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Outline of the User-Language Paraphrase Corpus

We are pleased to introduce the User-Language Paraphrase Challenge (http://csep.psyc.memphis.edu/mcnamara/link.htm). We use the term User-Language to refer to the natural language input of users interacting with an intelligent tutoring system (ITS). The primary characteristics of user-language are that the input is short (typically a single sentence) and that it is unedited (e.g., it is replete with typographical errors and lacking in grammaticality). We use the term paraphrase to refer to ITS users’ attempt to restate a given target sentence in their own words such that a produced sentence, or user response, has the same meaning as the target sentence. The corpus in this challenge comprises 1998 target-sentence/student response text-pairs, or protocols. The protocols have been evaluated by extensively trained human raters and unlike established paraphrase corpora that evaluate paraphrases as either true or false, the User-Language Paraphrase Corpus evaluates protocols along 10 dimensions of paraphrase characteristics on a six point scale. Along with the protocols, the database comprising the challenge includes 10 computational indices that have been used to assess these protocols. The challenge we pose for researchers is to describe and assess their own approach (computational or statistical) to evaluating, characterizing, and/or categorizing, any, some, or all of the paraphrase dimensions in this corpus. The purpose of establishing such evaluations of user-language paraphrases is so that ITSs may provide users with accurate assessment and subsequently facilitative feedback, such that the assessment would be comparable to one or more trained human raters.  Thus, these evaluations will help to develop the field of natural language assessment and understanding (Rus, McCarthy, McNamara, & Graesser, in press).
The Need for Accurate User-Language Evaluation

Intelligent Tutoring Systems (ITSs) are automated tools that implement systematic techniques for promoting learning (e.g., Aleven & Koedinger, 2002; Gertner & VanLehn, 2000; McNamara, Levinstein, & Boonthum, 2004). A subset of ITSs also incorporate conversational dialogue components that rely on computational linguistic algorithms to interpret and respond to natural language input by the user (see Rus et al., in press [a]). The computational algorithms enable the system to track students’ performance and adaptively respond.  As such, the accuracy of the ITS responses to the user critically depends on the system’s interpretation of the user-language (McCarthy et al., 2007; McCarthy et al., 2008; Rus, in press [a]). 
ITSs often assess user-language via one of several systems of matching. For instance, the user input may be compared against a pre-selected stored answer to a question, solution to a problem, misconception, target sentence/text, or other form of benchmark response (McNamara et al., 2007; Millis et al. 2007). Examples of systems that incorporate these approaches include AutoTutor, Why-Atlas, and iSTART (Graesser, et al. 2005; McNamara, Levinstein, & Boonthum, 2004; VanLehn et al., 2007). While systems such as these vary widely in their goals and composition, ultimately their feedback mechanisms depend on comparing one text against another and forming an evaluation of their degree of similarity. 

The Seven Major Problems with Evaluating User-Language

While a wide variety of tools and approaches have assessed edited, polished texts with considerable success, research on the computational assessment of ITS user-language textual relatedness has been less common and is less developed. As ITSs become more common, the need for accurate, yet fast evaluation of user-language becomes more pressing. However, meeting this need is challenging. This challenge is due, at least partially, to seven characteristics of user-language that complicate its evaluation,
Text length. User-language is often short, typically no longer than a sentence. Established textual relatedness indices such as latent semantic analysis (LSA; Landauer et al., 2007) operate most effectively over longer texts where issues of syntax and negation are able to wash out by virtue of an abundance of commonly co-occurring words. Over shorter lengths, such approaches tend to lose their accuracy, generally correlating with text length (Dennis, 2007; McCarthy et al., 2007; McNamara et al., 2006; Penumatsa et al., 2004; Rehder et al. 1998; Rus et al., 2007; Wiemer-Hastings, 1999). The result of this problem is that longer responses tend to be judged more favorably in an ITS environment. Consequently, a long (but wrong) response may receive more favorable feedback than one that is short (but correct). 

Typing errors. It is unreasonable to assume that students using ITSs should have perfect writing ability. Indeed, student input has a high incidence of misspellings, typographical errors, grammatical errors, and questionable syntactical choices. Established relatedness indices do not cater to such eventualities and assess a misspelled word as a very rare word that is substantially different from its correct form. When this occurs, relatedness scores are adversely affected, leading to negative feedback based on spelling rather than understanding of key concepts (McCarthy et al. 2007).

Negation. For indices such as LSA and word-overlap (Graesser et al., 2004) the sentence the man is a doctor is considered very similar to the sentence the man is not a doctor, although semantically the sentences are quite different. Antonyms and other forms of negations are similarly affected. In ITSs, such distinctions are critical because inaccurate feedback to students can negatively affect motivation (Graesser, Person, & Magliano, 1995).

