Deep Dyslexia: A Case Study of

Connectionist Neuropsychology �

David C. Plaut Department of Psychology Carnegie Mellon University dcp@cs.cmu.edu

Tim Shallice Department of Psychology University College London ucjtsts@ucl.ac.uk

November, 1991 Technical Report CRG-TR-91-3 Connectionist Research Group Department of Computer Science University of Toronto Submitted to Cognitive Neuropsychology

Abstract Deep dyslexia is an acquired reading disorder marked by the occurrence of semantic errors (e.g. reading RIVER as �ocean�). In addition, patients exhibit a number of other symptoms, including visual and morphological effects in their errors, a part-of-speech effect, and an advantage for concrete over abstract words. Deep dyslexia poses a distinct challenge for cognitive neuropsychology because there is little understanding of why such a variety of symptomsshould co-occur in virtuallyall known patients. Hinton& Shallice (1991) replicated the co-occurrence of visual and semantic errors by lesioning a recurrent connectionist network trained to map from orthography to semantics. While the success of their simulations is quite encouraging, there is little understanding of what underlying principles are responsible for them. In this paper we evaluate and, where possible, improve on the most important design decisions made by Hinton& Shallice, relating to the task, the network architecture, the training procedure, and the testing procedure. Taken together, the results demonstrate the usefulness of a connectionist approach to understanding deep dyslexia in particular, and the viability of connectionist neuropsychology in general.

�Most of the research presented in this paper was carried out while the authors were visiting scientists in the

Departments of Psychology and Computer Science at the University of Toronto under the generous support and guidance of Geoff Hinton, whom we believe deserves to be a co-author of this paper but would not be persuaded to be included. We also wish to thank Marlene Behrmann and Angela Hickman for their help. This research was supported by grant 87-2-36 from the Alfred P. Sloan Foundation. All of the simulations described in this paper were run on a Silicon Graphics Iris-4D/240S using the Xerion simulator developed by Tony Plate. Direct all correspondence to David Plaut at the address above.

Contents

1 Introduction 1 1.1 Deep dyslexia . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1 1▷2 Motivation of a connectionist account . . . . . . . . . . . . . . . . . . . . . . . 4 1▷3 A preliminary connectionist model of deep dyslexia . . . . . . . . . . . . . . . . 6 1▷3▷1 The task . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6 1▷3▷2 The network . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 10 1▷3▷3 The training procedure . . . . . . . . . . . . . . . . . . . . . . . . . . . 10 1▷3▷4 The testing procedure . . . . . . . . . . . . . . . . . . . . . . . . . . . 11 1▷3▷5 Attractors . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 14 1▷4 Evaluation of the model . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 14 1▷4▷1 The task . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 16 1▷4▷2 The network . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 17 1▷4▷3 The training procedure . . . . . . . . . . . . . . . . . . . . . . . . . . . 17 1▷4▷4 The testing procedure . . . . . . . . . . . . . . . . . . . . . . . . . . . 17 2 Response generation. Mapping semantics to phonology 19 2▷1 Phonological blends . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 20 2▷1▷1 The task . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 20 2▷1▷2 The network . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 20 2▷1▷3 The training procedure . . . . . . . . . . . . . . . . . . . . . . . . . . . 21 2▷1▷4 The effects of lesions . . . . . . . . . . . . . . . . . . . . . . . . . . . 21 2▷1▷5 An explanation for blends . . . . . . . . . . . . . . . . . . . . . . . . . 24 2▷2 Eliminating blends . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 25 2▷2▷1 The network architecture . . . . . . . . . . . . . . . . . . . . . . . . . 25 2▷2▷2 The training procedure . . . . . . . . . . . . . . . . . . . . . . . . . . . 26 2▷2▷3 The effects of lesions . . . . . . . . . . . . . . . . . . . . . . . . . . . 28 2▷3 Comparison with response criteria . . . . . . . . . . . . . . . . . . . . . . . . . 31 2▷4 Impairments in mapping semantics to phonology . . . . . . . . . . . . . . . . . 33 2▷5 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 35 3 The relevance of network architecture 36 3▷1 Alternative architectures . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 38 3▷2 The task . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 40 3▷3 The training procedure . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 40 3▷4 The effects of lesions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 41 3▷5 Summary of architecture comparisons . . . . . . . . . . . . . . . . . . . . . . . 41 3▷5▷1 Generality of the HςS αndings . . . . . . . . . . . . . . . . . . . . . . 41 3▷5▷2 The strength of attractors . . . . . . . . . . . . . . . . . . . . . . . . . 46 3▷5▷3 Error types . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 47 3▷5▷4 The nature of intermediate representations . . . . . . . . . . . . . . . . 47 3▷6 Item and categoryspeciαc effects . . . . . . . . . . . . . . . . . . . . . . . . . 49 3▷7 Deαnitions of visual and semantic similarity . . . . . . . . . . . . . . . . . . . . 51 3▷8 Visualthensemantic errors . . . . . . . . . . . . . . . . . . . . . . . . . . . . 52

