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Abstract— Zadeh proposed the paradigm of computing with words (CWW). We have proposed a CWW architecture for making subjective judgments, called a Perceptual Computer (PerC). Because words mean different things to different people, the Per-C uses interval type-2 fuzzy sets (IT2 FSs). The encoder of the Per-C transforms words, in an application-dependent wordcodebook, into IT2 FSs. The central element of the Per-C is the CWW engine, which maps IT2 FSs to IT2 FSs. Several CWW engines have appeared in the literature, e.g., fuzzy IFTHEN rules to perform inference and/or reasoning based on Mamdani or TSK models, linguistic weighted averages (LWAs) to aggregate linguistic data, and linguistic summarization to perform human friendly data mining. In this paper a new CWW engine–Perceptual Reasoning (PR)–is proposed. It also uses fuzzy IF-THEN rules; however, unlike a traditional Mamdani or TSK model, in which fired rules are combined using the union, or addition, or during the defuzzification process, in PR a LWA is used to combine the fired rules. We prove that the output IT2 FSs of PR can only look like the IT2 FSs in the application codebook. This is very important for CWW, because the last component of the Per-C is a decoder which converts the CWW output IT2 FS back into a word, e.g. a word whose IT2 FS is most similar to it. Index Terms— Computing with words, perceptual reasoning, perceptual computer, interval type-2 fuzzy sets, linguistic weighted average



using a vocabulary of words. In Fig. 1, the encoder1 transforms linguistic perceptions into IT2 FSs that activate a CWW engine. How to do this most simply is explained in [8], and is not the subject of this paper, although some aspects of it are discussed below. The decoder2 maps the output of the CWW engine back into a word. Usually a codebook is available, in which every word (the vocabulary) is modeled as an IT2 FS. The output of the CWW engine is mapped into a word (in that vocabulary) most similar to it. How to do this is explained in [24] and is also not the subject of this paper, although some aspects of this will also be explained below. The CWW engine, e.g. IFTHEN rules (e.g., [9]), the linguistic weighted average [22], [23], linguistic summarizations [5], [12], etc, maps IT2 FSs into IT2 FSs. In this paper, we focus only on CWW engines that are rule-based and the computations that map its input IT2 FSs into its output IT2 FSs. Perceptual Computer Perceptions (Words)
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I. I NTRODUCTION Zadeh coined the phrase “computing with words” (CWW) [26], [27]. According to him, CWW is “a methodology in which the objects of computation are words and propositions drawn from a natural language.” Nikravesh [17] pointed out that CWW is “fundamentally different from the traditional expert systems which are simply tools to ‘realize’ an intelligent system, but are not able to process natural language which is imprecise, uncertain and partially true.” Our thesis is that words mean different things to different people [10] and so there is uncertainty associated with words, which means that fuzzy logic must somehow use this uncertainty when it computes with words [9], [10]. Hence, we argue that interval type-2 fuzzy sets (IT2 FSs) should be used in CWW [12]. We will limit our discussions to IT2 FSs in this paper. A specific architecture depicted in Fig. 1 is proposed in [14] and [11] for making (subjective) judgements by CWW. It is called a Perceptual Computer–Per-C for short, and its use is called Perceptual Computing. Perceptions (i.e., granulated terms, words) activate the Per-C and are also output by the PerC; so, it is possible for a human to interact with the Per-C just
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Fig. 1.
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Architecture of the Perceptual Computer.



In order to carry out those computations one must first ask: “What kinds of IT2 FSs can activate such a rule-based CWW engine?” The answer to this question has been obtained by Liu and Mendel [8], as explained next. In their encoding method, data intervals about a vocabulary of words are obtained3 from a group of subjects. After some pre-processing, during which some intervals are eliminated (e.g., outliers), each of the remaining intervals is mapped into a triangular4 type-1 (T1) membership function (MF). Then the union of all of these MFs is taken, after which the union is upper and lower bounded. 1 Zadeh calls this constraint explicitation in [26], [27]. In [28] and some of his recent talks, he calls this precisiation. 2 Zadeh calls this linguistic approximation in [26], [27]. 3 Subjects are asked “On a scale of 0-10 where would you locate the end?” points of an interval that you associate with the word 4 Mapping a uniformly distributed confidence interval into a triangular type1 MF has been shown to be quite natural and mathematically sound in [3]. Although our intervals are not confidence intervals, there seems to be a connection between [3] and [8], one that we are currently exploring.



446



Authorized licensed use limited to: University of Southern California. Downloaded on March 14, 2009 at 17:45 from IEEE Xplore. Restrictions apply.