Syntax. For both LSA and overlap indices, the dog chased the man and the man chased the dog are viewed as identical. ITSs are often employed to teach the relationships between ideas (such as causes and effects), so accurately assessing syntax is a high priority for computing effective feedback (McCarthy et al., 2007).

Asymmetrical issues. Asymmetrical relatedness refers to situations where sparsely-featured objects are judged as less similar to general- or multi-featured objects than vice versa. For instance, poodle may indicate dog or Korea may signal China while the reverse is less likely to occur (Tversky, 1977). The issue is important to text relatedness measures, which tend to evaluate lexico-semantic relatedness as being equal in terms of reflexivity (McCarthy et al., 2007). 

Processing issues. Computational approaches to textual assessment need to be as fast as they are accurate (Rus et al., in press [a]). ITSs operate in real time, generally attempting to mirror human to human communication dialogue. Computational processing that causes response times to run beyond natural conversational lengths can be frustrating for users and may lead to lower engagement, reducing the student’s motivation and metacognitive awareness of the learning goals of the system (Millis et al., 2007). However, research on what is an acceptable response time is unclear. Some research indicates that delays of up to 10 seconds can be tolerated (Miller, 1968, Nickerson, 1969, Sackman, 1972, Zmud’s 1979); however, such research is based on dated systems, leading us to speculate that delay times would not be viewed so generously today. Indeed, Lockelt, Pfleger, and Reithinger (2007) argue that users expect timely responses in conversation systems, not only to prevent frustration but also because delays or pauses in conversational turns may be interpreted by the user as meaningful in and of themselves. As such, Lockelt and colleagues argue that ITSs need to be able to analyze input and appropriately respond within the time-span of a naturally occurring conversation: namely, less than 1 second. An ideal sub-one-second response time for inter-active-systems is also supported by Cavazza, Perotto, and Cashman (1999); however, they also accept that up to 3 seconds can be acceptable for dialogue systems. Meanwhile, Dolfing et al. (2005) view 5.5 seconds as an acceptable response time. Taken as whole, the sub-1-second response time appears to be a reasonable expectation for developing ITSs and any system operating above 1 second would have to substantially outperform rivals in terms of accuracy. 
Scalability issues. The accuracy of knowledge intensive approaches to textual relatedness depends on a wide variety of resources that increase accuracy but inhibit scalability (Raina et al., 2005, Rus et al., in press [b]). Resources, such as extensive lists, mean that the approach is finely tuned to one domain or set of data, but is likely to produce critical inaccuracies when applied to new sets (Rus et al., in press [b]). Using human-generated lists also means that each list must be catered to each new application (McNamara, et al., 2007).  As such, approaches using lists or benchmarks specific to the particular domain or text are limited in terms of their capability of generalizing beyond the initial application.   
Computational Approaches to Evaluating User-Language in ITSs
Established text relatedness metrics such as LSA and overlap-indices have provided effective assessment algorithms within many of the systems that analyze user-language (e.g., iSTART: McNamara, Levinstein, & Boonthum, 2004; AutoTutor: Graesser et al, 2005). More recently, entailment approaches (McCarthy et al., 2007, 2008; Rus et al., in press [a], [b]) have reported significant success. In terms of paraphrase evaluations, string-matching approaches can also be effective because they can emphasize differences rather than similarities (McCarthy et al., 2008). In this challenge, we provide protocol assessments from each of the above approaches, as well as several shallow (or baseline) approaches such as Type-Token-Ratio for content words [TTRc], length of response [Len (R)], difference in length between target sentence and response [Len (dif)], and number of words that target sentence is longer than response [Len [T-R)]. A brief summary of the main approaches provided in this challenge follows.

Latent Semantic Analysis. LSA is a statistical technique for representing word (or group of words) similarity. Based on occurrences within a large corpus of text, LSA is able to judge semantic similarity even while morphological similarity may differ markedly. For a full description of LSA, see Landauer et al. (2007).
Overlap-Indices. Overlap indices assess the co-occurrence of content words (or range of content words) across two or more sentences. In this challenge, we use stem-overlap (Stem) as the overlap index. Stem-overlap judges two sentences as overlapping if a common stem of a content word occurs in both sentences. For a full description of the Stem index see McNamara et al. (2006).
The Entailer. Entailer indices are based on a lexico-syntactic approach to sentence similarity. Word and structure similarity are evaluated through graph subsumption. Entailer provides three indices: Forward Entailment [Ent (F)], Reverse Entailment [Ent (R)], and Average Entailment [Ent (A)]. For a full description of the Entailment approach and its variables, see Rus et al., 2008, in press [a], [b], and McCarthy et al., 2008.
Minimal Edit Distances (MED). MED indices assess differences between any two sentences in terms of the words and the position of the words in their respective sentences. MED provides two indices: MED (M) is the total moves and MED (V) is the final MED value. For a full description of the MED approach and its variables, see McCarthy et al. (2007, 2008).
The Corpus
The user language in this study stems from interactions with a paraphrase-training module within the context of the intelligent tutoring system, iSTART. iSTART is designed to improve students’ ability to self-explain by teaching them to use reading strategies; one such strategy is paraphrasing. In this challenge, the corpus comprises high school students’ attempts to paraphrase target sentences. Some examples of user attempts to paraphrase target sentences are given in Table 1. Note that the paraphrase examples given in this paper and in the corpus are reproduced as typed by the student with two exceptions. First, double spaces between words are reduced to single spaces; and second, a period is added to the end of the input if one did not previously exist.

