from all answers must be collated to provide a suitable

input for a classifier. ¢ KA& RF G Ad SYO02RASRSedSéttioh5. FA{ S (y29
4. Training:! AdZAGFo6fS YIFEOKAYS fSIENYAYy3 Of st AA FASNI A2
5. ClassificationSubsequent new answers are parsed (if necessary) and featurised as before.

This is fed into the trained classifier to provide an estimated classification (i.e. a mark) for

Semantic

English CSV csv .
e | Parser (1) ArffGenerator (2+3) Trainer (4)

the answer.

English

answer



3. Parsing

Our initial input data is a CSV file containing a list of English sentences, each with a classification. The
aim of the parsing process is to produce a new CSV file, instead with DRS expressions representing
each of the sentences. There are 2 methods of parsing.

One method uses the online parser found on the CAndC website." However, a more practical

solution would incorporate a server which can administer requests from clients and send the parsed

expressions back. The CAndC tools include a SOARerver and client, which communicate with each

other (potentially externally). The advantage of these is that the high overhead cost associated with
d0GFNIAY3 GKS LI NESNI ySSR 2yfté 200dzNJ 2y O0S Ay GKS
Both of these operate on the same host, and we disregard their remote capabilities of these in order

G2 LINRPRdzOS | WI @F Wg NI LILIS NEDARGidatsHOWR nal Be €bBfdsed | K A &  F dzy
with the remote Java client, the latter of which generates the parse requests.

What is required is a server which forwards requests to the SOARlient (which in turn communicates
with the SOARerver). It may need to manage the requests of multiple remote clients, and thus we
create a separate manager for each connection, running concurrently. It performs the following:

1. The SOARerver is started.

We indefinitely wait on a specified port for external clients to make a connection. When an
incoming request is received, a socket and a manager representing the connection are
created.

3. In this manager, we construct an input and output stream from the socket, and continually
read from it until the connection closes. We read an English sentence from the stream, write
it to a file (given that the parser reads from a file) and instruct the SOARerver to parse the
sentence. Finally we use Boxer to convert this to a DRS expression, which is delivered to the
output stream.

A client end of the communication is also required. It sends the sentence to the server and delivers
the parsed and boxed DRS expression returned to the required resource. As before, we establish a

socket using the host name and port of the external machine running the server, and construct an

input and output stream to read and write from.

The structure of the entire parsing system can be summarised as follows:

! This can be found at http://svn.ask.it.usyd.edu.au/trac/candc/wiki/Demo



http://svn.ask.it.usyd.edu.au/trac/candc/wiki/Demo

Client (joebloggs.worc.ox.ac.uk)

Client (bobsmith.worc.ox.ac.uk)

ClientCAndC

English

English

ClientCANndC

Request

connection
Request

connection

v\
sz
English IE

English
¢ > |‘ Soap_server ‘l

soap_client

[allocation of
ServerCAndC

[initiate] (once only)

Server (curlew.comlab.ox.ac.uk)




4. Representing Semantic Atomic Facts

As previously discussed, previous attempts at implementing a machine learning system to classify

FyagSNB KIFI@S NBftASR 2y (ONBFIAy3I GKSY Fa | Wwol 3 2
keywords. However, this has a major flaw. The ordering and form of words have no bearing, leading

G2 FlrtasS LRaAlGAGSEad C2NI SEIFYLX S awk Ol O2ttS0iGa 3
WAEEE FNB tA1Ste G2 KIFI@S aAYALT I NI Of  AaaAufed OF GA2Y 3
2T (KS ¢2NR WwWaildl YLAQ® Ly 20KSNJ 62NRazX GKSNB Aa vy
AaSYyidSyOSz: IfliK2dzZa3K WAff Aa LISNF2NX¥Ay3I GKS waidl YL

The aim therefore is to derive a way of semantically representing sentences that is complete, sound

and most importantly, linear. That is, we wish to deconstruct a sentence into a collection of atomic

LINERAOI iS4 0KSNB RSEONAOGSR a WASYIl YiAOQhislisi2YAO 7
Ly SEIYLHzSA 2FGAWFHOL GKIFIG A& 6S ARSyGATe | ydzyo S
(in this case, the presence of each of the generated atoms) for the use of machine learning

application at a later stage. To establish these concepts of soundness, completeness and linearity,

G118 F2NJSEIFIYLXS I aSyiSyO0S NBLINBaSyiSR o6e h | yF
fromitbyaset{i ,..,I .}:

I Forsoundness," A (i .. I other words, all such facts are implied by the original sentence.

f For completeness, (@|U|-0 ; U h. That is, some disjunctive/conjunctive/negative
combination of the atoms implies the original sentence. Allowing the disjunctive connective
to yield M may at first seem odd, but the necessity becomes clear when considering
sentences 6 A G K GKS 62NR W2NRT AF F2N) SEIFYLX S a¢KS
1AGSée YR 4GDNBSYy (1Al0S¢o

9 Linearity simply implies the lack of some recursive or complex data structure, instead
1SSLAY3I GKS FaG2YAO FI Ola WYWserkelofithedd USNEZ | G2Y
connectives.

We define a suitable function ] which produces every possible inference that can be made from a

DRS expressionh £ G KIij{l a2 8RS FiAKYSS R | 60203Sd ¢ 1S F2NJ SEIF YLX S
fldzZa3Kaz GKSNB Aa |y SI NI kfgrdated fioré the sentbnceOl Y YIF 1S |y
representing looser forms:

When Carol laughs, some event occurs.

When someone laughs, some event occurs.

When Carol performs some action, some event occurs.
When jolly Carol laughs, some event occurs.

Carol is involved in the sentence.

Carol is jolly.

An earthquake occurred.

When someone laughs, an earthquake occurs.

O NV WD R

And so on. To formally define | , we consider all the mappings for all possible DRS sub-expressions to
aS0& 2 FrheDRS fodsiYtold number of objects, representing nouns or verbs, named via a
specially typed predicate. The atom produced is simply the name of the predicate (note that the
term after the colon indicates the type):



{ p:String }
{ p:String }

j f:noun(x))
i biverb(x))

For example,j €at(x))T 9 }dnQdditich, other unary predicates representing adjuncts can
modify such an entity; this is an adjective in the case of a noun, and an adverb in the case of a verb.
Its corresponding atoms consist of the name of the modifier and the modifier combined with the
name of the entity. Thenm(x)F dzy OG A2y &aAYLI & NBGNARSOSE (KS

i f:adj(x)) = { p:String, p:String[nm(x)1}

For convenience, we define ] X) to be all atoms associated with the entity Xx. We similarly take j of
the whole DRS expression ' as the union of sets produced by applying the function to all expressions
contained within it. That is:

X X ;.. palx)
O 8T @poe T b

j (p2(¥) € ... € j (pn(X))
jofix)C..Cjolx)

Binary predicates (i.e. relations) connect two entities, and typically represent a verb or a
prepositional modifier. In mind of providing all inferences, the resulting atoms must incorporate
every possible pair of atoms from the atom sets of the constituent entities:

i blxw, %)) = {p:Stringlese,] | exl | %) Derl | %)}

Larger DRS expressions can be combined together using a variety of conjunctives. These must be
dealt with appropriately:

jo w0 = jeejoi v

jo @ 0 = jeejoi o

joh T'kAa 10 = 9 & T,=@8 4 jShde,l joi O Y
joh i 0 = 9 1a%¢ jéhgk,ijoi 0 Y

jo 3n 0 = jeo

Such a function may initially seem disastrously hideous to a logician: negation is ignored, and
conjunction and disjunction are treated in a uniform way. The motivation is to have as high coverage
as possible of all inferences made by the sentence, with the only requirement being that the original
sentence can be reconstructed from some conjunctive/disjunctive/negative combination of a subset
of ] If). Note that the equality relation is symmetric, therefore we must supply both orderings in the
string representation. We do not treath - | as-h Ui given we are only interested if the inference
was made, not if it was true vacuously when h is false.

