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Abstract 
 

Many features have been proposed to evaluate 
examinees’ language proficiency. However, few of 
them are semantic based. In this paper, a novel feature 
for semantic scoring is presented. It is designed for a 
typical question type in language tests, namely 
reading-answering-problem. The proposed feature 
extraction process involves several operations: 
transcribing the speech data, automatically tagging the 
transcribed text and scoring the tagged text. The 
pattern based tagging is performed on the pre-
designed Finite State Machines (FSMs) and the 
scoring fusion is based on the semantic calculations in 
a knowledge database. Experiment on Mandarin data 
validates the effectiveness of the semantic feature in 
the language proficiency evaluation. 

 
 
1. Introduction 
 

Computer aided language learning (CALL) systems 
which are designed to listen to examinees’ speeches 
and to judge their language abilities are very valuable 
in foreign language learning and proficiency evaluation. 

In the past decades, great achievements have been 
acquired in the field of CALL. Many features, such as 
the word posterior probability, timing and duration 
methods [1-4] are proved to be efficient to foretell the 
language proficiency. Methods which combine more or 
less of these features are also proposed to provide the 
machine scores automatically. 

Although the performance of the above features is 
comparable to that of human raters in closed-question, 
namely passage reading and sentence repeating etc., 
they do not consider the examinees’ semantic 
correctness. Therefore, it is not fit for the tests which 
aim to evaluate the examinees’ understanding and 
expressing abilities. 

In fact, in the real tests, reading-answering-problem 
is one of the most common question types. The 
reading-answering-problem is usually composed of a 
reading passage, a question, and an answer rubric. Its 
question is limited on the passage. In testing, 
examinees are ordered to answer the question after 
reading the passage. They are allowed to express their 
idea freely and their responses are graded according to 
the answer rubric. The answer rubric usually contains 
following specification: the standard answer text to the 
question, the pronunciation requests, and the tone 
requests etc. 

Compared with the evaluation methods of the 
closed-question, there is one problem to be addressed 
with the consideration of the above characteristics of 
reading-answering-problem: 

 Rejections on synonymous answers. 
This problem arises when the examinees try to 

express the same idea in another way. If it is not 
thoroughly considered, the performance of CALL 
system will be decreased significantly. 

To solve this problem, in this paper, a novel feature 
is presented to evaluate the semantic correctness of the 
answers to the reading-answering-problem. The 
question context and the knowledge database are 
incorporated into the evaluation process to solve the 
above problems. The question context is composed of 
the objective topic materials, namely the reading 
passage, the question and the answer rubric. It is 
utilized in the semantic scoring process. Furthermore, 
to evaluate the semantic correctness of the answer text, 
a pattern based method is devised to capture the answer 
scheme. It is implemented by Finite State Machines 
(FSMs), which can tag the answers by pre-designed 
patterns. Finally, the semantic feature is mapped from 
scores extracted based on the tagged answers. 

The organization of this paper is as follows: Section 
2 first gives an overview of our proposed feature 
extraction process, and then the main components of 
the model are explained in detail in Section 3-4, 
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including semantic evaluation and score mapping etc. 
In Section 5, the proposed feature is systematically 
evaluated with a standard corpus. Finally, a further 
discussion is given in Section 6. 
 
2. Overview on semantic feature extraction 

 
The extraction of the proposed semantic feature is 

depicted in Figure 2. First, the input WAV files are 
transcribed in the pre-processing module. Sequentially, 
two semantic scores are extracted from sentence 
tagging and text evaluation modules. At last, the two 
scores are mapped into the semantic feature. It is worth 
noting that the question context and a knowledge 
database are incorporated into the extraction process to 
address the problem mentioned in Section 1. Besides, 
Finite State Machines (FSMs) are generated from the 
question context to support the sentence tagging 
module. 
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Figure. 1. System structure for reading-answering-

problem 
In the pre-processing module, the examinees’ 

speeches are transcribed on the reference of the 
question context. The transcriptions of the speeches are 
used in the latter processing units. Thus, the 
performance of the proposed method can be considered 
as text dependent only. 