Table 1. Examples of Target Sentences and their Student Responses

	Target Sentence
	Student Response

	Sometimes blood does not transport enough oxygen, resulting in a condition called anemia.
	Anemia is a condition that is happens when the blood doesn't have enough oxygen to be transported

	During vigorous exercise, the heat generated by working muscles can increase total heat production in the body markedly.
	If you don't get enught exercsie you will get tired

	Plants are supplied with carbon dioxide when this gas moves into leaves through openings called stomata.
	so u telling me day the carbon dioxide make the plant grows

	Flowers that depend upon specific animals to pollinate them could only have evolved after those animals evolved.
	the flowers in my yard grow faster than the flowers in my friend yard,i guess because we water ours more than them

	Plants are supplied with carbon dioxide when this gas moves into leaves through openings called stomata.
	asoyaskljgt&Xgdjkjndcndvshhjaale johnson how would you llike some ice creacm


Paraphrase Dimension
Established paraphrase corpora such as the Microsoft paraphrase corpus (Dolan, Quirk, & Brocket, 2005) provide only one dimension of assessment (i.e., the response sentence either is or is not a paraphrase of the target sentence). Such annotation is inadequate for an ITS environment where not only is assessment of correctness needed but also feedback as to why such an assessment was made. During the creation of User Language Paraphrase corpus, 10 dimensions of paraphrases emerged in order to best describe the quality of the user response. These dimensions are described below.
1. Garbage. Refers to incomprehensible input, often caused by random keying.
Example: jnetjjjjjjjjjfdtqwedffi'dnwmplwef2'f2f2'f

2. Frozen Expressions. Refers to sentences that begin with non-paraphrase lexicon such as “This sentence is saying …” or “in this one it is talkin about …”
3. Irrelevant. Refers to non-responsive input unrelated to the task such as “I don’t know why I’m here.”
4. Elaboration. Refers to a response regarding the theme of the target sentence rather than a restatement of the sentence. For example, given the target sentence Over two thirds of heat generated by a resting human is created by organs of the thoracic and abdominal cavities and the brain, one user response was HEat can be observed by more than humans it could be absorb by animals,and pets.

5. Writing Quality. Refers to the accuracy and quality of spelling and grammar. For example, one user response was lalala blah blah i dont know ad dont crare want to know why its because you suck.
6. Semantic similarity. Refers to the user-response having the same meaning as the target sentence, regardless of word- or structural-overlap. For example, given the target sentence During vigorous exercise, the heat generated by working muscles can increase total heat production in the body markedly, one user response was exercising vigorously icrease mucles total heat production markely in the body.
7. Lexical similarity. Refers to the degree to which the same words were employed in the user response, regardless of syntax. For example, given the target sentence Scanty rain fall, a common characteristic of deserts everywhere, results from a variety of circumstances, one user response was a common characteristic of deserts everywhere,results from a variety of circumstances,Scanty rain fall.
8. Entailment. Refers to the degree to which the student response is entailed by the target sentence, regardless of the completeness of the paraphrase. For example, given the target sentence A glacier's own weight plays a critical role in the movement of the glacier, one user response was The glacier's weight is an important role in the glacier.
9. Syntactic similarity. Refers to the degree to which similar syntax (i.e., parts of speech and phrase structures) was employed in the user response, regardless of words used. For example, given the target sentence An increase in temperature of a substance is an indication that it has gained heat energy, one user response was a raise in the temperature of an element is a sign that is has gained heat energy.
10. Paraphrase Quality. Refers to an over-arching evaluation of the user response, taking into account semantic-overlap, syntactical variation, and writing quality. For example, given the target sentence Scanty rain fall, a common characteristic of deserts everywhere, results from a variety of circumstances, one user response was small amounts of rain fall,a normal trait of deserts everywhere, is caused from many things.
Human Evaluations of Protocols
The Rating Scheme