3▷9 Effects of lesion severity on error type . . . . . . . . . . . . . . . . . . . . . . . 53 3▷10 Error patterns for individual lesions . . . . . . . . . . . . . . . . . . . . . . . . 54 3▷11 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 56 4 The relevance of learning procedure 57 4▷1 Deterministic Boltzmann Machines . . . . . . . . . . . . . . . . . . . . . . . . 58 4▷1▷1 Energy minimization . . . . . . . . . . . . . . . . . . . . . . . . . . . 58 4▷1▷2 Simulated annealing . . . . . . . . . . . . . . . . . . . . . . . . . . . . 60 4▷1▷3 Contrastive Hebbian learning . . . . . . . . . . . . . . . . . . . . . . . 60 4▷1▷4 The task . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 62 4▷1▷5 The network architecture . . . . . . . . . . . . . . . . . . . . . . . . . 63 4▷1▷6 The training procedure . . . . . . . . . . . . . . . . . . . . . . . . . . . 63 4▷1▷7 The effects of lesions . . . . . . . . . . . . . . . . . . . . . . . . . . . 65 4▷2 Conαdence in visual vs▷ semantic errors . . . . . . . . . . . . . . . . . . . . . . 68 4▷3 Lexical decision . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 69 4▷4 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 71 5 Extending the task domain. Effects of abstractness 73 5▷1 Effects of abstractness in deep dyslexia . . . . . . . . . . . . . . . . . . . . . . 74 5▷2 A semantic representation for concrete and abstract words . . . . . . . . . . . . 74 5▷3 Mapping orthography to semantics . . . . . . . . . . . . . . . . . . . . . . . . 79 5▷4 Mapping semantics to phonology . . . . . . . . . . . . . . . . . . . . . . . . . 80 5▷5 The effects of lesions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 82 5▷6 Network analysis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 85 5▷7 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 87 6 General discussion 88 6▷1 Computational generality . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 88 6▷1▷1 Response generation . . . . . . . . . . . . . . . . . . . . . . . . . . . . 89 6▷1▷2 The importance of attractors . . . . . . . . . . . . . . . . . . . . . . . . 90 6▷2 Empirical adequacy . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 92 6▷2▷1 Extensions of the Hinton ς Shallice results . . . . . . . . . . . . . . . . 92 6▷2▷2 Remaining empirical issues . . . . . . . . . . . . . . . . . . . . . . . . 95 6▷3 Theoretical issues . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 99 6▷3▷1 The right hemisphere theory . . . . . . . . . . . . . . . . . . . . . . . . 100 6▷3▷2 Attractors vs▷ logogens . . . . . . . . . . . . . . . . . . . . . . . . . . 101 6▷4 Extensions of the approach . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 102 6▷5 The impact of connectionist modeling in neuropsychology . . . . . . . . . . . . 103