The result is the footprint of uncertainty (FOU) for an IT2 FS5 , which is completely described by these lower and upper bounds, called the lower membership function (LMF) and the upper membership function (UMF), respectively. Surprisingly, when this methodology was applied to real data [8] only three general kinds of FOUs emerged, namely left-shoulder FOUs, right-shoulder FOUs and interior FOUs (see Fig. 2). These FOUs have the following general features: 1) Left- and right-shoulder FOUs: The legs of the LMF and UMF are not parallel. 2) Interior FOUs: The UMF is a trapezoid that usually is not symmetrical, and the LMF is a triangle that usually is not symmetrical. Note that these results are due to mapping each subjects interval into a triangular MF, and do not change even if the interval is mapped into another MF shape such as a trapezoidal or a Gaussian, when the upper and lower bounds are approximated using piece-wise linear functions [12]. So, in a rule-based CWW engine only a very limited number of IT2 FSs can activate the rules, and we are not free to choose the shapes of their FOUs arbitrarily, as we are, e.g. in most other engineering applications of interval type-2 fuzzy logic systems (e.g., [9]). G% i
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FOUs. (a) interior, (b) left-shoulder, and (c) right-shoulder.



5 It is assumed that readers are familiar with IT2 FSs. If they are not, see, e.g. [13].



The general structure of a rule-based CWW Engine is: There are p inputs x1 ∈ X1 , x2 ∈ X2 , . . ., xp ∈ Xp and one output y ∈ Y , and M rules, each of the form: ˜ i (1) Ri : If x1 is F˜1i and . . . and xp is F˜pi , Then y is G In this rule the p antecedents and the consequent are modeled as IT2 FSs that are a subset of the words in a CWW codebook; hence, they can only be IT2 FSs like the ones shown in Fig. 2. Comment: The codebook for a CWW application may be rather large, so that users who interface with the Per-C can operate in a user-friendly environment. Usually, only a small subset of the words in the codebook would be used to establish the M rules, especially when rules are extracted from experts. What is important is that the words used to characterize each of the p antecedents and the consequent lead to FOUs that cover the domain of each antecedent. In our experience, 3-7 words will cover an interval, e.g. 0-10.  How one should model the M rules, their inference mechanism and the combining of multiple fired rules for a Per-C that is used for perceptual computing are questions that do not have unique answers; so, choices must be made. In this paper, the following choices (i.e., assumptions) are made: Assumptions: (1) The result of combining fired rules must lead to an FOU that resembles the three kinds of FOUs in a CWW codebook; (2) IT2 MFs are separable; (3) No uncertainties are included about connective words; (4) Rules are activated by words that are modeled as either shoulder or interior IT2 FSs; and, (5) Minimum t-norm is used for and connective in rule antecedents. Because these assumptions are so important, brief discussions are provided next for each of them. 1) The result of combining fired rules must lead to an FOU that resembles the three kinds of FOUs in a CWW codebook: This is a very plausible requirement, since the decoder in the Per-C maps the CWW output FOU into a word in the codebook most similar to it. We will have much more to say about this requirement in Section II. 2) IT2 MFs are separable: Because each word in the vocabulary has been modeled independently, separable MFs seem reasonable. 3) No uncertainties are included about connective words: Although there exists a literature (e.g., [19]–[21] and [25]) for allowing the connective words and and or to incorporate uncertainties, except for [25] all results are for T1 FS antecedents and consequents, and even those results are very complicated. [25]’s results are even more complicated. Our first approach to a CWW rule-based engine is to keep it as simple as possible, and to see if sensible results can be obtained. If they cannot be, then one possibility is to use more complicated models for connector words, but, they must be in the context of IT2 FS models for words. 4) Rules are activated by words that are modeled as either shoulder or interior IT2 FSs: Rules will be activated by words that are in the codebook, and as we have explained these words will be modeled as assumed above.
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5) Minimum t-norm is used for and connective: In a rulebased fuzzy logic system (FLS) product and minimum t-norms are most popular. We have found that computing the sup-min composition in closed form is relatively straightforward, but computing the sup-product composition is very difficult [16]. Because the Per-C is very different from the more popular function approximation use for an IT2 FLS, in which universal approximation dominates and product t-norm is most popular, there is no compelling reason to use product t-norm over the minimum t-norm. So, we have taken the pragmatic approach and have chosen to focus on the minimum tnorm. The rest of this paper is organized as follows: Section II introduces a kind of reasoning that satisfies Assumption 1, and which we call Perceptual Reasoning. Section III describes how to compute the firing intervals, Section IV describes how to combine the fired rules, and Section V draws conclusions. II. P ERCEPTUAL R EASONING