In this challenge, we adopted the 6-point interval rating scheme described in McCarthy et al. (in press). Raters were instructed that each point in the scale (1 = minimum, 6  maximum) should be considered as equal in distance; thus an evaluation of 3 is as far from 2 and 4, as an evaluation of 5 is from 4 and 6, respectively. Raters were further informed a) that evaluations of 1, 2, and 3 should be considered as meaning false, wrong, no, bad or simply negative, whereas evaluations of 4, 5, and 6 should be considered as true, right, good, or simply positive; and b) that evaluations of 1 and 6 should be considered as negative or positive with maximum confidence, whereas evaluations of 3 and 4 should be considered as negative or positive with minimum confidence. From such a rating scheme, researchers may consider final evaluations as continuous (1-6), binary (1.00-3.49 vs 3.50-6.00), or tripartite (1.00-2.66, 2.67-4.33, 4.34-6.00).
The Raters

To establish a human gold standard, three under-graduate students working in a cognitive science laboratory were selected. The raters were hand picked for their exceptional work both inside the lab and in class work. All three students were majoring in the fields of either cognitive science or linguistics. Each rater completed 50 hours of training on a data set of 198 paraphrase sentence pairs from a similar experiment. The raters were given extensive instruction on the meaning of the 10 paraphrase dimensions and given multiple opportunities to discuss interpretations. Numerous examples of each paraphrase type were highlighted to act as anchor-evaluations for each paraphrase type. Each rater was assessed on their evaluations and provided with extensive feedback.

Following training, the 1998 protocols were randomly divided into three groups. Raters 1 and 2 evaluated Group 1 of the protocols (n = 655); Raters 1 and 3 evaluated Group 2 of the protocols (n = 680); and Raters 2 and 3 evaluated Group 3 of the protocols (n = 653). The raters were given 4 weeks to evaluate the 1998 protocols across the 10 dimensions, for a total of 19,980 individual assessments. 
Inter-rater agreement

We report inter-rater agreement for each dimension to set the gold standard against which the computational approaches are assessed. It is important to note at this point that establishing an “acceptable” level of inter-rater agreement is no simple task. Although many studies report various inter-rater agreements as being good, moderate, or weak, such reporting can be highly misleading because it does not take into account the task at hand (Douglas Thompson, & Walter, 1988). For instance, assessing whether and the degree to which a user-response contains garbage is a far easier task than assessing whether and the degree to which a user-response is an elaboration. As such, the inter-rater agreements reported here should be interpreted for what they are: the degree of agreement that has been reached by raters who have received 50 hours of extensive training. 
At this point it is also important to recall the over-arching goal of this challenge.  The purpose of establishing evaluations of user-language paraphrase is so that ITSs may provide users with accurate, rapid assessment and subsequently facilitative feedback, such that the assessments are comparable to human raters. However, as any student knows, even experienced and established teachers differ as to how they grade. Consequently, our goal in evaluating the protocols was to establish a reasonable gold standard for protocols and to have researchers replicate those standards computationally or statistically such that the assessments of user-language are comparable to raters who may not be perfect, but who are, at least, extensively trained and demonstrate reasonable and consistent levels of agreement.
The most practical approach to assessing the reliability of an approach is to report correlations of that approach with the human gold standards. If an approach correlates with human raters to a similar degree as human raters correlate with each other then the approach can be regarded as being as reliable as an extensively trained human. For this reason, we emphasize the correlations between raters in reporting here the inter-rater agreement and establishing the gold standard. However, because Kappa is also a common form of reporting inter-rater agreement, we also provide those analyses, as well as a variety of other data to fully inform the field of the agreement that might be reached for such a task.
Correlations. In terms of correlations, the paraphrase dimensions demonstrated significant agreement between raters (see Table 2). 
	

	Table 2: Correlations for Paraphrase Dimensions of Garbage (Gar), Frozen Expressions (Frz), Irrelevant (Irr), Elaboration (Elb), Writing Quality (WQ), Entailment (Ent), Syntactic Similarity (Syn), Lexical Similarity (Lex), Semantic Similarity (Sem), and Paraphrase Quality (PQ) for all raters (All) and Groups of Raters (G1, G2, G3)

	

	
	N
	Gar
	Frz
	Irr
	Elb
	WQ
	Ent
	Syn
	Lex
	Sem
	PQ

	All
	1998
	0.95
	0.83
	0.58
	0.37
	0.42
	0.69
	0.50
	0.63
	0.74
	0.49

	G1
	655
	0.92
	0.76
	0.36
	0.28
	0.54
	0.63
	0.57
	0.76
	0.69
	0.52

	G2
	680
	0.91
	0.88
	0.54
	0.57
	0.42
	0.74
	0.61
	0.58
	0.77
	0.62

	G3
	653
	0.99
	0.83
	0.79
	0.18
	0.75
	0.76
	0.35
	0.66
	0.76
	0.63

	
	