The follow sections will concentrate on the details 
of the feature extraction process.  
 
3. Semantic Evaluation  
 

The aim of semantic evaluation is to score the 
transcriptions according to the answer rubric. Since the 
examinees are allowed to present their ideas freely, the 
transcriptions are diverse in the sentence structures. 
Therefore, the key to this problem is how to validate 
the transcribed sentences given the objective topic 
materials. 

The proposed method is to divide this process into 
two operations: sentence tagging and text evaluation. 
The first operation is trying to identify the structure of 
the transcribed sentences by a pattern based method, 

and the second operation is trying to scoring the tagged 
sentences by knowledge databases. 

 
3.1. Sentence Tagging 
 

In the sentence tagging module, the structure of the 
examinees’ answers is identified by some predefined 
tags. Suppose the examinees’ answers are structural 
related to the question context, the tags are involved to 
describe the answer patterns. 

In reading-answering-problem, given M questions 
Qi and M related standard answers Ai, 1≤i≤M, where 
M is the number of questions. Thus, the goal is to tag 
the sentences by the tags in Table 1: 

Table 1: Tags for sentences 
Tag Description 
Qi sentence is related to the question Qi 
Ai sentence is related to the answer Ai 
Ci sentence is related to the composition 

of question Qi and answer Ai 
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Figure. 2. FSM for M=2 

 
To capture the topological structure of the answers, 

the patterns are formulated into a Finite State Machine 
(FSM). The topology of the FSM is typically drawn 
from the transcriptions of sample database, and 
organized by experts manually. One FSM represents 
the typical answer structure to a certain question and is 
only dependent on the number of questions. Evaluation 
model will draw the appropriate FSM from the 
database according to the question numbers. One 
sample of an FSM is depicted in Figure 2, for the case 
of M=2. Note that, for concision, some of the edges in 
Figure 2 are omitted.  

Then, our task is to find the best tag-path to 
describe the structure of the transcribed text. Denote 
the tag sequence set generate by an FSM as T, given 
the sentence number of the transcribed text L, the goal 
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is to find the best match in tag sequences in TL, where 
TL is the subset of T with the sequence length L. To 
solve it, each of the sequence in TL is expanded into a 
sentence set SL by their tags. Each element of SL is 
composed of a sequence of questions, answers or 
compositions correspondent to the element in TL. 
Denote the transcribed text as r, the objective function 
can be formulated as: 

{ }),(maxarg i
Ss

srSim
Li∈

                      (1) 

where Sim is the similarity between two sequences of 
sentence. Suppose r is composed of L sentences named 
rj, and si is composed of L sentences named sij, where 

Lj ≤≤1 . Function (1) can be approximated as: 
{ }

{ }∑ =
∈

∈

≈ L

j ijjj
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srSim

srSim
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Li
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              (2) 

where jλ  is the alignment weight determined by the 
tag correspondent to sij, and ),( ijj srSim  is the 
similarity calculation between two sentences in section 
4.3. Thus the problem becomes computationally 
tractable, and the best tag sequence for the transcribed 
text could be found. 

 
3.2. Text Evaluation 
 

In this module, the tagged transcribed text is scored. 
Since the tags indicate the answer patterns of the 
transcribed text, scoring can be implemented by 
calculating the semantic similarities. Here both the 
goodness of structure and correctness of the answer are 
considered respectively. The first is treated as the 
structure score, and second is treated as the correctness 
score. 

Given each tag a structure weight wj, and the 
sequence of sentences sI which are related to the best 
tag sequence I, the structural goodness of r is measured 
by: 

∑ =
≈ L

j Ijjj srSimwrStruct
1

),()(                (3) 

where wj is the scoring weight determined by the tag 
correspondent to sIj, and ),( Ijj srSim  is the similarity 
calculation between two sentences in section 4.3. 
Generally, we suppose the structure weight wj equals to 
one. 