[N
A

(s}
Qx
w

ToRSY2yaidNlGS GKAA RSTAYAGAZ2YyS GF 1S
could be represented in DRS by:

dog(xy) ; big(x1) ; man(xy) ; lazy(x,) ; jump(xs) ; agent(xs,x;) ; over(xs,x,)

In this example, the jumping is being executed by the dog (i.e. the dog is the agent of the jumping).
Using the laws above, the following atoms are produced:

[N

w

O

(s}



dog agent[jump,big[dog]]

big agent[jump,dog]
big[dog] agent[jump,big]

man over[jump,lazy[man]]
lazy over[jump,lazy]
lazy[man] over[jump,man]
jump

Relevance to Exam Marking

The above system is based on assumptions relating to a generic marking system. We assume that

some number of marks are awarded for the conjunctive/disjunctive combination of these atomic

FILOGad C2NJ SEIFYLIESS I YIEN] YIFe 0S8 |6 NRSR F2NJ Y€
another for identifying a jump occurredoveNJ KAY 06 &2 @SN 2dzYLIZ Yl y8£ 0 @

There may initially appear to be a problem with answers either being too specific or not specific

Sy2dAK® {l& F2NJ SEFYLXS (KIG a20SNwWadzYLIZYIl y8é 6l
GAGK a2dzYLISR 20SNRPOKSAYI BRBSNWEZEXY LB I NBESOYIl y86¢é
G2PSNWa2dzYLIZYFyeé |fazz2ed LA largayVrENJE FAGH NIRKSSR | Fy2aNg SoNa o
gl a a2dzYLISR 20SNJ GKS YIyéK ¢KA&A A& az2YSoKIFG 2F |
detail may be unnecessary but not detrimental to the answer; we may consider that our example

merits the mark. However, there are some cases where clearly extra detail changes the answer. Take

F2NJ SEFYLX S (GKS FyasSNI a¢KS O8I DU ARYzPEA YK SYI A §
putting magnesium in water causesafatalNB I O A2y ®¢ Aa Of SFNI& ¢gNRy3asx 3
misrepresents the magnitude of the reaction.

CaNIidy GStes | aAdAdlotS YFHOKAYS tS8FNYAY3I YSiGK2R
red dog) and its looser implicationi 0 S®3 d R 2-3i((i.e.d cnddisg isia dog):(i b

f C2NJ Iy | O dz f ishoyspedfiSdddugh (e.g. KHerdBd dogwould be awarded
a mark but not dogd Y@3hiholds.

9 For an actual answer | % K Sid\ab acceptable extension (e.g. if dog was accepted, then
reddogg 2 dzf R | f 42 &ShollsOOSLIISROY b
1 For an actual answer i % K SsMd a valid extension (such as with the chemistry example

I 02 @S@ Yoldg h

¢KSasS FNB ff aAYLXS .22tSty SELINBaarzya sKAOK C
/£ AaATFASNEQ FOAtAGE G2 €SI NY IV dseddodifeisation. 2 t S|y ¢

There is however one particular flaw with the definition of | , in the way that negation is handled. It

Ad RAFTFAOMZ G G2 RAAGAYIdzA &K 0 BDINBRFYS @WK SR 21K S 1Yz
is ignored. The underlying problem is that the binary value in the vector representation of the

FyagSNI NBLINBaSyia GKS LINBaSyOS 2N FoaSyosS 27 | (
WFIFfasSQd 2 S O2 tHebugh suhdNBekrestilting i setslliKe$ do@ rediired[dog] } and

{ dog, -red, -red[dog] }), or use 3-valued logic (i.e. O for the absence of a feature, 1 if present but

negative, and 2 if present and positive), but such attempts generally lowered the accuracy of the

system (by up to 10% for some data sets). One might suggest that this is due to students generally

F P2ARAY 3 ALISOATFEAYI | O2NNBOG yagSNI 6STF2NBE yS3at
G2 LXIyGa LINPRAOS(AESHSY (RYRST2YRMSNER df (K ab2i



5. Data Preparation and Training

Parsing and atomising from the previous stage will produce sets of atoms for each of the answers. In
order to produce an input file suitable for a classifier, these must be collated.

In Weka, a training file for a classifier is known as an ARFF (Attribute-Relation File Format) file. The
file has two segments: the first is an ordered list of attributes (each with a data range defined), and
the second a data table representing the instances (i.e. answers) as vectors, where each element
represents a value for the corresponding attribute (the last value being the classification for the
instance).

Producing the set of attributes is trivial; we simply take the union of all the sets of atoms. To

LINE RdzOS GKS RFGF GlFo6fST F2NJ SFEOK AyaialyOoS Ay
FOGGNROdzGS FLIJISEFNBR Ay AdGa asSd 2F Fd2Yaz yR wnQ
consider these 3 sets of atoms for the 3 answers in the training set:

K

[antN
NY (/"

A; = { cat, dog, mouse }, A, ={dog, horse, rabbit},  A;={horse, monkey }

Suppose that A; received 1 mark, A, received 0 and A; received 2. Then the appropriate ARFF file
would look like such:

@relation animal_example
@attNA 6dzi S aOF ¢ & ns m Y

XFLGGUGNROGdzGS aR23¢ & nzZ wm Y

XFGGNROdziS aY2dzaSé 9 nX wm Y

XFLGGaGNROdzGS aK2NESE 9 ns wm Y

XFLGGUNROGDzGS aNIlI6O6AGE 9 nX m Y
XFEGGaGNRODzGS aY2y(1S@eé & nX m Y
XFEGGaGNROGdzGS a0t 8aATFTAOLGA2YE & nZ MI H Y
@data

1,1,1,0,0,0, 1

0,1,0,1,1,0, 0

0,0,0,1,0,1, 2

Notice that we must determine the maximum mark in the training set in order to define the range

F2N) 0KS a0t AaATAOFGAZ2YE | (isbeNianldaimSitkainla dalzhyof O2 £ € | (1 A
all attributes. Any attribute occurring only once is removed, as it is deemed as having insufficient

impact on the classifier. This has the benefit of massively reducing the number of attributes, thus

making training and classification considerably faster.

Training a classifier in Weka is near trivial using an ARFF file. We construct an untrained classifier,
and an object representing the data in the ARFF file. After providing a reference to this data in the
classifier, the training process is finally invoked?.

"¢KS GNFAYSR Of aaAFASNI A& NDuplutSERstolaE & WitchidzddNg  dz
i2 I FAE{S® CAtS NBLNBA i GA2ya 2F Ot aaArAFTASNAE |

— QX

ass
NE o

11



There are a number of established classifiers that one may wish to use. Here is a brief description of
the options available:

A X LA o

f NeuralNetwork¢ KA & O2yaAraitca 2F | ydzyoSNea,® O2yySOGSH

analogous to the functioning of the brain. Each neurone takes the weighted sum of its
inputs, and applies a function (usually either a threshold or sigmoid function) to produce its
output. The network uses the training set and error minimisation @A I | LINR OS & &
LINE LJI 3 itératidely £just these weights.