resemble the consequent FS. For a TSK model, the concept of a fired output FS does not occur, because the rule consequent in a TSK rule is not a FS, but is a function of the inputs. How fired rules are connected (combined) for a Mamdani model is open to interpretation. Zadeh connected rules [29] using the word ELSE, which is itself a bit vague. Some have interpreted the word ELSE as the OR connector, some have interpreted it as the AND connector, and not surprisingly, some have interpreted it as a blend of both the AND and OR connectors. Others prefer to perform the combining as a part of defuzzification. There is no measured evidence (data) to support any of these rule-combining methods for a Mamdani model when the objective is to make subjective judgments. Interestingly enough, fired rules are easily combined using the TSK model through a weighted average of rule consequent functions, where the weights are the rule firing strengths. The result though is not a FS; it is a point value for T1 FSs or an interval value for IT2 FSs. So, neither the Mamdani nor TSK models seem to be appropriate for the Per-C. B. Perceptual Reasoning Described



A. Introduction There are many models for the fuzzy implication, under the rubric of approximate reasoning, e.g. Table 11.1 in [6] lists 14. Each of these models has the property that it reduces to the truth table of material implication when fuzziness disappears, and to-date none of these models has been examined using IT2 FSs. Following is a quote from [2] that we have found to be very illuminating: Rational calculation is the view that the mind works by carrying out probabilistic, logical, or decisiontheoretic operations. ... Rational calculation is explicitly avowed by relatively few theorists, though it has clear advocates with respect to logical inference. Mental logicians propose that much of cognition is a matter of carrying out logical calculations (e.g., [1], [4], [18]) ... Rational description, by contrast, is the view that behavior can be approximately described as conforming with the results that would be obtained by some rational calculation. This view does not assume (though it does not rule out) that the thought processes underlying behavior involves any rational calculation. For the Per-C we do not implement logical reasoning as prescribed by the truth table of material implication; instead we subscribe to rational description. Two fuzzy reasoning models that fit the concept of rational description are Mamdani and TSK, and both have been examined using IT2 FSs (e.g., [7], [9]); however, neither leads to a combined fired-rules output set that resembles the FOUs in our codebook (Fig. 2). Recall (e.g., see Fig. 6 in [13]), that even for T1 FSs each fired rule output FS for Mamdani implication that uses, e.g. the minimum t-norm looks liked a clipped version of the consequent FS6 , and such a FS does not



We now propose a new fuzzy reasoning model–Perceptual Reasoning–that not only fits the concept of rational description, but also satisfies Assumption 1, namely that the result of combining fired rules must lead to an FOU that resembles the three kinds of FOUs in a CWW codebook. Perceptual Reasoning consists of two steps: 1) A firing interval is computed for each rule, as would be done for both the IT2 FS Mamdani and TSK models, and 2) The IT2 FS consequents of the fired rules are combined using a Linguistic Weighted Average (LWA) [22], [23] in which the weights are the firing intervals and the “signals” are the IT2 FS consequents. Firing interval calculations are covered in Section III, and aggregation of the IT2 FS consequents using the LWA is covered in Section IV. In Section IV we also prove that the output of the LWA is an IT2 FS whose FOU resembles the three kinds of word FOUs in our codebook, i.e. it looks like the ones in Fig. 2. III. C OMPUTING F IRING I NTERVALS In the IT2 FLS literature (e.g., [6], [9], [15]) computing the firing interval is simplest when inputs are modeled as singletons, more difficult when inputs are modeled as T1 FSs, and most difficult when inputs are modeled as IT2 FSs. Because our rules are always activated by IT2 FSs we must immediately be concerned with computing the firing interval for this most difficult case. Following is the computation of the firing interval for this case [7], [9], [15]: Theorem 1: Let the p inputs that activate a collection of M ˜  . The result of the input and antecedent rules be denoted X operations for the ith fired rule is contained in the firing ˜  ), where interval F i (X