1 Introduction In the conclusion of their review article ΨDeep Dyslexia since 1980ν Coltheart Patterson ς Mar shall ↼1987↽ argue that deep dyslexia presents cognitive neuropsychology with a major challenge▷ They raise two main issues speciαc to the domain of reading▷ First they argue that standard Ψbox andarrowν informationprocessing accounts of deep dyslexia ↼e▷g▷ Morton ς Patterson 1980↽ provide no explanation for the observed combination of symptoms▷ If a patient makes semantic errors in reading aloud why are many other types of behavior virtually always observed⋆ Second they point out that the standard explanations for semantic errors and for effects of abstractness involve different impairments along the semantic route▷ The loss of semantic information for abstract words that explained visual errors in oral reading cannot readily explain semantic errors in oral reading since semantic errors typically occur on moderately concrete words▷▷▷▷ The deαcit in the semantic routine that gives a pretty account of semantic errors is rather an abnormal sloppiness in the procedure of addressing a phonological output code from a set of semantic features▷ ▷▷▷▷ Must we now postulate several different semanticroutine impairments in deep dyslexia and if so why do we not observe patients who have one but not the other. in particular patients who make semantic errors but do not have difαculty with abstract words⋆ ♭Coltheart et al▷ 1987 pp▷ 421δ422♯ Recently Hinton ς Shallice ↼1991↽ have put forward a connectionist approach to deep dyslexia that addresses the αrst of the above points▷ They reproduced the cooccurrence of semantic visual and mixed visualandsemantic errors by lesioning a connectionist network that develops Ψattractorsν for word meanings▷ While the success of their simulations is quite encouraging there is little understanding of what underlying principles are responsible for them▷ In this paper we intend to evaluate and where possible improve on the most important design decisions made by Hinton ς Shallice▷ First we improve on the rather arbitrary way that the model realized an explicit response by extending it to generate phonological output from semantics▷ Next we demonstrate the robustness of the account by examining network architectures different from the original model▷ Thirdly we evaluate the signiαcance of the particular learning procedure used to train the original model by reimplementing it in a more plausible connectionist formalism▷ Finally we investigate whether the remaining characteristics of deep dyslexia�in particular Coltheart Patterson ς Marshallφs third issue relating to effects of abstractness�can be explained by essentially the same account proposed for the cooccurrence of error types▷ The remainder of this section presents a brief overview of the reading behavior of deep dyslexics motivations for a connectionist account a summary of the Hinton ς Shallice results and a general evaluation of these results that serves to motivate our work▷ 1▷1 Deep dyslexia Despite its familiarity as a concept in cognitive neuropsychology deep dyslexia remains contro versial▷ It was αrst suggested as a symptomcomplex by Marshall ς Newcombe ↼1973↽ who described two patients ↼GR and KU↽▷ Both made semantic errors in attempting to read aloud and also made visual and derivational errors▷ Coltheart ↼1980a↽ was able to add another 15 cases▷ Kremin ↼1982↽ added another eight and over ten more are referred to in Coltheart et al▷ ↼1987↽▷