9 Decision flee: This repeatedly partitions the training set on attributes, ordered by the

WAYF2NXYEFEGAZ2Y FFEAYQ 0ADdSd (KS SEGSYyid 2F RAGSNI

provides. This results in a tree, with each node splitting into two given the presence of a
certain feature, and the YavesQlesignating the resulting classification.
f Naive Bayesian ClassifierK A & dzaSa aAYLI S LINPOlIOoAf ABGAO
calculates the probability of a classification (given the features) by using the probability of
each feature given the classification and the prior probability of each classification, both of
which are easily calculated. The classification which maximises this probability is selected. It
assumes that each of the features are independent.
1 Maximum entropy modellingd framework for integrating information from many sources
for classification. The idea is that it finds a model that satisfies the given constraints but does

y2i 32 WoSe2yR (KS RIFGl QX (tdempiritabiedidenkell I @2 A R&

(i.e. the training set). Its advantage over the Naive Bayesian classifier is that it does not
enforce independence assumptions with regard to the features.

Each of these classifiers has its own advantages and disadvantages. For the purposes of the
evaluation process, the decision tree and naive Bayesian classifiers will be used, given their support
by the Weka libraries.

Given our 4 stages of semantic parsing, featurisation, data preparation and training, we now have a
complete system suitable for testing. However, there are some possible refinements we can make
given the specific nature of the classification problem at hand. Two issues raised and explored are
that of spelling correction, and a new form of classification that deals with the cumulative nature of
exam marking.

12



6. Spelling Correction

Exam answers, typically those of a younger contiguate, must be expected to be filled with both
grammatical and spelling errors. While the former are incredibly difficult to correct by autonomous
means, it is possible to develop a system which corrects spelling errors with a good degree of
accuracy.

One must initially question the importance of this correction in marking. Errors in inconsequential
words which form the structure of the sentence will be of little concern to the examiner. However
correcting such words would seem vital in order for the parser and boxer to establish a more

accurate interpretation of the sentence, and to reduce the number of attributes in training. On the
other hand, misspellings of keywords directly encapsulated by the mark scheme may heavily
AYyTFEdzSyO0S (GKS SEIFIYAYSNR&E YIENJAy3Id 2KAES GKS
Y2RSEX AG NIA&Sa GKS A&dadzS (KI guowsR€SaANI of S
nondeterministic problem. This would suggest that a semi-autonomous approach should be adopted
rather than a fully autonomous one. The system should produce a modifiable mapping defining how
spelling corrections should be made, before mapping this (whenever the administrator chooses to

do so) on the data.

An important observation to make is that a universal set of correct spellings is difficult to obtain.
Many words are subject specific and thus will not be found in a standard dictionary. Therefore we
must use a combination of the words in the data and words in a dictionary. A simplified version of
the proposed correction algorithm can be defined as thus:

correction(word) = if correct(word) then word else
arg max ( { score(x,word) | x I suggestedCorrections(word) } C { score’(x,word) | x| corpus})

where score(x,y) and score’(x,y) are two different scoring functions for dictionary and corpus
comparison. We distinguish between the 2 functions since we wish to take into account the
frequency of words in the corpus.

Dictionary Comparison
Upon obtaining a list of suggestions for an incorrectly spelled word, we obtain a similarity measure
between the word w and the suggested correction S:

score6 gXa0 [ h dCA NG (] SIACSREaAwSIa Go > a 0
¢ LetterDifference(w,s) ¢ SizeDifference(w,s)

LG 61 & ¥ 2 dzy Rroduced'thebestlreylls. Ainumber ofifunctions, of the type
(String,String)” &, provide various string metrics:

Name Explanation Motivation Implementation

Levenshtein Distance The number ofinsertion, This provides an initial A dynamic
deletion, or substitution well-established programming
character operations comparison measure. algorithm using a (n
required to change from + 1) x (m + 1)
w to s. For example, the matrix, where n and
AEOOAT AA AAC m are the lengths of
AT A OOEOOEIT C the two strings.

13
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First Letter Bonus Returns 1 if the first letter Regardless of how badly
of both words is the same, a word is spelled,
and 0 otherwise. typically the first letter is

correct. Thus from

OOAAEAOAGHh E
OEAO OOAAA
ET OAT ARAA OE,
despite both having the

same Levenshtein
distance.
Letter Difference Taking each word as a sel We favour corrections in #[ letterset(s) .

of letters, it counts the which the letters used is letterset(w)c] +
number of letters which more consistent. This for #[letterset(s) ¢,
are in oneword but not example favours a letterset(w) |
the other. AT OOAAQGEIT A

OAT T A6 OAOQE.

1 A0O DPOI AAAI

Size Difference The difference in size This gives more |#w-#s|

between wand s. DOAEAOAT AA

DAEO OxADbd

addition/deletion,  and

eliminates candidate
corrections too different
in size.

We keep the correction withthe highest score, but delay adding this to the mapping given that
this may be overwritten by a better match in the corpus

Corpus Comparison

When comparing a misspelled word against the corpus (i.e. the exam answers), the assumption
above that the words are correctly spelled can no longer be made; therefore the frequency of each
term must be taken into account. We can augment the previous metric to provide a new one:

& O 2AWsh=Qu . log frequency(s) + score(w,s) - _

In essence, we provide extra weighting if the word is commonly occurring, that is, we can be more
O2yFARSY (G 27 (K ShedodstdiR Qedsurdl Bat iNI\WB: Gedeysdsili theade that
d02 NB QO ¢ = a(whichwodld2ReNthIty diszad dictionary comparison). We make a number
of checks to prevent incorrect mappings:

Most obviously, we ignore the pair (w,S)if w is equal to s (preventing the identity mapping).
We ignore (w,S)if the Levenshtein Distance between them is greater than 5. This prevents a
mapping to a very dissimilar word if it is the best that exists (i.e. it may be the case there is
no mapping available at all).

3. We ignore (w,s) if the frequency of W is greater than the frequency of sin the corpus. This
prevents mapping cycles, which would cause an infinite loop when attempting to map the
corrections on the data.

Other Considerations
There are a few forms of errors that cannot be easily detected by the above methods. We can
correct these accordingly:

14



1. Plurality errorsit is common for the plural form of a word to be misspelled. For example,
GNRGGSY Ay Omhhpbod &
techniques, it is likely that an alternative word will be suggested, therefore we must

GoloASas¢

A a

d2YY2yt

w

e

compensate accordingly. We hypothetically replace common incorrect suffices with their
aGeaé TF2N aArSaé
dictionary, we add this to the mapping and ignore any other correction methods.

O2NNEB O

2. Words augmented with apostropheb: 2 dzy” a

SlidAagltSyis

addzOK |

oLy KI @$

a

aQaé

RRSR

is not in the dictionary, despite this extension being perfectly valid. We check if the substring

before the apostrophe is in the dictionary, and if so, regard the word as correct.
3. Word splitting:It is common for certain pairs of words to be incorrectly merged, for example

Gl agsStt

€ X

al f2a¢

' YR ¢hypdthesq @sgadzénsbrtioh 2t eadhlLJt A

point in the string; if this forms two words both found in the dictionary, we add this to the
mapping. This method can be problematic if not augmented, given that unlikely splits such

a

Gl 86Stf ¢
splits in which the bigram occurs most frequently A Yy
200dzNJ Y2NB TFTNBIdSy it e

Mapping the Corrections
The mappings of incorrect words to their (hopefully) correct forms are saved in a file. This allows the

Ayiaz at

agStfe

0Ky

ol y
0KS
al

O 2 N1Jdza

6A DS D

agStteno

user to inspect the suggested mappings and either add their own or modify/correct the ones already

present. The mapping is applied simply by searching for occurrences of each member of the

mapping key in the data, and replacing it with its corresponding value.