6 When it uses the product t-norm it looks like a scaled version of the consequent FS.
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and  denotes a t-norm.  Though both minimum and product t-norms can be used in computing the firing intervals, we prefer the minimum t-norm for its simplicity. The detailed computations of (3) and (4) are presented in [16] and are omitted in this paper.
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˜i ˜  ) are intervals of non-negative real numbers, G In (5) F i (X are IT2 FSs, and m ≤ M is the number of fired rules, i.e. the rules whose firing intervals do not equal [0, 0]. This LWA is a ˜ i and special case of the more general LWA in which both G i ˜ F (X ) are IT2 FSs. Y˜P R is an IT2 FS and is therefore completely described by its lower and upper MFs, LM F (Y˜P R )and U M F (Y˜P R ), respectively. How to compute LM F (Y˜P R )and U M F (Y˜P R ) using α-cuts is explained in [22], [23], and although all of the details of these calculations are unnecessary for the present paper, certain results are needed, and those are the ones focused on next. Because [22], [23] is for a more general LWA in which ˜ i and F i are IT2 FSs, and in the present case F i is both G not an IT2 FS, in order to use the results in [22], [23] F i is interpreted here as a T1 FS whose MF is depicted in Fig. 3. Note that this T1 FS can in turn be interpreted as an FOU ˜  )) = U M F (F˜ i (X ˜  )), so that every in which LM F (F˜ i (X i point in the interval [f i , f ] has membership [1, 1]. Observe, ˜  ) is the same interval8 [f i , f i ], in Fig. 3, each α-cut on F i (X for ∀α ∈ [0, 1]. ˜ i is depicted in Fig. 2(a), in which the An interior FOU for G i ˜i) ˜ height of LM F (G ) is denoted hi , the α-cut on LM F (G 9 is denoted [air (α), bil (α)] (α ∈ [0, hi ]), and the α-cut on refer to (5) as “expressive” because it is not computed using multiplications, additions and divisions, as expressed by it. Instead, LM F (Y˜P R ) and U M F (Y˜P R ) are computed as explained in [22], [23]. 8 To connect our special LWA with the more general one in [22], [23], i note that cil (α) = cir (α) = f i and dil (α) = dir (α) = f , where in i ˜ [22], [23] the α-cut of U M F (W ) = [cil (α), dir (α)] and the α-cut of ˜ i ) = [cir (α), dil (α)], and W ˜ i plays the role of our F i . LM F (W 9 In this notation, the first subscript is an index that runs from 1 to at most m, whereas the second subscript is a pneumonic for left or right.
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IV. C OMBINING THE F IRED RULES U SING THE LWA ˜  , firing In this section it is assume that, for a given input X ˜  ) [see (2)] have been computed for all fired rules. levels F i (X The LWA for Perceptual Reasoning, Y˜P R , can be written in the following expressive7 way:
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Y˜P R , the LWA for Perceptual Reasoning.



˜ i )is denoted [ail (α), bir (α)] (α ∈ [0, 1]). When hi < U M F (G ˜ i ) only exists for α ∈ [0, hi ] whereas 1 an α-cut on LM F (G ˜ i ) exists for all α ∈ [0, 1]. One way to an α-cut on U M F (G ˜ i ) from α ∈ [0, hi ] to α ∈ “extend” the α-cuts on LM F (G [0, 1] is to define: 
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An interior FOU for Y˜P R is depicted in Fig. 4. The α-cut on U M F (Y˜P R ) is [yLl (α), yRr (α)] and the α-cut on LM F (Y˜P R ) is [yLr (α), yRl (α)], where the end-points of these α-cuts are computed as solutions to the following optimization problems [22], [23]: m a (α)f i i=1 m il i (8) yLl (α) = min i ∀f i ∈[f i ,f ] i=1 f m b (α)f i i=1 mir i yRr (α) = max i (9) ∀f i ∈[f i ,f ] i=1 f m  a (α)f i i=1 mir i yLr (α) = min i (10) ∀f i ∈[f i ,f ] i=1 f m  b (α)f i i=1 mil i yRl (α) = max i (11) ∀f i ∈[f i ,f ] i=1 f Note that (see Fig. 4) yLr (α) and yRl (α) only exist for α ∈ [0, hY ]; however, it is not possible to compute hY ahead of time; so, instead, the following simple strategy is used in [22], [23]: Compute [yLr (α), yRl (α)] as though it exists, and IF yLr (α) ≤ yRl (α), THEN keep [yLr (α), yRl (α)]; otherwise discard [yLr (α), yRl (α)]. The last value of α for which this test is passed is called hY . Once hY is determined then it is no longer necessary to compute [yLr (α), yRl (α)].
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With this as some background about the LWA as specialized to Perceptual Reasoning, we turn now to the verification of Assumption 1 (Section I) for Y˜P R . A. Perceptual Reasoning Verified In this section we prove that F OU (Y˜P R ) will resemble the three kinds of FOUs in a CWW codebook. To begin, constructive tests are provided to establish when F OU (Y˜P R ) is an interior, left-shoulder or right-shoulder FOU. Lemma 1: F OU (Y˜P R ) is an interior FOU if the α = 0 α-cut of Y˜P R satisfies the following two inequalities (see Fig. 4): yLl (0) < yLr (0) yRl (0) < yRr (0)



(12) (13)