To get the correctness score, tag set G is divided 
into M+1 subsets gk (1≤k≤M+1) by tag descriptions. 
For example, all questions Qi (1≤i≤M) are in subset 
g1, and Ai and Ci are in subset gi+1. Given each subset a 
score weight hk, the correctness of r is given by: 

∑
∑

∑
∈
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=
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where ),( kIj gsδ  is a indicator function defined by: 


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Thus, formula (3) and (4) are used to calculate the 
most two important parameters for the semantic feature. 

The first parameter, goodness of the structure, is 
given by formula (3). It describes how well the 
examinee’s answer matches the given FSM. For 
example, if the structure of the examinee’s answer is 
generally acceptable, the objective function (1) will 
reach a high score, which will result in a high 
structural score (3). Otherwise, if the expression is 
poor, the outcome of formula (3) will be very low.  

The second parameter, correctness of the answer, is 
represented by formula (4). It reflects how closely the 
examinee’s answer resembles the given rubrics. As 
shown by formula (4), it is a similarity score of 
predefined answers. Only if the examinees’ answer is 
both structurally and semantically correct, the result of 
the formula (4) will reach a high score. 

 
3.3. Similarity Calculation 
 

The method to calculate the similarity between two 
sentences is presented. It is considered to be an 
alignment problem similar to that in Machine 
Translation [5]. Given a pair of sentences, the task is to 
choose the word alignment that maximizes the 
semantic similarity over all possible alignment. It is 
formulated as: 

{ }),|(maxarg 21 SSASim
A

                 (6) 

where S1 and S2 are two sentences to be aligned and A 
is an alignment. An alignment A is a set consisting of 

21 WW ⇔  pairs where each W1 or W2 is a word. The 
approximation is taken by accumulate the similarity of 
aligned words: 

∑
∈⇔

⇔≈
AWW

SSWWSim
SSASim

)(
2121

21

21

),|(
),|(

              (7) 

Note that, for simplicity, the inner sentence context 
is not considered, so the similarity between two words 
is formulated as: 

),(),|( 212121 WWSimSSWWSim =⇔        (8) 
Given an alignment A, once the similarity between 

two words can be calculated, the similarity of the two 
sentences can be measured. Since the lengths of the 
sentences are relatively small in this problem, the best 
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alignment A* can be easily found out by enumeration 
and the correspondent sentence similarity can be 
computed by formula (6) with A*. 

It is worth noting that the calculation of words 
similarities ),( 21 WWSim  has already been investigated 
by Q. Liu [6] and P. Rosso [7], for Mandarin and 
English respectively. Both of their methods are based 
on knowledge databases. Q. Liu’s method for 
Mandarin is adopted here. The method utilizes a 
Chinese knowledge database named Hownet [8] to 
calculate the semantic similarities between two 
Chinese words. In the experiment, the implementation 
is based on Q. Liu’s software available at the CNLP 
website [9]. 

 
4. Score mapping 
 

In this module, the structural goodness in formula 
(3) and the correctness in formula (4) are mapped into 
the semantic feature. The linear regression algorithm [2] 
is employed to perform the mapping. It is given by: 

εββ ++= 1100 xxY                    (9) 
Where Y is the semantic feature, x0 and x1 are the 

goodness and correctness, respectively. 0β  and 1β  are 
the linear regression coefficients and ε  is the residue.  

Note that, 0β  and 1β  are pre-trained from the 
human scores under the MSE criteria. Thus, the output 
of the text evaluation module is mapped into the final 
semantic feature. 
 
5. Experiments results 
 

In this section, the proposed feature will be 
evaluated on a standard corpus. 

 
5.1. Experiment Corpus 
 

The experiment corpus consists of 397 examinees’ 
speeches in PCM format. It is collected from Mandarin 
tests. The corpus is separated into two parts: a training 
set (198 speeches) and a testing set (199 speeches). 
Parameters in feature extraction process are trained on 
the training set, and the effectiveness of the feature is 
validated in the testing set. 