A Demonstration

z

uz

GF

0S YIRBEDP CKAA

al

Here is a sample of corrections produced when dealingwithalj dzZSa G A2y 2y W@l a202yadl

alot
ammount
aswell
bodys
capilaries
capilary
capileries
capillarites
capillars
capillarys
capilleries
capilliaries
capilliery
cappillaries
cappillary
cappilleries
colser

dont

errect
everytime

alot
amount
as well
bodies
capillaries
capillary
capillaries
capillaries
capillaries
capillaries
capillaries
capillaries
capillary
capillaries
capillary
capillaries
colder
don't
erect
every time

hypothlamus
insulater
inturn
mantain
normaly
prents
presonne
stoped
suplie
transfered
traveling

vascoconstrict

vascondriction

vasconstriction

vascontriction

vasilaconstriction

vasoconstruction

vesseles
vessles

hypothalamus
insulator

inturn

maintain
normally
parents

person

stopped

supply
transferred
travelling
vasoconstrict
vasoconstriction
vasoconstriction
vasoconstriction
vasoconstriction
vasoconstriction
vessels

vessels
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7. Cumulative Classification

The approaches used thus far produced promising results despite the small training sets available.

However, there is a significant conceptual flaw in the classification approach used, stemming from

the fact that classifiers have no abstractnoli A 2y 2 F WYl Ay AGdzZRSQ Ay GKSANI 2
assigned may as well be replaced with arbitrary letters or symbols, since the classifiers cannot

distinguish that a mark of 2 is greater than a mark of 1. This leads to some unfortunate

consequences:

1 As the maximum mark becomes large, standard classifiers rapidly deteriorate in
performance. Consider for example all answers which are awarded 5 out of 10 marks. These
marks could have been awarded in '°Cs = 252 ways. Clearly, even with a large training set, it
would be impossible for classifiers to fully encapsulate 5 mark answers, when one considers
that each of these 252 ways are based on multiple features, further increasing the
uncertainty.

T We neglect dependency assumptions. If an answer is classified as 2 and satisfies some
property A @B, then clearly if two answers both classified as 1 have the properties A and B
respectively satisfied, then they are strongly correlated. By ignoring these dependencies, we
surrender a large quantity of inference that can potentially greatly aid in the training
process.

A possible solution we proposeA & (G2 A Yy iNRRdzOS | vy 2 {Avdtyjustbde WOdzY dzf |
fundamental property:

If two sets ofproperties Xand Y are satisfied resulting in classifications x and y respectively,
then the overall resulting classificatiéor X C Yis x+y (given that X is not a subset of Y, and
vice versa)

This is an intuitive principle, and encompasses the way in which an examiner would mark a paper. If
an answer gets a mark for mentioning one point and a second for another, then one would expect
this to contribute a total of 2 marks to their final mark. Standard machine learning classifiers cannot
represent this concept.

The method proposed can be divided into 3 distinct stages:

1. SegmentationWe divide the features into sets of features relating to each mark in the mark
scheme. These sets may not necessarily be disjoint, neither must they span the whole set of
features. We maintain a classifier for each of the marks, with the corresponding sets
RSy2G4Ay3 SIFIOK 2ySQa |GGNROdzI Saod
2. Training:For each answer, we determine which of the marks are most likely to be satisfied
FYR 6KAOK FNBYyQiZ FyR GNIXAYy SIFOK OflaaAFTASN |
3. Clasdication: We combine the outputs of these classifiers to provide an overall classification
for the answer.
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In summary, we are delegating the problem to each of the individual marks, combining their results
to solve the overall classification task. The following sections deal with the motivation and
implementation for each of the three stages.

Segmentation

The cumulative classifier is a composite of simpler classifiers managing the classification of each

individual mark. Each of these classifiers requires a list of attributes, and intuitively one would

expect this to incorporate features relating to this particular mark. There are two measures which

we must consider to determine the accuracy of this algorithm. The first is precision; the proportion

offeatured G KA OK | LIISIENI AY (GKS W2LIWAYdzZY INRAZLIQP ¢ KS &
FNRY GKS W2LI0AYdzy INRdzLIQ GKIF G | LILISE NI

Precision is important, when we consider that taking the entire set of features for all groups, which
produces 100% recall but low precision, would result in poor classification, given that the system has
no way to distinguish between marks. Recall is also important, given that neglecting important
features produces a classifier that is not representative of the mark.

Some consideration should be given to the relationship between the sets of features. Should for
example the sets be disjoint? This depends greatly on the mark scheme in question. Marks tend to
be based on independent points to avoid ambiguity in marking, but it is very possible that two
different marks will mention the same item or action. The sets need not provide full coverage of the
entire feature set, when we consider that many points contained within some answer may be
entirely irrelevant to the mark scheme, and thus not associated with any particular mark.

We construct 3 different methods that attempt to perform this segmentation. The first 2 of these

dza S 2 O@@BNBYy OSQ Y I (i NInkrEmattixKnlisiihe fubEr oflfeatdra) Whed G NA O
each element M; =M is the number of times feature i occurs with feature j. This can be interpreted

as a measure of the connection between 2 features. To compute this, we take a binary matrix A
representing the training data, such that each row is an incidence vector representing one answer’.

M is easily calculated:

M=AT.A

This follows from the fact M;; takes the dot product of columns i and j (where such a vector is the

incidence vector of a particular feature across all answers), equating to the number of times both

features occur across all answers (i.e. if both features are present in a particular answer, their

product is 1, contributing to the total count, otherwise their product is 0). We could feasibly use M*

for some k > 1 to improve the connectivity of features. If k = 2 for example, then Mzij conceptually

indicates the extent to which feature i is connected to feature j via some intermediate feature; if for

SEFYLX S aOliGé¢ 200dzNB oA GK & 7FdzNE AY Yy FYyagsgSN | yF
Malf 264 dza G2 YE{S &adOK b 02 yipr&iditisdafanadseiis Sy a OF
effect for the type of data in question. We finally map the log function onto all elements of the

1y AYAGALFE aadzyLliazy ¢l & GKFEG FAEGSNAYI GKS YIFONRE
optimisation. This is because each row would have present features mostly corresponding to one mark, thus

increasing the probability that two features have a high co-occurrence due to them relating to the same mark.

However, this reduced the training set to such an extent that this was not a viable approach.
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matrix before normalising the columns®. This ensures that particular high co-occurrence values do
not dominate and force other values towards 0 after normalisation.

Method 1: Standard K -means Clustering

K-means clustering is a commonly used method that partitions elements into disjoint sets (which

span the entire set) using a standard algorithm. The resulting clusters have been partitioned in such

a way that the mean distance from each vector to the centroid® of its respective cluster is minimised.

The process consists of simply clustering on the columns of M into k sets, where k is the maximum

mark. Weka provides clustering facilities, thus the implementation involves producing W& NJ LILIS NX
which uses the matrix M to construct an input suitable for the clusterer, before returning a list of

sets, where each set contains the indices of the features in the cluster.

The algorithm is fast and efficient, and provides moderate accuracy for most questions. However the
disjoint set assumption is likely to cause problems for questions where high feature overlap occurs
between marks.

Method 2: Iterative Clique Merging
An alternative approach proposed here generates a number of seeds, where each seed is an island
of closely connected features, before merging them into the required number of clusters.