Lemma 2: F OU (Y˜P R ) is a left-shoulder FOU if the α-cuts of Y˜P R satisfy the following equality (compare Fig. 4 with Fig. 2(b)): yLl (α) = yLr (α) = 0 ∀α ∈ [0, 1]







˜ i ) is a right-shoulder FOU, and 2) At least one F OU (G ˜ i ) that is not a right-shoulder FOU its for each F OU (G corresponding firing interval is such that f i = 0.  Comments about this theorem are so similar to those made for Theorem 3 that we leave them to the reader. Theorem 5. When only one rule is fired, say the ith , then ˜ i ).  F OU (Y˜P R ) = F OU (G Such a result cannot be obtained for Mamdani Reasoning (see Fig. 5(a)) or other kinds of approximate reasoning methods. The fired-rule output set obtained from Mamdani reasoning leads to an FOU that is not in the CWW codebook. Taken together, these four theorems demonstrate that F OU (Y˜P R ) will resemble the three kinds of FOUs–left-, rightshoulder and interior FOUs–in a CWW codebook. To the best knowledge of the authors, there is no other kind of reasoning (applied to IT2 FSs) available in the literature that can accomplish this.
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Lemma 3: F OU (Y˜P R ) is a right-shoulder FOU if the α-cuts of Y˜P R satisfy the following equality (compare Fig. 4 with Fig. 2(c)): yRl (α) = yRr (α) = N ∀α ∈ [0, 1]
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The tests in these lemmas are used in the proofs of Theorems 2-4, which are provided in [16]. Theorem 2. F OU (Y˜P R ) is an interior FOU if: ˜ i ) are interior FOUs, or 1) All F OU (G i ˜ 2) F OU (G ) consist of more than one kind of FOUs (e.g., interior and left-shoulder), and for at least two kinds there exists at least one associated firing interval for which f i > 0.  Condition (1) is intuitive because when it is true then Y˜P R is a weighted average of interior FOUs. Condition (2) is less ˜ i to be a mixture of just left and intuitive; it allows for G right shoulder FOUs, just left-shoulder and interior FOUs, just right-shoulder and interior FOUs, or interior, left-shoulder and right-shoulder FOUs. The proof of Theorem 1 considers all possible sub-cases. The condition that there must be at least one associated firing interval for which f i > 0 eliminates the possibility that yLl (0) = yLr (0) and yRl (0) = yRr (0). Theorem 3. F OU (Y˜P R ) is a left-shoulder FOU if: ˜ i ) are left-shoulder FOUs, or 1) All F OU (G ˜ i ) is a left-shoulder FOU, and 2) At least one F OU (G i ˜ for each F OU (G ) that is not a left-shoulder FOU its corresponding firing interval is such that f i = 0.  As in Theorem 2, Condition (1) of Theorem 2 is intuitive, because when it is true then Y˜P R is a weighted average of leftshoulder FOUs. Condition (2) is less intuitive; the condition that f i = 0 for all non-left-shoulder FOUs is needed so that (14) is satisfied. Theorem 4. F OU (Y˜P R ) is a right-shoulder FOU if: ˜ i ) are right-shoulder FOUs, or 1) All F OU (G
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y (b) Fig. 5. When only one rule is fired: (a) Fired-rule FOU Y˜M from Mamdani Reasoning (minimum t-norm), and (b) Y˜P R from Perceptual Reasoning.



V. C ONCLUSIONS A new CWW engine, Perceptual Reasoning, has been proposed in this paper. It uses IF-THEN rules; however, different from traditional IF-THEN rules based CWW engines, which use Mamdani or TSK models, a LWA is used to combine the fired rules. The main advantage of perceptual reasoning is that its output FOU is a left-shoulder, right-shoulder, or an interior FOU, which resembles the three types of input FOUs in a CWW codebook. This is different from Mamdani and TSK models, none of which can map normal FSs into a normal FS. To the best knowledge of the authors, there is no other kind of reasoning (applied to IT2 FSs) available in the literature that can accomplish this. R EFERENCES [1] M. D. S. Brain, “On the relation between the natural logic of reasoning and standard logic,” Psychological Review, vol. 85, pp. 1–21, 1978.



450



Authorized licensed use limited to: University of Southern California. Downloaded on March 14, 2009 at 17:45 from IEEE Xplore. Restrictions apply.