 
5.2. Performance Measure 
 

To quantitatively assess the effectiveness of the 
proposed semantic feature, the correlation between the 
human scores and the mapping scores is adopted as the 
performance measure [1-4]. The correlation could be 
formulated as: 

∑∑

∑
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−×−
=

N

i
i

N

i
i

N

i
ii

bbaa

bbaa
banCorrelatio

1

2

1

2

1

)()(

)]()[(
),(

      (10) 

where N is the dimension of the two score vectors, a  
is the mean of vector a, and b  is the mean of vector b. 
 
5.3. Human scores 
 

In order to measure the scoring consistency, the 
testing set has been annotated by five human judges. 
Table 2 shows the correlation among all experts and 
Table 3 displays the open correlation between an 
expert and the mean score of all others. 

Table 2: Correlations of human scores 
Expert ID 1 2 3 4 5 

1 \ 0.74 0.68 0.75 0.70 
2 \ \ 0.80 0.77 0.76 
3 \ \ \ 0.77 0.78 
4 \ \ \ \ 0.82 
5 \ \ \ \ \ 

 
Table 3: Open Correlations of human scores 

Exp. ID 1 2 3 4 5 Avg. 
Corr. 0.79 0.85 0.84 0.86 0.84 0.84 
 

From the data shown in Table 2 and Table 3, it 
appears that the experts manage to evaluate the 
semantic correctness and pronunciation quality with a 
certain degree of reliability. However, the agreement is 
not very high, probably due to the examinees’ 
diversities in expression and the experts’ subjectivities 
in judgment. Since the degree of agreement for human 
scores does reach a high level in common language 
tests, in the present task the evaluation is more difficult 
for the machines. 

 
5.4. Performance of the semantic feature 
 

To extract the semantic feature, five experts are 
involved in the transcribing of speeches. Examinees’ 
speeches are transcribed into sentences, including ill 
pronunciations and murmurs. The transcriptions are 
checked among experts to validate their correctness. 
On the other hand, the human scores of the training set 
are used to calculate the mapping coefficients. 

The performance of the semantic feature is shown 
in Table 4 and Table 5. Table 4 shows the correlations 
between the semantic feature and each expert. Table 5 
shows the correlation between the semantic feature and 
the mean score of all experts, and the performance lost 
compared with the human raters. 
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Table 4: Correlations between semantic feature and 
human raters 

Exp. ID  
1 2 3 4 5 

S. F. 0.69 0.70 0.70 0.72 0.75 
 

Table 5: Performance of Semantic feature 
 Corr. with Hum. Avg. Perf. Lost 

S. F. 0.79 5.95% 
As is depicted in Table 4, most of the correlations 

are a bit lower than those among humans, probably due 
to the ignorance of pronunciation quality in feature 
extraction. However, as is shown in Table 5, only 
about 6% performance lost is observed without the 
consideration of pronunciation quality. Since the 
pronunciation variation is diverse in the testing corpus, 
the lost in correlation is acceptable. Thus, as a single 
feature, it is shown to be effective enough to provide a 
judgment on the semantic correctness in the evaluation. 
 
6. Conclusion 
 

Automatically evaluate the semantic correctness in 
language test is a new challenge to researchers. In this 
paper, a novel method is presented to extract a 
semantic feature in the reading-answering-problem. 
Experiment shows the effectiveness of the feature as an 
indication of semantic correctness. Although the 
experiment is performed on Mandarin data, the method 
is language independent. Once the background 
resources, such as knowledge database, were changed 
for another target language, the feature could be 
applied directly.  

Future work will concentrate on the optimization of 
the semantic extraction process. Furthermore, the 
widely used features, such as goodness of 
pronunciation [1], and other mapping methods, such as 
neural network [2], are also considered to be integrated 
into the reading-answering-problem evaluation. 
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