Instead of normalising the columns in M as before, we scale all elements down so that the maximum
St SYSyli Aa md® 2SS RSTFAYS | HKNBAKEERO2ZYRNOSGHS Ky
2 Ad O2yaARSNBR (G2 0SS WwauNRy3IQ: YR WgSIFH1Q 20§KSN

A z

DX 6KSNB 6S RSTAYS (KS y2RSa (2 0SS GKS TSI GdzNBaz

To demonstrate this, take an example such that the co-occurrence matrix M is:

mTmMm Qg O ®@ >
OO R R R R[>
O OO R F R
OO R R R RO
OO R KL OO
R R, OOO0OCOm
P R, OOOOmMm

with featuresAtoF.¢ KS @I £ dzS 2 F h  Al&on-keidBahias aXd1.NGEs prsdScdhsB 4 Ay O S
the graph:

* More specifically, the function is f(x) = log(x+1)This ensures that 0 maps to 0, rather than produce an error.
> The centroid of a cluster is the mean of its constituent vectors.
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We start by identifying all cliques contained within the graph. A clique is a set of nodes such that
there is an edge between every pair of nodes within it. From the graph, we can see that there are 3
cliques: {E, F}, {A, B, C} and {A, C, D}. To identify the cliques, we devise the following algorithm:

Letcliques= @
For (each row i of M)
If (cliquesis empty) add newlique{ i } tocliques
Else {
For ( eaclelique gin clique$
If all the bonds from i to each of the elementsgjiare strong,
add i tog.
Else if all the bonds froma each of the elements mare weak
(and additionally, i was not added to any otlatique in cliqués
create a newclique{i } and add it taliques.
Else (i.e. we have a mixture of weak and strong bonds) create
a newclique
qQ T ¢{d| stkongy, j), i/ a}

and add it tocliques

Presuming that cliquesis not empty, we observe for each of the accumulated cliques which nodes
the node i has edges to. Clearly if there are edges to all the nodes, the clique is preserved so we add
the node i to the set. Similarly, if i has no edges to any element in the set of cliques (such as row E),
we create a new clique (delayed until the end of iteration to ensure this condition is met). Lastly, if
there are edges to some but not all the nodes in a clique (such as node D with {A,B,C}), we create a
new clique containing the node itself and those nodes which it has an edge to. One might initially
think this is a polynomial time algorithm® given the nested for loops. However, the inner loop
becomes larger as cliques expands, leading to an exponential algorithm.

If we follow this algorithm for the above example, on each iteration we obtain: [{A}], [{A,B}],
[{A,B,C}], [{A,B,C}, {A,C,D}] (where the split occurs), [{A,B,C}, {A,C,D}, {E}], [{A,B,C}, {A,C,D}, {E,F}].

We desire only k groups however, so the sets above must be merged. Merging is performed by
constructing an appropriate algorithm:

Let groups = cliques; Discard all groupsof size 1
While( |groups > k)
Let bestGroupl = g
Let bestGroup2 = @
For( eactgroupgl ingroups)
For(each group g2 in groups)
Take the cross product of g1 and g2 (g1 x g2) and
find the average bondtrength over all pairs. If this value
exceeds the best so far, set bestGroupl = g1, bestGroup2 = g2.
Add bestGroupX” bestGroup?2 to groups.
Remove bestGroupl and bestGroup2 from groups.

® If this were the case, then P=NFA A @Sy GKIF G | &AAYAf NI LINPO6f SYZ ofleK S
of Richard Karp's original 21 problems shown NP-complete in his seminal 1972 paper "Reducibility Among
Combinatorial Problems".
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Suppose k = 2. Then just after one iteration of the algorithm, {A,B,C} and {A,C,D} will be merged to
{A,B,C,D}, leaving this and {E,F}. Observing the original diagram, such group identification for this
particular example appears sensible.

The fundamental flaw in this algorithm is that its unavoidable exponential complexity renders
segmentation on hundreds of features (as would usually be expected) infeasible. Even if divide-and-
conquer techniques could be used on the merging to produce an O(n.logn) algorithm, there exists
tens of thousands of cliques produced from the previous process. Using singleton sets with each of
the features as the seeds for the merging algorithm simply does not work as the resulting sets will be
disjoint; in which case the standard clustering algorithm would be a superior alternative.

Oneshouldat 82 y23GS GKIFG | aftA3aKG FEAGSNFGA2Yy AY
Clearly tweaking such a parameter dependent on the data set to improve results is undesirable.

Method 3: Manual specification

A non-autonomous alternative is to manually specify the groups each feature appears in. Clearly
manually assigning features to groups removes the problems with the methods listed above, and
any loss in accuracy is due only to human error. Given that a data set of 150 answers typically
produces 800 features, the task is an arduous one and becomes impractical as the data set
increases. A command line interface developed can alleviate this problem if the mark scheme is
based on simple keywords (see Implementation Notes

Training

The segmentation from the previous stage produces K classifiers with assigned attributes ready for
training. In order to train multiple networks, we must determine a method of taking one instance
and distributing this over the K classifiers.

Suppose an answer in the dataset obtained a mark of j out of KO nj XK Each classifier can only
produce a classification of 0 or 1 (indicating whether the mark was obtained or not), so we expect to
train j of these classifiers with 1 (where the instance is restricted to the features the feature set
corresponding to that classifier contains), and the remaining k-j with 0.

To determine which of these | classifiers are trained with 1, we rank the k groups in order of cosine
similarityd0 SG 6 SSy GKS Of dzZ2ai SNR& OSOG2N) 6gAlGK wma

4

relative measure ofthemagy A 1 dzZRS 2 F G KS Ayail
achieved, we simply takethetopjSt SYSy da FNRBY (K

The cosine similarity is a measure of the similarity of two vectors by calculating the angle between
them. For two vectors A and B, it is defined to be:

We can ignore the Euclidean length of the vector corresponding to the answer to classify, since this
will remain constant as we vary the cluster vector. Thus the measure is simply:
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Classification

B0l 6Q .GEI0'Q

|cdoi Q1 |

For a new instance, we simply restrict the answer vector to each of the clusters, classify each

instance, and sum over the classifications. This is analogous to a marker determining which marks in

the mark scheme were awarded, before totaling their score.

Extending to alternative types of mark scheme requires little change. Take for example a scheme of

GKS FT2NX 4! 61 NR

M

Y NJ

F2NI Fye 2F GKSinstthe LI2AYy G4z

same, but in classification we take min(mark, n)o that the maximum mark is not exceeded.

A worked example

Suppose a mark scheme consisted of 2 marks, with the following criteria:

1) aSyadAazy 27F |

WR23IQD
2) aSyiGaAaz2y 2F GKS

I O

2F Wl f1AYyaIQ 2N WSESNDA &S

Suppose also the following training answers were supplied, their classification denoted in brackets:

The dog buried his bone. (1)

mooO WP

The big dog started barking. (1)

Adam enjoys walking and exercise. (1)
The dog enjoyed exercising. (2)
The big lecturer scared the timid student. (0)

Each of the answers would be semantically analysed and deconstructed into its constituent features.
AAYLE AOAGeT ¢S SEGNI O
generate the following incidence matrix A for the above answers:

C2NJ G6KS alr{1S 27

mooOw>

dog big walk exercise
1 1 0 0
1 0 0 0
0 0 1 1
1 0 0 1
0 1 0 0

Computing M = AT . A, taking the log of each value, and normalising the columns, we obtain:

dog

big
walk
exercise

dog big walk exercise
0.5 0.387 0 0.279
1 0.613 0 0
0 0 0.5 0.279
1 0 0.5 0.442

2yt e

By inspection of the non-zero values, it is clear that the two groups obtained by clustering are G; = {

dog, big } and G, = { walk, exercise }. This is consistent with the original mark scheme. We create a

standard classifier for each of these groups (say C; and C;), and now use the rows of the matrix A to
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train these. We define an ordered list Ly to be the groups in descending order of their similarity with
the row R.

The incidence vectors for the 2 groups are (1, 1, 0, 0) and (0, 0, 1, 1) respectively. Since the Euclidean
distance of these are the same, for this example we can ignore these from the cosine measure and
simply use the dot product instead.