	
	
	
	
	
	
	
	
	
	

	Notes: All p < .001; Chi-square for the binary value of Frozen Expressions was 1371.548, p = < .001; d' = 4.263

	


Frequencies of ratings. The results for the frequencies of evaluations (see Table 3) suggest less frequent agreement for the dimensions of Writing Quality, Semantic Completeness, Entailment, Syntactic Similarity, Lexical Similarity, and Paraphrase Quality. The most common judgment given is often the lowest possible rating, as with the dimensions of Garbage (96%), Frozen Expressions (95%), Irrelevant (96%), and Elaboration (92%). The remaining dimensions are far more equally divided. 

	
	
	
	
	

	Table 3: Frequencies of Evaluations for Indirect-Paraphrase Pairs

	
	
	
	
	

	 
	Evaluation
	Frequency
	%
	Cumulative %

	Garbage content
	1
	3823
	95.67
	95.67

	
	2
	13
	0.33
	96.00

	
	3
	1
	0.03
	96.02

	
	5
	4
	0.10
	96.12

	 
	6
	155
	3.88
	100.00

	Frozen Expressions
	0
	3795
	94.97
	94.97

	 
	1
	201
	5.03
	100.00

	Irrelevant
	1
	3853
	96.42
	96.42

	
	2
	11
	0.28
	96.70

	
	3
	5
	0.13
	96.82

	
	4
	12
	0.30
	97.12

	
	5
	10
	0.25
	97.37

	 
	6
	105
	2.63
	100.00

	Elaboration
	1
	3659
	91.57
	91.57

	
	2
	226
	5.66
	97.22

	
	3
	36
	0.90
	98.12

	
	4
	40
	1.00
	99.12

	
	5
	5
	0.13
	99.25

	 
	6
	30
	0.75
	100.00

	Writing quality
	1
	368
	9.21
	9.21

	
	2
	219
	5.48
	14.69

	
	3
	485
	12.14
	26.83

	
	4
	626
	15.67
	42.49

	
	5
	1851
	46.32
	88.81

	 
	6
	447
	11.19
	100.00

	Semantic completeness
	1
	752
	18.82
	18.82

	
	2
	171
	4.28
	23.10

	
	3
	345
	8.63
	31.73

	
	4
	410
	10.26
	41.99

	
	5
	974
	24.37
	66.37

	 
	6
	1344
	33.63
	100.00

	Entailment
	1
	717
	17.94
	17.94

	
	2
	160
	4.00
	21.95

	
	3
	308
	7.71
	29.65

	
	4
	354
	8.86
	38.51

	
	5
	635
	15.89
	54.40

	 
	6
	1822
	45.60
	100.00

	Syntactical similarity
	1
	1291
	32.31
	32.31

	
	2
	1202
	30.08
	62.39

	
	3
	484
	12.11
	74.50

	
	4
	331
	8.28
	82.78

	
	5
	486
	12.16
	94.94

	 
	6
	202
	5.06
	100.00

	Lexical similarity
	1
	386
	9.66
	9.66

	
	2
	385
	9.63
	19.29

	
	3
	663
	16.59
	35.89

	
	4
	1050
	26.28
	62.16

	
	5
	1395
	34.91
	97.07

	 
	6
	117
	2.93
	100.00

	Paraphrase quality
	1
	849
	21.25
	21.25

	
	2
	386
	9.66
	30.91

	
	3
	558
	13.96
	44.87

	
	4
	904
	22.62
	67.49

	
	5
	858
	21.47
	88.96

	 
	6
	441
	11.04
	100.00


Differences between raters. Because the rating scale in this study ranged from 1 to 6, the maximum difference between any two raters for any one judgment is 5. Obviously, the lower the difference between raters, the greater is the agreement. Hence, we calculated the frequency of each level of discrepancy (i.e., 0 to 5) between the raters. The frequencies of the differences between raters for the 10 paraphrase dimensions suggest that equivalent evaluations for Garbage, Frozen, Irrelevant, and Elaboration were extremely common (see Table 4). For the remaining dimensions, equivalent evaluations ranged from 23% to 45% of the sentence pairs. 
	
	
	
	
	

	Table 4: Frequencies of Differences Between Raters.
	