[2] N. Chater, M. Oaksford, R. Nakisa, and M. Redington, “Fast, frugal and rational: How rational norms explain behavior,” Organizational Behaviour and Human Decision Processes, vol. 90, no. 1, pp. 63–86, 2003. [3] D. Dubois, L. Foulloy, G. Mauris, and H. Prade, “Probability-possibility transformations, triangular fuzzy sets, and probabilisitic inequalities,” Reliable Computing, vol. 10, pp. 273–297, 2004. [4] B. Inhelder and J. Piaget, The Growth of Logical Thinking From Childhood to Adolescence. NY: Basic Books, 1958. [5] J. Kacprzyk and R. R. Yager, “Linguistic summaries of data using fuzzy logic,” Int’l J. of General Systems, vol. 30, pp. 133–154, 2001. [6] G. J. Klir and B. Yuan, Fuzzy Sets and Fuzzy Logic: Theory and Applications. Upper Saddle River, NJ: Prentice-Hall, 1995. [7] Q. Liang and J. M. Mendel, “Interval type-2 fuzzy logic systems: theory and design,” IEEE Trans. on Fuzzy Systems, vol. 8, no. 5, pp. 535–550, 2000. [8] F. Liu and J. M. Mendel, “An interval approach to fuzzistics for interval type-2 fuzzy sets,” in Proc. FUZZ-IEEE, Imperial College, London, UK, July 2007, pp. 1030–1035. [9] J. M. Mendel, Rule-Based Fuzzy Logic Systems: Introduction and New Directions. Upper Saddle River, NJ: Prentice-Hall, 2001. [10] ——, “Computing with words, when words can mean different things to different people,” in Proc. 3rd Int’l ICSC Symposium on Fuzzy Logic and Applications, Rochester, NY, June 1999, pp. 158–164. [11] ——, “An architecture for making judgment using computing with words,” Int’l Journal of Applied Mathematics and Computer Science, vol. 12, no. 3, pp. 325–335, 2002. [12] ——, “Computing with words and its relationships with fuzzistics,” Information Sciences, vol. 177, pp. 988–1006, 2007. [13] ——, “Type-2 fuzzy sets and systems: An overview,” IEEE Computational Intelligence Magazine, vol. 2, no. 1, pp. 20–29, 2007. [14] ——, “The perceptual computer: An architecture for computing with words,” in Proc. FUZZ-IEEE, Melbourne, Australia, December 2001, pp. 35–38. [15] J. M. Mendel, R. I. John, and F. Liu, “Interval type-2 fuzzy logic systems



[16] [17] [18] [19] [20] [21] [22] [23] [24] [25] [26] [27]



[28] [29]



made simple,” IEEE Trans. on Fuzzy Systems, vol. 14, no. 6, pp. 808– 821, 2006. J. M. Mendel and D. Wu, “Perceptual reasoning for perceptual computing,” June 2007, submitted to IEEE Trans. on Fuzzy systems. M. Nikravesh, “Soft computing for reservoir characterization and management,” in Proc. IEEE Int’l Conf. Granular Computing, vol. 2, Beijing, China, July 2005, pp. 593–598. L. J. Rips, The Psychology of Proof. Cambridge, MA: MIT Press, 1994. I. B. T¨urks¸en, “Interval valued fuzzy sets and fuzzy connectives,” J. of Interval Computations, vol. 4, pp. 125–142, 1993. ——, “Interval-valued fuzzy sets based on normal forms,” Fuzzy Sets and Systems, vol. 20, pp. 191–210, 1986. ——, “Type 2 representation and reasoning for CWW,” Fuzzy Sets and Systems, vol. 127, pp. 17–36, 2002. D. Wu and J. M. Mendel, “The linguistic weighted average,” in Proc. FUZZ-IEEE, Vancouver, BC, Canada, July 2006, pp. 566–573. ——, “Aggregation using the linguistic weighted average and interval type-2 fuzzy sets,” IEEE Trans. on Fuzzy Systems, in press, 2007. ——, “A vector similarity measure for linguistic approximation: Interval type-2 and type-1 fuzzy sets,” accepted by Information Sciences, 2007. H. Wu and J. M. Mendel, “Antecedent connector word models for interval type-2 fuzzy logic system,” in Proc. FUZZ-IEEE, Budapest, Hungary, July 2004, pp. 1099–1104. L. A. Zadeh, “Fuzzy logic = computing with words,” IEEE Trans. on Fuzzy Systems, vol. 4, pp. 103–111, 1996. ——, “From computing with numbers to computing with words – from manipulation of measurements to manipulation of perceptions,” IEEE Trans. on Circuits and Systems-I: Fundamental Theory and Applications, vol. 4, pp. 105–119, 1999. ——, “Toward a generalized theory of uncertainty (GTU)–an outline,” Information Sciences, vol. 172, pp. 1–40, 2005. ——, “Outline of a new approach to analysis of complex systems and decision processes,” IEEE Trans. on Systems, Man, and Cybernetics, vol. 3, no. 1, pp. 28–44, 1973.