For the first row A, we have the vector (1, 1, 0, 0). We take its dot product with each of the group
incidence vectors:

(1,1,0,0).(1,1,0,0)=2
(1,1,0,0).(0,0,1,1)=0

Since 2 > 0, this gives us L, = [Gy, G,]. For this first row, 1 out of 2 marks were awarded, so we train C;
(corresponding to G, the first element of the list) with the row (restricted to the features it contains,
ADSDd 6MI MO 0 YR i fKihtidfolv GedtrictEditdda, d) e yhe WM QT
Ot aaAFTAOlIGAZY WwWnQo

Using this method for each row, we train each classifier 5 times.

C C,

Row | Row.G; | Row.G, | Marks | Training Class || Training Class
instance instance

A 2 0 1 (1,1) 1 (0, 0) 0

B 1 0 1 (1,0) 1 (0,0) 0

C 0 2 1 (0,0) 0 (1,1) 1

D 1 1 2 (1,0) 1 (0,1) 1

E 1 0 0 (0,1) 0 (0,0) 0

Now that training is complete, classifying a new answer is a simple process. For example, the answer
G¢KS o0A3 KIY&aOiISNI KIR a2YS SESNDA&AS 2y KAa
features. We take the vector (0, 1) corresponding to the group G; and put it through C,. The classifier
K2LISTdzZf f &8 akKz2dzZ R NBUGdzZNY WwnQ 3IAGSy GKIFG |
we take the vector (0, 1) corresponding to the group G, and put it through C,. The classifier should

NBGdNY WvQ FAGSY G K1 1, HEdobe Nbfinal d@ificatian fotisy (i A 2 Y S R ®

answer is 1.

Pre-Testing Analysis

Before this system is tested, it is beneficial to establish a hypothetical upper bound on accuracy
compared with conventional classifiers. While cumulative classification has some merits, its
cumulative nature leads unfortunately to cumulative error.

Consider the case where the maximum mark is 1. Since partitioning the feature set into 1 leaves it
unaffected, the algorithm behaves the same as a normal classifier. Suppose that we assign a
probability p that the classification for an instance is correct, and for simplification, presume this is
the same probability as classifying any mark in a mark scheme correctly. If a mark of k out of nwas
obtained, we obtain the following probabilistic upper bound for a correct overall classification being
received:
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min (@& Q
P(correct) = iQ ¢ ‘| @ né 21 f)?
i=0
This upper bound could only theoretically be reached if the segmentation is optimal, and if in
training we always identify the correct clusters for which a mark was awarded. This expression
seems complex, but is a simple modification of a standard binomial distribution. To understand it,
consider firstly the probability of the examiner classifying all marks correctly. This is simply p". Now
consider that the examiner accidently assigns 2 marks incorrectly, such that for one mark it was
wrongly identified as incorrect, and another wrongly identified as correct. The total classification
would remain the same, since we are not changing the total number of marks. There are "=k ways
of picking a 1 to switch to a 0, and ™, = (n-k) ways of picking a 0 to switch to a 1. (n-2) marks are
assigned correctly with probability p (giving p"*) and 2 marks are assigned incorrectly with
probability (1-p). We generalize this to 2r mistakes where r is the number of incorrect pairs, and sum
over all the possible number of pairs of mistake. There is a maximum of min(k,nk) mistakes, since

we are limited by the number of Os we can pair with 1s, or 1s we can pair with Os.

To assess the practical impact of this, take p to be a sensible value of 0.85. Presuming a random
distribution of marks out of 4, the average upper bound for the probability of correct classification is
0.55462. Given that errors in clustering and training are likely to lower the accuracy, this upper
bound is bad news. However, accuracy is not the only method of evaluation, and a measure known

4 WRAALRAAGAZ2YQ A& AYGNRRIZOSR f I GSoel G2 2dzadATe
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8. Graphical User Interface

Currently all methods and operations discussed previously are only accessible via the command line.

When dealing with numerous files across the conversion pipeline, this can be somewhat of a

cumbersome process. Therefore, a simple GUI (Graphical User Interface) was developed and used to

facilitate such operations.

The GUI consists of 3 tabbed panels. The first allows conversion between various file formats across

the overall pipeline. The first button takes a CSV of English answers and parses them to produce a

CSV of DRS expressions. The second button uses this and produces an ARFF, and finally the last

button uses the ARFF to train a classifier (prompting the user to select between the different

classification methods).

A second panel allows the user to test the performance of the system for a given dataset. The user

| £ Marker

Q Pipeline | (.« Evaluator

Sou Arff

£z

Status

Successfully parsed lins 157.
Successfully parsed line 158.

Successfully parsed line 159.

Successfully parsed line 160.
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Successfully parsed line 166.
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Hum lines: 1&8
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Finally, a third panel allows individual answers to be classified given a trained classifier.

| £| Marker

‘ I:l Pipeline f Evaluator JMarher

Input

Sentence: |The tallest mountain in England is Kilimanjaro.

There are two features of the GUI worth drawing attention to:

9 Drag & Drop file selection bokhe class FileDragPanet simply a component, and allows
the user to specify a file or directory quickly® LG KF& WRNJ} 3 FyR RNRLIQ TFo
user to drag a file or directory into the box to make the selection. Alternatively (given that
the file to specify may not yet exist if it is the output of an operation) the user can click the
panel to open a standard browse dialog. The constructor takes a file type (enforced when
browsing) and a name, which is displayed at the top of the panel.

9 Loading barThe evaluation process can be long, and thus it is desirable to give the user a
rough indication of the time remaining. Progress bars are easy to create and update in the
{6AYy3 FNIYSH2N]l o | 26SOSNE +y A&dadzsS FNRaSa 27
entire evaluation process is complete, resulting in a jump from 0% to 100% as it finishes. The
solution is to run the evaluation process Y the backgroundQThe abstract class
SwingWorker¥oid, Void¢ has a method dolnBackground(py implementing this, we ensure
that updates to the GUI during an operation are administered. The progress is merely an
approximation, with 0-20% progress for parsing, 20-40% for generating the ARFF files, 40-
80% for training and 80-100% for testing.

¢KS D!L dzaSR (GKS {gAy3 G22ft 1A b, theigterfack styl)is &t G2 W @I
to match that of the operation system; as one may have observed, all screenshots were taken while
using Windows Vista.
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9. Evaluation

The form of evaluation used employs a technique | Y 2 6 Y -foldicross-@ h £ A R totiniodly £
used in Computation Linguistic systems. This splits the training set into 10 segments, trains a

classifier on 9 of the segments and classifies the remaining 1 segment. The results are averaged over
the 10 possible testing configurations.

Each answer in the test segment is classified, and is compared to the actual classification from the
data. Ameasureofthe 3 @ A 1 SY Q&  ligSbhhFhed, Nd¥dmpagife two properties:

9 AccuracyThe percentage of answers that were classified correctly.

1 Dispositim: The average displacement of the estimated marks to the actual marks. This is
potentially a more useful measure for higher mark questions, since for a mark of 4 out of 4,
an estimation of 3 is superior to an estimation of 0.

The Naive Bayesian Network was chosen as the classifier (and for the cumulative classifier as the
sub-classifiers). The decision tree classifier gave on average approximately 5% worse performance,
and thus was ignored. Results were obtained for the 3 different approaches: the keyword approach,
the semantic approach using the parser, and the cumulative classifier described in Section 7.