	
	
	
	
	

	Dimension
	Difference
	Frequency
	%
	Cumulative %

	Garbage content
	0
	1981
	99.15
	99.15

	
	1
	8
	0.40
	99.55

	
	3
	1
	0.05
	99.60

	
	4
	1
	0.05
	99.65

	
	5
	7
	0.35
	100.00

	Frozen Expressions
	0
	1965
	98.35
	98.35

	
	1
	33
	1.65
	100.00

	Irrelevant
	0
	1925
	96.35
	96.35

	
	1
	12
	0.60
	96.95

	
	2
	5
	0.25
	97.20

	
	3
	7
	0.35
	97.55

	
	4
	10
	0.50
	98.05

	
	5
	39
	1.95
	100.00

	Elaboration
	0
	1729
	86.54
	86.54

	
	1
	192
	9.61
	96.15

	
	2
	39
	1.95
	98.10

	
	3
	18
	0.90
	99.00

	
	4
	6
	0.30
	99.30

	
	5
	14
	0.70
	100.00

	Writing quality
	0
	503
	25.18
	25.18

	
	1
	567
	28.38
	53.55

	 
	2
	523
	26.18
	79.73

	
	3
	258
	12.91
	92.64

	
	4
	142
	7.11
	99.75

	
	5
	5
	0.25
	100.00

	Semantic completeness
	0
	902
	45.15
	45.15

	
	1
	651
	32.58
	77.73

	
	2
	265
	13.26
	90.99

	
	3
	105
	5.26
	96.25

	
	4
	56
	2.80
	99.05

	
	5
	19
	0.95
	100.00

	Entailment
	0
	839
	41.99
	41.99

	
	1
	598
	29.93
	71.92

	
	2
	325
	16.27
	88.19

	
	3
	147
	7.36
	95.55

	
	4
	58
	2.90
	98.45

	
	5
	31
	1.55
	100.00

	Syntactical similarity
	0
	470
	23.52
	23.52

	
	1
	866
	43.34
	66.87

	
	2
	327
	16.37
	83.23

	
	3
	234
	11.71
	94.94

	
	4
	98
	4.90
	99.85

	
	5
	3
	0.15
	100.00

	Lexical similarity
	0
	820
	41.04
	41.04

	
	1
	808
	40.44
	81.48

	
	2
	292
	14.61
	96.10

	
	3
	69
	3.45
	99.55

	
	4
	8
	0.40
	99.95

	
	5
	1
	0.05
	100.00

	Paraphrase quality
	0
	499
	24.97
	24.97

	
	1
	618
	30.93
	55.91

	
	2
	528
	26.43
	82.33

	
	3
	249
	12.46
	94.79

	
	4
	96
	4.80
	99.60

	
	5
	8
	0.40
	100.00

	
	
	
	
	


Kappa Values. Agreement between raters can also be observed via Kappa results (see Table 5). Kappa’s main advantage is that it corrects for chance agreement. However, typical Kappa evaluations are for nominal categories, whereas in this challenge, the ratings are at the interval level. As such, either a linear or a quadratic weighting scheme must be employed to ensure that differences between ratings of, for example, 1 and 3 are judged as more similar than ratings of 1 and 5. For linear weighting, the difference at each interval is weighted equally; thus, for the six intervals in our scheme, the following weights would apply: 0.0, 0.2, 0.4, 0.6, 0.8, and 1.0, where equal ratings would be weighted at 0.0. For quadratic weighting, greater penalty is placed on larger differences; thus, for our 6 intervals the weights are: 0.00, 0.36, 0.64, 0.84, 0.96, and 1.0, where equal ratings would again be weighted at 0.0. For our rating scheme, the quadratic weights are more appropriate; however, we report both linear and quadratic values.
	

	Table 5: Kappa Evaluations for Paraphrase Dimensions of of Garbage (Gar), Frozen Expressions (Frz), Irrelevant (Irr), Elaboration (Elb), Writing Quality (WQ), Entailment (Ent), Syntactic Similarity (Syn), Lexical Similarity (Lex), Semantic Similarity (Sem), and Paraphrase Quality (PQ).

	
	
	
	
	
	
	
	
	
	
	

	Kappa
	Gar
	Frz
	Irr
	Elb
	WQ
	Ent
	Syn
	Lex
	Sem
	PQ

	Linear
	0.94
	0.83
	0.54
	0.25
	0.15
	0.50
	0.25
	0.45
	0.56
	0.28

	Quadratic
	0.94
	0.83
	0.57
	0.35
	0.26
	0.67
	0.43
	0.62
	0.71
	0.43

	
	
	
	
	
	
	
	
	
	
	


Inter Variable Correlations. As a final assessment of inter-rater agreement, Table 6 reports the correlations between the paraphrase dimensions. The results demonstrate that raters view Semantic similarity and Entailment as very similar (r = .94, p < .01). Paraphrase quality also seems to be highly related to Semantic similarity (r = .78, p < .01) and Entailment (r = .76, p < .01). However, Paraphrase quality has a low correlation with lexical similarity (r = .34, p < .01) and no significant correlation with Syntactic similarity. 
	Table 6: Correlations for the Paraphrase Dimensions of Garbage (Gar), Irrelevant (Irr), Writing Quality (WQ), Entailment (Ent), Syntactic Similarity (Syn), Lexical Similarity (Lex), Semantic Similarity (Sem), and Paraphrase Quality (PQ).