451



Authorized licensed use limited to: University of Southern California. Downloaded on March 14, 2009 at 17:45 from IEEE Xplore. Restrictions apply.



























[image: Perceptual Reasoning for Perceptual Computing]
Perceptual Reasoning for Perceptual Computing












[image: PERCEPTUAL CoMPUTINg - CS UTEP]
PERCEPTUAL CoMPUTINg - CS UTEP












[image: PERCEPTUAL CoMPUTINg]
PERCEPTUAL CoMPUTINg












[image: Similarity-Based Perceptual Reasoning for Perceptual ...]
Similarity-Based Perceptual Reasoning for Perceptual ...












[image: A reconstruction decoder for computing with words]
A reconstruction decoder for computing with words












[image: Perceptual Computing: Aiding People in Making Subjective ...]
Perceptual Computing: Aiding People in Making Subjective ...












[image: Perceptual Reasoning Using Interval Type-2 Fuzzy ...]
Perceptual Reasoning Using Interval Type-2 Fuzzy ...












[image: Computing With Words for Hierarchical Decision ...]
Computing With Words for Hierarchical Decision ...












[image: Reasoning with Rules]
Reasoning with Rules












[image: Digitized adiabatic quantum computing with a ... - Nature]
Digitized adiabatic quantum computing with a ... - Nature












[image: pdf-1862\accelerating-matlab-with-gpu-computing-a-primer-with ...]
pdf-1862\accelerating-matlab-with-gpu-computing-a-primer-with ...












[image: CSAT - Pratiyogita Darpan- New Reasoning Test (www.sirgodiyal ...]
CSAT - Pratiyogita Darpan- New Reasoning Test (www.sirgodiyal ...












[image: Khepera robots with argumentative reasoning]
Khepera robots with argumentative reasoning












[image: Defining Words with Words: Beyond the Distributional ...]
Defining Words with Words: Beyond the Distributional ...












[image: Verbal Reasoning Questions with Answers.pdf]
Verbal Reasoning Questions with Answers.pdf












[image: Reasoning with Large Data Sets]
Reasoning with Large Data Sets












[image: Reasoning with Large Data Sets]
Reasoning with Large Data Sets












[image: Chapter 4 ONTOLOGY REASONING WITH LARGE DATA ...]
Chapter 4 ONTOLOGY REASONING WITH LARGE DATA ...












[image: iCard â€“ Foundation for A New Ubiquitous Computing ...]
iCard â€“ Foundation for A New Ubiquitous Computing ...












[image: Perceptual Reward Functions - GitHub]
Perceptual Reward Functions - GitHub












[image: A New Method for Computing the Transmission ...]
A New Method for Computing the Transmission ...















Perceptual Reasoning: A New Computing With Words ...






rubric of approximate reasoning, e.g. Table 11.1 in [6] lists 14. Each of these models ... Two fuzzy reasoning models that fit the concept of rational description are ... 






 Download PDF 



















 238KB Sizes
 0 Downloads
 246 Views








 Report























Recommend Documents







[image: alt]





Perceptual Reasoning for Perceptual Computing 

Department of Electrical Engineering, University of Southern California, Los. Angeles, CA 90089-2564 USA (e-mail: [email protected]; dongruiw@ usc.edu). Digital Object ... tain a meaningful uncertainty model for a word, data about the word must be 














[image: alt]





PERCEPTUAL CoMPUTINg - CS UTEP 

â€œPerceptual Computing Programs (PCP)â€� and â€œIJA Demo.â€� In the PCP folder, the reader will find separate folders for Chapters 2â€“10. Each of these folders is.














[image: alt]





PERCEPTUAL CoMPUTINg 

Map word-data with its inherent uncertainties into an IT2 FS that captures .... 3.3.2 Establishing End-Point Statistics For the Data. 81 .... 7.2 Encoder for the IJA.














[image: alt]





Similarity-Based Perceptual Reasoning for Perceptual ... 

Dongrui Wu, Student Member, IEEE, and Jerry M. Mendel, Life Fellow, IEEE. Abstractâ€”Perceptual reasoning (PR) is ... systems â€” fuzzy logic systems â€” because in a fuzzy logic system the output is almost always a ...... in information/intelligent 














[image: alt]





A reconstruction decoder for computing with words 

Other uses, including reproduction and distribution, or selling or licensing ... (i) The Extension Principle based models [1,22,20,3], which operate on the ..... The two-input SJA is a fuzzy logic system describing the relationship between ..... [10]














[image: alt]





Perceptual Computing: Aiding People in Making Subjective ... 