Results
Keyword Approach Semantic Cumulative
Approach Classifier
Q Max  Num Accuracy Disposition Acc. Dis. Acc. Dis.
mark answers

2a 1 200 94% 0.065 92.50% 0.075 92.50% 0.075
2bi 1 192 89% 0.115 84.87% 0.151 84.87% 0.151
2bii 2 190 78% 0.225 63.16% 0.374 53.68% 0.489
2biii 1 200 98% 0.025 95% 0.05 95% 0.05
2ci 2 189 70% 0.335 53.48% 0.518 50.32% 0.534
2cii 2 193 78% 0.220 79.92% 0.201 72.68% 0.278
4a 2 162 73% 0.306 74.74% 0.296 69.01% 0.322
4bi 1 195 92% 0.080 93.34% 0.067 93.34% 0.067
4bii 2 192 55% 0.465 43.29% 0.687 55.76% 0.504
4biii 1 68 81% 0.186 78.33% 0.217 78.33% 0.217
4ci 2 195 71% 0.305 65.13% 0.379 46.92% 0.612
Acii 1 193 82% 0.180 76.29% 0.237 76.29% 0.237
4d 3 163 45% 0.625 37.65% 0.708 40.88% 0.77
Haii 2 170 65% 0.370 69.41% 0.329 65.88% 0.37
6a 3 186 60% 0.490 53.83% 0.623 56.37% 0.506
6b 1 201 85% 0.155 91.00% 0.09 91.00% 0.09
6¢c 4 139 48.5% 0.644 50.71% 0.707 47.14% 0.636
8b 2 186 65% 0.366 69.06% 0.332 66.26% 0.382
9c 2 182 71% 0.300 67.35% 0.332 52.75% 0.478
12ci 2 168 76% 0.240 74.41% 0.256 66.73% 0.339
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12cii 2 158 62% 0.415 70.29% 0.316 58.17% 0.463
13bii 4 119 68% 0.522 66.67% 0.567 61.67% 0.558
Avg 73% 0.309 70.47% 0.340 67.07% 0.370
eyword Approac emantic Approac umulative Classifier
K dA h S ticA h C lative Classif
Mark Average Accuracy Average Accuracy Average Accuracy
1 88.71% 87.33% 87.33%
2 69.45% 66.39% 59.83%
3 52.50% 45.74% 48.63%
4 58.25% 58.69% 54.41%
100%
90% il |
80% - =
70% - =
60% - | H
50% I I M Accuracy (Keyword)
0, 4 - H
40% O Accuracy (Semantic)
30% - H H
M Accuracy (Cumulative)
20% - H H
10% - H H
0% T - T - - T T - 1
M '/ ‘= = 'O = @0 '8 = =Z'OQ =0T = © O LV O V' ==:1=
Nﬁg;‘éﬁgwfﬁggéﬁgvgoomwmﬁﬁé B
z

The first noticeable property of the above graph is that the semantic approach was marginally worse
than the keyword approach. This is initially surprising, given that one would expect the set of
features produced from the keyword approach to be a subset of that for the semantic approach, and
thus the performance at least as good. There is a variety of explanations for this decrease in

performance:

1.

Some variation of performance is expected given that the input data used was different.
While the keyword approach used all input data, some badly spelled/ungrammatical
answers were rejected by the parser, and thus discarded from the training data.

The parser had the effect of transforming some of the words, such as changing plurality

or removing tenseZ

FYR 20KSNI F2N)a

2T Wy2Aaasa

Similarly, the parser is not 100% accurate, and therefore some answers will have an

incorrect semantic representation.

More generally, the results show impressive performance for 1 mark questions, but a considerable
decline in accuracy as the mark increased. The cumulative classifier gave relatively poorer
performance to the semantic approach for 2 mark questions, but better performance for a few
higher mark questions. Accuracy had some correlation with the size of the data set, albeit small.
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The disposition data did not yield any significant trends across the 2 classifiers, other than being
approximately proportional to the accuracy. There was only one dataset in which the accuracy was
lower for the cumulative classifier but had a higher disposition. This is likely to be because the modal
mark for each dataset tended to be 0; thus if a 4 out of 4 mark answer is classified (incorrectly) by
the cumulative technique as 3, and as 0 by a standard classifier, the low frequency of such high-mark
answers renders such improvement (i.e. a classification closer to the actual mark) insignificant.

For a given dataset, the wildly variable accuracies for each segment in the 10-fold cross-validation
are also indicative of inadequate training data. If a large dataset was used, one would expect these
accuracies to be roughly consistent. It should be noted that the parser was not always successful in
producing a parse, particularly for long answers. This is unfortunately unavoidable, given the poor
quality of grammar and spelling in many of the answers.

Cumulative Classifier

The poorer than expected results for the cumulative classifier can partially be explained by the often
poor datasets. As identified above, the modal mark was often 0, and for higher mark questions, full-
mark or near full-mark answers were very infrequent (in some cases appearing only once or twice).
This, coupled with the low amount of training data, means that many of the individual mark sub-
classifiers predominantly receive a 0 as a classification in the training data.

It is curious that questions 4d and 6a had very contrasting performance despite both having the
same maximum mark. Inspecting the mark scheme, this is likely to be because there was less overlap
of features associated with marks in 6a(a question on plants, in which the marks were fairly
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independent concepts) than there was with 4d (a question on vasoconstriction, in which 2 of the 3
marks made reference to blood). This strongly suggests that the cumulative classifier performs
better when the clustering is less ambiguous.

Spelling Correction

Question Accuracy Change
4a 73.30% -1.44%
5aii 68.82% -0.59%
6a 52.78% -1.05%
6b 88.05% -2.95%
6C 50.90% 0.19%
8b 68.54% -0.52%
9c 66.76% -0.59%
12ci 72.46% -1.95%
12cii 68.13% -2.16%
13bii 67.69% 1.02%
Average: -1.00%

The results show that spelling correction yields no improvement on accuracy. There are a number of
reasons why there may have been a slight reduction in performance:

9 The correction of words integral to the grammatical structure of the sentence led to less
answers being rejected by the parser. This combined with the other alterations to the
dataset leads to a minor change in accuracy, either positive or negative.

9 The spelling corrections may be too generous ¢ that is, an incoherent answer with key terms
misspelled may be penalised by the examiner. This results in some classifications in the
training set being too high.
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10. Conclusion

The results are a mixture of encouragements and discouragements. While the spell correction and

cumulative classifier enhancements failed to provide an increase in performance, accuracy for many

of the data sets was high. However, there was a disappointing lack of improvement in performance

2PSNJ GKS Wol 3 ,éevan if higphiderdnddce wdsHighfRanty §Gperiorto G KT G 2 F (G KS
YSIENBald ySA3IKPEMANIG. UhldsdtaR® wefd fuinddmgntatinadequacies in the

method of featurisation used, it is clear that semantic information from the sentences bears little or

no influence on classification on the type of data used. This is perhaps of little surprise; while

theoretically semantics are of paramount value, in the context of factual exam questions its use is

limited. Typically one would not expect examinees to write incoherent answers containing the

desiredW{1 S@62NRaQ Ay |y I §itstS8ay thilinclisign ofE@hkdéywoid&irfan a @ 4 G S Y
answer is a strong reflection that the student has understood the topic at hand.

Despite this, the very high accuracies in some test segments suggest that accuracies could be
significantly improved by datasets of a largersizeX | YR (G Kdza 2y S 02dz R RSSY (@K
given the inadequacy of the data.

Ultimately, the problem with a machine learning approach to automated exam marking is the
existence of a no-win situation. A small training set leads to poor results, but a large training set is
counterproductive for the classification problem at hand; each classifier can only be used for a
specific question, and thus unless the total number of exam papers is very large, manually marking a
large subset of these is not economical.

The conclusion is that the approach of manually specifying the mark scheme required (via the

patterns previously explained in the introduction) is superior to attempting to learn such patterns.

The cumulative classifier may aid in identifying possible groups of features for each mark, but given

100% accuracy in the segmentation algorithm is unrealistic, this leads to features occurring in

incorrect groups, and thus renders such information limited in use. The cumulative classifier does

K2gS@SNJI LINBPOARS a2YS WFSSRoOoIFIO1Q 6KSNBE GNIXYRAGAZ2YI
indicates which of marks in the classification were and were not awarded.