	
	
	
	
	
	
	
	

	
	Irr
	Sem
	Ent
	Syn
	Lex
	PQ
	WQ

	Gar
	-0.03
	-0.35**
	-0.37**
	-0.24**
	-0.46**
	-0.32**
	-0.61**

	Irr
	
	-0.34**
	-0.36**
	-0.23**
	-0.44**
	-0.31**
	-0.16**::

	Sem
	
	
	0.94**
	0.42**
	0.65**
	0.79**
	0.52**

	Ent
	
	
	
	0.40**
	0.62**
	0.76**
	0.51**

	Syn
	
	
	
	
	0.57**
	-0.05*
	0.24**::

	Lex
	
	
	
	
	
	0.44**
	0.49**

	PQ
	
	
	
	
	
	
	0.52**

	
	
	
	
	
	
	
	

	Note: N = 1998; ** = p < .01; * = p < .05; All correlations for Elaboration r < .22, for Frozen Expressions r <  .10 

	
	
	
	
	
	
	
	


Performance Results
The final gold standard is what will be used to assess the success of computational algorithms. The gold standard for the 10 paraphrase dimensions is a combination of the rater evaluations. Although raters demonstrated significant agreement across all paraphrase dimensions, differences between judgments were occasionally quite large; for example, 31 protocols had a difference of 5 for Entailment evaluations. To accomplish a final gold standard, two of the three raters (working together) re-evaluated sentence pairs according to the following criteria: If the difference between ratings was greater than 3, then they re-evaluated the pair. As such, whatever the previous ratings for the sentence pair for that dimension, the two raters could re-evaluate that cell with any value between 1 and 6. For differences of 3, one of the raters re-evaluated the sentence pairs where any value between the lowest and the highest previous value could be selected. For all other differences, except Frozen Expressions, the average between the two ratings was selected as the final value. Because Frozen Expressions was a binary variable, all differences were re-examined and a final evaluation of either 0 or 1 was selected.

We computed correlations between the computational indices and the 10 paraphrase dimensions as scored by humans. Table 7 shows the five strongest performing computational indices (ordered left to right) in terms of correlation with the paraphrase dimensions. 

	
	
	
	
	
	

	Table 7: Five Highest Correlating Computational Indices for 10 Dimensions of Paraphrase

	
	
	
	
	
	

	Garbage
	Stem
	LSA
	Len (dif)
	Ent (F)
	Ent (A)

	
	-0.68
	-0.48
	0.44
	-0.43
	-0.41

	Frozen Expressions
	MED (M)
	Len (T-R)
	Len (R)
	MED (V)
	Ent (F)

	
	0.19
	-0.17
	0.14
	0.12
	-0.11

	Irrelevant
	Stem
	LSA
	Ent (F)
	Ent (A)
	TTRc

	
	-0.50
	-0.44
	-0.37
	-0.36
	0.33

	Elaboration
	MED (M)
	Ent (F)
	Ent (A)
	TTRc
	Ent (R)

	
	0.23
	-0.21
	-0.20
	0.18
	-0.18

	Writing Quality
	Stem
	LSA
	Len (dif)
	Ent (A)
	Ent (R)

	
	0.54
	0.50
	-0.46
	0.43
	0.42

	Semantic
	Ent (R)
	LSA
	TTRc
	Ent (A)
	Len (dif)

	
	0.56
	0.56
	-0.53
	0.53
	-0.52

	Entailment
	LSA
	Ent (R)
	Ent (A)
	TTRc
	Stem

	
	0.54
	0.51
	0.50
	-0.50
	0.49

	Syntactic Similarity
	MED (V)
	Ent (R)
	Ent (A)
	TTRc
	MED (M)

	
	-0.74
	0.58
	0.54
	-0.51
	-0.50

	Lexical Similarity
	LSA
	Ent (A)
	Ent (R)
	TTRc
	Ent (F)

	
	0.80
	0.79
	0.78
	-0.74
	0.73

	Paraphrase Quality
	Stem
	LSA
	Len (dif)
	Len (T-R)
	Ent (R)

	
	0.43
	0.41
	-0.38
	-0.34
	0.32

	
	
	
	
	
	

	Note: All correlations are significant at p < .001; N = 1998


Precision, Recall, and F1 Results

To calculate recall, precision, and F1 results, the gold standard paraphrase results were re-evaluated as binary variables (1-3.49 = 0 [low]; 3.50-6 = 1 [high]). Computational variables were re-evaluated as binaries by finding the mean value and then recoding the new variables as 0 (low) and 1 (high). In the case of Entailer indices, the binary values are all < .5 = 0 (low), else 1 (high). Note that neither mean values nor mid-point values are necessarily optimal values; as such Table 8 results should be considered as baseline values. 
	