May 3, 2011 - papers with respect to various criteria. (e.g., technical merit, depth, clarity, etc.) by different reviewers, along with the reviewers' self-assessment of their exper- tise in the papers' field. The mid- and upper levels of the hierarc














[image: alt]





Perceptual Reasoning Using Interval Type-2 Fuzzy ... 

[7] for word modeling [in which interval end-point data are collected from a group of ... Two fuzzy reasoning models that fit the concept of rational description are ...














[image: alt]





Computing With Words for Hierarchical Decision ... 

nologies and the Signal Analysis and Interpretation Laboratory, Viterbi School ... curves within the FOUs are T1 FSs mapped from individuals' endpoint data using the IA. receivers ..... Definition 1: An NWA is a WA in which at least one subcri-.














[image: alt]





Reasoning with Rules 

Sep 5, 2002 - which leaves room for a normative gap. How can ..... factual disagreement: economics, e.g., is far from a secure science, and disagreements.














[image: alt]





Digitized adiabatic quantum computing with a ... - Nature 

Jun 9, 2016 - R. Barends1, A. Shabani2, L. Lamata3, J. Kelly1, A. Mezzacapo3â€ , U. Las Heras3, R. Babbush2, A. G. Fowler1, B. Campbell4,. Yu Chen1, Z.














[image: alt]





pdf-1862\accelerating-matlab-with-gpu-computing-a-primer-with ... 

... of the apps below to open or edit this item. pdf-1862\accelerating-matlab-with-gpu-computing-a-primer-with-examples-by-jung-w-suh-youngmin-kim.pdf.














[image: alt]





CSAT - Pratiyogita Darpan- New Reasoning Test (www.sirgodiyal ... 

CSAT - Pratiyogita Darpan- New Reasoning Test (www.sirgodiyal.blogspot.in).pdf. CSAT - Pratiyogita Darpan- New Reasoning Test ...














[image: alt]





Khepera robots with argumentative reasoning 

Now: DeLP-server temporarily binds the robot's perception with the program it has stored, to answer the current query. (contextual query). â–« Fourth. â�‘ Before: Two robots in the same environment but running in different frameworks had to independe














[image: alt]





Defining Words with Words: Beyond the Distributional ... 

In regards to using dictionary definitions, there is the work of Hill et al. (2016), that used dictionary definitions to learn word representations. 6 Future Directions and Challenges. Given the promising results of our prototype im- plementation and














[image: alt]





Verbal Reasoning Questions with Answers.pdf 

Icon Archive Website: http://www.iconarchive.com/show/vista-map-markers-icons-by-icons-land/Map-Marker-Push-Pin-1-Right-Pink-icon.html. Ito ay isang ...














[image: alt]





Reasoning with Large Data Sets 

Framework consisting of a collection of components which cover various aspects of ..... IRIS is an open source project developed under LGPL and available at:.














[image: alt]





Reasoning with Large Data Sets 

query execution plan as well as in memory, storage and recovery man- agement. ... This technique will be further extended for data distributed over many disks ...














[image: alt]





Chapter 4 ONTOLOGY REASONING WITH LARGE DATA ... 

LARGE DATA REPOSITORIES. Stijn Heymans1, Li Ma2, ... We take Minerva as an example to analyze ontology storage in databases in depth, as well as to.














[image: alt]





iCard â€“ Foundation for A New Ubiquitous Computing ... 

the cellular service provided by wireless ISP, or may choose to do some serious work .... more seriously, the enterprise networks to the attackers. With VPN and ...














[image: alt]





Perceptual Reward Functions - GitHub 

expected discounted cumulative reward an agent will receive after ... Domains. Task Descriptors. Figure 3: Task Descriptors. From left to right: Breakout TG, ...














[image: alt]





A New Method for Computing the Transmission ... 

Email: [email protected], [email protected]. Abstractâ€”The ... the transmission capacity of wireless ad hoc networks for three plausible point ...


























×
Report Perceptual Reasoning: A New Computing With Words ...





Your name




Email




Reason
-Select Reason-
Pornographic
Defamatory
Illegal/Unlawful
Spam
Other Terms Of Service Violation
File a copyright complaint





Description















Close
Save changes















×
Sign In






Email




Password







 Remember Password 
Forgot Password?




Sign In



















Information

	About Us
	Privacy Policy
	Terms and Service
	Copyright
	Contact Us





Follow us

	

 Facebook


	

 Twitter


	

 Google Plus







Newsletter























Copyright © 2024 P.PDFKUL.COM. All rights reserved.
