There are number of extensions that may be made to this research. A more accurate segmentation
Ff32NAGKY GKIF {0 RRuSénes Mdirix ddiidibeinvedtigated. Relying €bRly on the

co-occurrence matrix is possibly naive, as one cannot assume that two features occurring frequently

together necessarily relate to the same mark (and as discussed, limiting the dataset to 1-mark

answers is too restrictive). One might also propose that the system may effectively be used in

another domain where one large dataset is used to classify instead of multiple smaller ones. Other
2LIAYAAlLGAZ2Yya O2dA R Ffaz2 68 Ay@SadAaAariSRT &dzOK |
O2ydFAYAY3a GFENAIYy(Ga 2F GKS alFyYS 42 midasidedId & FSNI
representation.
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11. Implementation notes

All coding was written in Java (1.6).

a) Parsing
The WebsiteParse®f 88 dzaSR T2 NJ W2y f AyS LI NEAY3IQ EAAYLI & A
6FOGAY3 Fa I LI NIFYSGESND I 2 mpuiStieshiReailenShe BRBAZ alzf (G Ay 3 L

stream), and extracts the DRS expression from it.”

ServerThread & | Of I aa dzaSR (2 YIFyl3S | LJ Nhrda@dz | NJ O2y
class, such managers can be run concurrently to service multiple connections simultaneously.

Instructions to the SOAP server and client can be made via the command-line. We can execute such
instructions from Java by constructing a Proces®bject. This can be obtained by
Runtime.getRuntime().exec(commanthe Processlass usefully has a method waitFor() which
causes the method to halt until the scheduler signals completion of the process. One might wonder
why inelegant file writing and reading were used in ServerThreathstead of piping. This is because
the command-line functionality is very limited in Java, and thus can only execute basic commands.

The following command-line prompts are used in implementing the server:

I soap_server --server localhost:9000 --candc ../candc/candc-1.00/models/boxer
is used to start the server on the local machine (using an arbitrary port), specifying the
Boxer data as the parsing model to use. Since there is no way of determining whether
the parser has fully loaded, we wait a fixed amount of time (20 seconds) before
continuing.

I soap_client —-input inputFile --output parsedFile --url http://localhost:9000
This command instructs the SOAP client to communicate with the SOAP server. The
parsed output (in CCG form) is outputted to a file. The port must be the same as that
specified in initialising the SOAP server.

I boxer —-input parsedFile --output finalOutputFile --box true ¢flat
This takes the parsed file and uses Boxer to produce the DRS expression. We extract this

from the output file and write this to the output stream of the server.

b) Implementing -

Implementing the ] function involves 2 stages. The first is to convert the DRS string obtained from

parsing into some object oriented form. The second takes this construction to generate the desired
atoms. The DRSreade®f  4a Ay (GKS WLI NESNX LI O1F3S A& dzaSR i
SemanticModebbject. A SemanticModetepresents all the variables, predicates and relations

(including equality, etc.) within the DRS.

To do this conversion, we establish an abstract class Expr This has 2 unimplemented methods:

7 Such a techniquS 2 F -4ON$aAyI¢ Aa 3IASYSNIffe RAad2dzNF ISR F2NJ
WebsiteParseran only be used to obtain parses for individual sentences (i.e. for classification rather than
training purposes).
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9 int parse(List tokens, Integer indeXakes a list of tokens (where each token is a word or
character of the DRS string) and the point to which we have currently scanned. This parses
the tokens in a way relevant to the part of the DRS tree we are currently in, and builds up
the internal structure of this object. The integer returned is the new token position after
parsing.

9 void process(Semanctilodel modet)Used for the second phase. It takes the structure of the
object accumulated from parsing, and updates the SemanticModel

We use an abstract class as opposed to an interface so that we can define a method simpleParsg
which parses a single token (containing no information, such as parenthesis) and produces an error if
the token is not as expected.

Clearly we must first convert the DRS string to tokenised form. A method List<Object>

tokenize(String stip DRSreadelrJS NF 2 N &  { K SténgTokazizérlysd To wién @ilialsé

the parsing process, we just then construct a new Drsobject (representing the root of the new tree

being constructed), and then execute its parse method with these tokens. One might wonder why a

Listof tokens is used and not a more intuitive data structure such as an Iterator, where once a token

Ad O2yadzYSRI Al Aa y2G aSSy I3IFLAYyd ¢KS NBlFaz2y A3z
token without consuming it, in scenarios where there are multiple types of children that a node

could have.

Now that a tree structure of the DRS has been obtained, we use it to construct SemanticModelThis
object contains the following items:

9 A map of variable names to SemanticVgrwhere a SemanticVarepresents a variable in the
DRS. Each has a reference to identify it (e.g. x1), a name of the object/event it is
representing (e.g. dog), and a list of attributes (e.g. [hairy, large]). It has methods to set its
name/add an attribute®, set its cardinality, and to obtain a list of its semantic atoms (as
defined earlier).

1 Alist of SemanticRefepresenting relations in the DRS. All relations are binary, therefore we
have a reference to the left and right variables (we use their name rather than a pointer to
the variable itself), and the predicate being applied. It similarly has a method to generate a
list of semantic atoms as defined in Section 4.

SemanticModemaintains all other relations, that is, equalities and implications, and has methods to
generate their atoms appropriately. It is possible to have nested SemanticModa| in the case when
G§KS 5w{ SELINB&@ A gropositivh)SohstruttiorS WHeh processing this, we
construct a new child SemanticModelset its parent to the current model, and redirect the
processing of the sub-expression to the child model. Therefore when looking up a SemanticVafor a
given name (a process required by SemanttRe), if it is not contained within the local context, we
recursively search its ancestors.

The Keywordldentifietlass can be used to display the list of atoms for a DRS expression. While not
used in the overall pipeline, it is useful for analytical purposes.

28 OFy RSGSNNAYS AlphsTYE (i Bl & 28 ® habyfHIlgBR KK IGBNE Kl a G(KS
(indicating an attribute) we add it to the list. If we have dog(x1) YR R23 Kl a (KS (&Ll WyQ o
gFNAIofSQa Yyl YSo
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c) Dictionary Methods

The class SpellUtilgrovides access to methods associated with misspellings, such as determining
whether a word is incorrect misspelled, and if so, producing a list of suggestions. An external library
oSwabunga Spell Engihe ¢ bed, whith provides such methods.

d) Cumulative Classification
1 Manual Mark Group Specification

AmarklistFAE S aAYLX & 02y (fdaturg-a [lisN® ghclipsi2d¥f LITK Si KIS NRYA NS (
GKS OflFaaAFTASNI Y2RSt A& 0SmyHy @YiidddisaiviiRQ (2 O
override any other segmentation method used. A class MarkListModifierprovides a

command-line interface to reduce the hugely time-consuming burden of manually assigning

INRdzLIAZ 6 A (K COCGONTAING Rard gécioigOiRarly Ee&Ruée containing

Wg2NRQ (G2 GKS ALISOAFASR INRdzZLID

1 Training

A class ClusterUtilrovides methods to perform this ranking and converting vectors to their
appropriate form:

List<Integer> getClustersBySimilarity(double[] row, List<Set<Integer>>gtdesr the row

and clusters and produces a ranked list of cluster indices using the cosine measure.

double[] getClusterincidenceVector(Set<integer> clusters, int numFeaturete cluster

in a vector form for use in the above method.

Lastly, doubld] getRowRestrictedToCluster(Set<Integer> cluster, double[Jreavoyves

gl fdzSa FTNRY GKS @SO02NJ 0KIFIG O2NNBalLRyR (2 FSI
used in training each classifier.
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