	Table 8: Five Best Performing Indices for Accuracy Assessment for Seven Highest Performing Dimensions.

	
	
	
	
	
	
	
	

	 
	 
	 
	Low
	 
	 
	High
	 

	Dimension
	Index
	Recall
	Precision
	F1
	Recall
	Precision
	F1

	Garbage
	Stem
	0.96
	1.00
	0.98
	0.98
	0.50
	0.66

	
	Len (dif)
	0.66
	1.00
	0.79
	0.94
	0.10
	0.19

	
	LSA
	0.65
	0.99
	0.79
	0.85
	0.09
	0.17

	
	Len (T-R)
	0.60
	1.00
	0.75
	0.95
	0.09
	0.17

	 
	TTRc
	0.57
	1.00
	0.72
	1.00
	0.09
	0.16

	Semantic
	Len (dif)
	0.63
	0.52
	0.57
	0.75
	0.82
	0.78

	
	TTRc
	0.70
	0.47
	0.56
	0.65
	0.83
	0.73

	
	LSA
	0.58
	0.48
	0.53
	0.72
	0.80
	0.76

	
	Stem
	0.25
	0.96
	0.40
	1.00
	0.75
	0.86

	 
	ENT (F)
	0.66
	0.43
	0.52
	0.62
	0.80
	0.70

	Entailment
	Len (dif)
	0.64
	0.49
	0.56
	0.74
	0.84
	0.79

	
	Stem
	0.27
	0.96
	0.42
	1.00
	0.78
	0.87

	
	TTRc
	0.72
	0.44
	0.55
	0.65
	0.85
	0.74

	
	LSA
	0.58
	0.44
	0.50
	0.71
	0.81
	0.76

	 
	Ent (F)
	0.67
	0.41
	0.51
	0.62
	0.83
	0.71

	Syntactic
	MED (V)
	0.72
	0.95
	0.82
	0.88
	0.53
	0.66

	
	Ent (R )
	0.78
	0.86
	0.82
	0.66
	0.51
	0.57

	
	Ent (A)
	0.64
	0.87
	0.74
	0.73
	0.42
	0.53

	
	TTRc
	0.55
	0.89
	0.68
	0.80
	0.39
	0.52

	 
	Ent (F)
	0.55
	0.87
	0.67
	0.76
	0.37
	0.50

	Lexical
	LSA
	0.76
	0.58
	0.66
	0.78
	0.89
	0.83

	
	TTRc
	0.85
	0.52
	0.65
	0.70
	0.92
	0.79

	
	Ent (F)
	0.85
	0.51
	0.64
	0.68
	0.92
	0.78

	
	Len (Dif)
	0.67
	0.52
	0.58
	0.75
	0.86
	0.80

	 
	Ent (A)
	0.92
	0.47
	0.63
	0.60
	0.95
	0.74

	Paraphrase Quality
	Len (Dif)
	0.48
	0.60
	0.53
	0.73
	0.62
	0.67

	
	TTRc
	0.55
	0.55
	0.55
	0.62
	0.62
	0.62

	
	LSA
	0.45
	0.57
	0.50
	0.70
	0.60
	0.65

	
	MED (M)
	0.56
	0.53
	0.54
	0.57
	0.60
	0.59

	 
	Ent (F)
	0.53
	0.52
	0.53
	0.59
	0.59
	0.59

	Writing Quality
	Stem
	0.42
	0.72
	0.53
	0.97
	0.91
	0.94

	
	Len (Dif)
	0.73
	0.27
	0.39
	0.69
	0.94
	0.80

	
	LSA
	0.65
	0.24
	0.35
	0.67
	0.92
	0.78

	
	TTRc
	0.81
	0.24
	0.37
	0.60
	0.95
	0.74

	 
	Ent (F)
	0.79
	0.23
	0.35
	0.58
	0.95
	0.72

	
	
	
	
	
	
	
	


Concluding Remarks

The User-Language Paraphrase Challenge provides researchers with a large corpus of hand coded evaluations across 10 dimensions of paraphrase. Correlation and accuracy results from sophisticated and baseline variables are also provided. Researchers are encouraged to analyze the data so as to provide optimal prediction, evaluation, or categorization of the data. Researchers should consider accuracy, speed of production, and scalability in detailing their approach. The User-Language Paraphrase Corpus can be downloaded at http://csep.psyc.memphis.edu/mcnamara/link.htm.
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