Beginning with the semantic error Coltheart ↼1980a↽ also extended the list of common properties to 12 namely ↼examples of errors are from DE Patterson ς Marcel 1977↽ 1▷ Semantic errors ↼e▷g▷ BLOWING ⇒ ⊖⊒⟩\⌈⪰⇔ VIEW ⇒ ⊖∫⌋⌉\⌉⪰⇔ NIGHT ⇒ ⊖∫↕⌉⌉√⪰⇔ GONE ⇒ ⊖↕≀∫⊔⪰⇒∅ ∈↙ V⟩∫⊓⊣↕ ⌉∇∇≀∇∫ ⇐⌉↙}↙ WHILE ⇒ ⊖⊒⟨⟩⊔⌉⪰⇔ SCANDAL ⇒ ⊖∫⊣\⌈⊣↕∫⪰⇔ POLITE ⇒ ⊖√≀↕⟩⊔⟩⌋∫⪰⇔ BADGE ⇒ ⊖⌊⊣\⌈⊣}⌉⪰⇒∅ ∋↙ F⊓\⌋⊔⟩≀\↖⊒≀∇⌈ ∫⊓⌊∫⊔⟩⊔⊓⊔⟩≀\∫ ⇐⌉↙}↙ WAS ⇒ ⊖⊣\⌈⪰⇔ ME ⇒ ⊖⇕†⪰⇔ OFF ⇒ ⊖{∇≀⇕⪰⇔ THEY ⇒ ⊖⊔⟨⌉⪰⇒∅ △↙ D⌉∇⟩⊑⊣⊔⟩≀\⊣↕ ⌉∇∇≀∇∫ ⇐⌉↙}↙ CLASSIFY ⇒ ⊖⌋↕⊣∫∫⪰⇔ FACT ⇒ ⊖{⊣⌋⊔∫⪰⇔ MARRIAGE ⇒ ⊖⇕⊣∇∇⟩⌉⌈⪰⇔ BUY ⇒ ⊖⌊≀⊓}⟨⊔⪰⇒∅ ▽↙ N≀\↖↕⌉§⟩⌋⊣↕ ⌈⌉∇⟩⊑⊣⊔⟩≀\ ≀{ √⟨≀\≀↕≀}† {∇≀⇕ √∇⟩\⊔ ⟩∫ ⟩⇕√≀∫∫⟩⌊↕⌉ ⇐⌉↙}↙ √∇≀\≀⊓\⌋⟩\} \≀\↖⊒≀∇⌈∫⇔ |⊓⌈}⟩\} ⟩{ ⊔⊒≀ \≀\↖⊒≀∇⌈∫ ∇⟨†⇕⌉⇒∅ ↙̸ L⌉§⟩⌋⊣↕ ⌈⌉∇⟩⊑⊣⊔⟩≀\ ≀{ √⟨≀\≀↕≀}† {∇≀⇕ √∇⟩\⊔ ⟩∫ ⟩⇕√⊣⟩∇⌉⌈ ⇐⌉↙}↙ |⊓⌈}⟩\} ⟩{ ⊔⊒≀ ⊒≀∇⌈∫ ∇⟨†⇕⌉⇒∅ ↙ W≀∇⌈∫ ⊒⟩⊔⟨ ↕≀⊒ ⟩⇕⊣}⌉⊣⌊⟩↕⟩⊔†∝⌋≀\⌋∇⌉⊔⌉\⌉∫∫ ⇐⌉↙}↙ JUSTICE⇒ ⊣∇⌉ ⟨⊣∇⌈⌉∇ ⊔≀ ∇⌉⊣⌈ ⊔⟨⊣\ ⊒≀∇⌈∫ ⊒⟩⊔⟨ ⟨⟩}⟨ ⟩⇕⊣}⌉⊣⌊⟩↕⟩⊔†∝⌋≀\⌋∇⌉⊔⌉\⌉∫∫ ⇐⌉↙}↙ TABLE⇒∅ ∀↙ V⌉∇⌊∫ ⊣∇⌉ ⟨⊣∇⌈⌉∇ ⊔⟨⊣\ ⊣⌈|⌉⌋⊔⟩⊑⌉∫ ⊒⟨⟩⌋⟨ ⊣∇⌉ ⟨⊣∇⌈⌉∇ ⊔⟨⊣\ \≀⊓\∫ ⟩\ ∇⌉⊣⌈⟩\} ⊣↕≀⊓⌈∅ ∃↙ F⊓\⌋⊔⟩≀\∫ ⊒≀∇⌈∫ ⊣∇⌉ ⇕≀∇⌉ ⌈⟩{⊘⌋⊓↕⊔ ⊔⟨⊣\ ⌋≀\⊔⌉\⊔ ⊒≀∇⌈∫ ⟩\ ∇⌉⊣⌈⟩\} ⊣↕≀⊓⌈∅ ∞′↙ W∇⟩⊔⟩\} ⟩∫ ⟩⇕√⊣⟩∇⌉⌈ ⇐∫√≀\⊔⊣\⌉≀⊓∫ ≀∇ ⊔≀ ⌈⟩⌋⊔⊣⊔⟩≀\⇒∅ ∞∞↙ A⊓⌈⟩⊔≀∇†↖⊑⌉∇⌊⊣↕ ∫⟨≀∇⊔↖⊔⌉∇⇕ ⇕⌉⇕≀∇† ⟩∫ ⟩⇕√⊣⟩∇⌉⌈∅ ∞∈↙ W⟨⌉⊔⟨⌉∇ ⊣ ⊒≀∇⌈ ⌋⊣\ ⌊⌉ ∇⌉⊣⌈ ⊣⊔ ⊣↕↕ ⌈⌉√⌉\⌈∫ ≀\ ⟩⊔∫ ∫⌉\⊔⌉\⌋⌉ ⌋≀\⊔⌉§⊔ ⇐⌉↙}↙ FLY ⊣∫ ⊣ \≀⊓\ ⟩∫ ⌉⊣∫⟩⌉∇ ⊔⟨⊣\ FLY ⊣∫ ⊣ ⊑⌉∇⌊⇒↙ G⟩⊑⌉\ ⊔⟨⌉ ⊓\⟩{≀∇⇕⟩⊔† ≀{ ⊔⟨⌉ √⊣⊔⟩⌉\⊔∫≃ ∫†⇕√⊔≀⇕∫⇔ C≀↕⊔⟨⌉⊣∇⊔ ⌋⟨⊣∇⊣⌋⊔⌉∇⟩‡⌉⌈ ⊔⟨⌉ ∫†⇕√⊔≀⇕↖⌋≀⇕√↕⌉§ ⊣∫ ⊣ ∫†\⌈∇≀⇕⌉↙ I\ {⊣⌋⊔⇔ \≀⊔ ⊣↕↕ ⊔⟨⌉∫⌉ √∇≀√⌉∇⊔⟩⌉∫ ⊣∇⌉ ⊣↕⊒⊣†∫ ≀⌊∫⌉∇⊑⌉⌈ ⊒⟨⌉\ ⊣\ ⊣⌋∐⊓⟩∇⌉⌈ ⌈†∫↕⌉§⟩⌋ √⊣⊔⟩⌉\⊔ ⇕⊣‖⌉∫ ∫⌉⇕⊣\⊔⟩⌋ ⌉∇∇≀∇∫ ⟩\ ∇⌉⊣⌈⟩\}↙ T⟨⊓∫ √⊣⊔⟩⌉\⊔ AR ⇐W⊣∇∇⟩\}⊔≀\ ↘ S⟨⊣↕↕⟩⌋⌉⇔ ∞∃∃⇒ ⌈⟩⌈ \≀⊔ ∫⟨≀⊒ ⊔⟨⌉ ⌋≀\⊔⌉\⊔ ⊒≀∇⌈ ⌉{{⌉⌋⊔∫ ⇐ ⊣\⌈ ∃⇒⇔ ⊣\⌈ ⟨⊣⌈ ∇⌉↕⊣⊔⟩⊑⌉↕† ⟩\⊔⊣⌋⊔ ⊒∇⟩⊔⟩\} ⊣\⌈ ⊣⊓⌈⟩⊔≀∇† ∫⟨≀∇⊔↖⊔⌉∇⇕ ⇕⌉⇕≀∇† ⇐∞′ ⊣\⌈ ∞∞⇒↙ T⟨∇⌉⌉ ≀⊔⟨⌉∇ √⊣⊔⟩⌉\⊔∫ ⟨⊣⊑⌉ ⌊⌉⌉\ ⌈⌉∫⌋∇⟩⌊⌉⌈ ⊒⟨≀ ⇕⊣‖⌉ ∫⌉⇕⊣\⊔⟩⌋ ⌉∇∇≀∇∫ ⟩\ ∇⌉⊣⌈⟩\} ⊣↕≀⊓⌈ ⇐⊣\⌈ ⌈≀ ∫≀ ⊣↕∫≀ ⊒⟨⌉\ ⊣\† ≀⊔⟨⌉∇ ∫√⌉⌉⌋⟨ ∇⌉∫√≀\∫⌉∫ ⊣∇⌉ ∇⌉∐⊓⟩∇⌉⌈⇒ ⊣\⌈ †⌉⊔ ⇕⊣‖⌉ {⌉⊒ ⟩{ ⊣\† ⊑⟩∫⊓⊣↕ ⌉∇∇≀∇∫ ⇐C⊣∇⊣⇕⊣‡‡⊣ ↘ H⟩↕↕⟩∫⇔ ∞∃∃′∅ H⟩↕↕⟩∫ ⌉⊔ ⊣↕↙⇔ ∞∃∃′⇒↙∞ T⟨⌉ ↕⊣⌋‖ ≀{ ⌋≀⇕√↕⌉⊔⌉ ⌋≀\∫⟩∫⊔⌉\⌋† ⊣⌋∇≀∫∫ √⊣⊔⟩⌉\⊔∫ ⊔⟨⌉∇⌉{≀∇⌉ ↕⌉⌈ ⊔≀ ⌋∇⟩⊔⟩⌋⟩∫⇕∫ ≀{ ⊔⟨⌉ ⊣⊔⊔⌉⇕√⊔ ⊔≀ ⌋⟨⊣∇⊣⌋⊔⌉∇⟩‡⌉ ⊔⟨⌉ ∫†⇕√⊔≀⇕↖⌋≀⇕√↕⌉§ ⊣∫ ⌈⟩∇⌉⌋⊔↕† ∇⌉⊙⌉⌋⊔⟩\} ⊣\ ⟩⇕√⊣⟩∇⇕⌉\⊔ ⊔≀ ∫≀⇕⌉ ∫√⌉⌋⟩⊘⌋ √∇≀⌋⌉∫∫⟩\} ⌋≀⇕√≀\⌉\⊔↙ S≀⇕⌉ ≀{ ⊔⟨⌉∫⌉ ⊣∇}⊓⇕⌉\⊔∫ ⊒⌉∇⌉ ∫√⌉⌋⟩⊘⌋ ⊔≀ ⌈⌉⌉√ ⌈†∫↕⌉§⟩⊣↙ T⟨⊓∫ S⟨⊣↕↕⟩⌋⌉ ↘ W⊣∇∇⟩\}⊔≀\ ⇐∞∃∀′⇒ ⟨⌉↕⌈ ⊔⟨⊣⊔ ⌈⌉⌉√ ⌈†∫↕⌉§⟩⊣ ⊒⊣∫ \≀⊔ ⊣ ⊖√⊓∇⌉ ∫†\⌈∇≀⇕⌉↙⪰ O⊔⟨⌉∇∫⇔ ⊔⟨≀⊓}⟨⇔ ⇕⊣⌈⌉ ⇕≀∇⌉ }⌉\⌉∇⊣↕ ⌋∇⟩⊔⟩∐⊓⌉∫↙ M≀∇⊔≀\ ↘ P⊣⊔⊔⌉∇∫≀\ ⇐∞∃∀′⇒ ⊣\⌈ C⊣∇⊣⇕⊣‡‡⊣ ⇐∞∃∀△∅ ∞∃∀⇏ ⌈⌉\⟩⌉⌈ ⊔⟨⌉ ⊔⟨⌉≀∇⌉⊔⟩⌋⊣↕ ⊓⊔⟩↕⟩⊔† ≀{ }⌉\⌉∇⊣↕⟩‡⟩\} ≀⊑⌉∇ √⊣⊔⟩⌉\⊔∫ {≀∇ ⌉§⊔∇⊣√≀↕⊣⊔⟩≀\ ∞O\⌉ ⌋≀⊓↕⌈ ⊣∇}⊓⌉ ⊔⟨⊣⊔ ⊔⊒≀ ≀{ ⊔⟨⌉∫⌉ √⊣⊔⟩⌉\⊔∫ ⊣⊔ ↕⌉⊣∫⊔ ⊣∇⌉ ⟨⊣∇⌈↕† ⊖⊣⌋∐⊓⟩∇⌉⌈ ⌈†∫↕⌉§⟩⌋∫⪰ ∫⟩\⌋⌉ ⊔⟨⌉⟩∇ √∇≀⌊↕⌉⇕ ⟩∫ ⟨⌉↕⌈ ⊔≀ ⌊⌉ ⊣⊔ ⊔⟨⌉ √⟨≀\≀↕≀}⟩⌋⊣↕ ≀⊓⊔√⊓⊔ ↕⌉§⟩⌋≀\↙ T⟨⟩∫ ⊔⟨≀⊓}⟨⇔ √∇⌉∫⊓√√≀∫⌉∫ ⊔⟨⊣⊔ ≀\⌉ ⌋⊣\ ⇕⊣‖⌉ ⊣ ⌋↕⌉⊣∇ ⌈⟩∫⊔⟩\⌋⊔⟩≀\ ⌊⌉⊔⊒⌉⌉\ ∇⌉⊣⌈⟩\} ⟩⇕√⊣⟩∇⇕⌉\⊔∫ ⊣\⌈ ≀⊔⟨⌉∇ ⌈⟩{⊘⌋⊓↕⊔⟩⌉∫↙ Y⌉⊔⇔ ⊒⟨⟩↕⌉ ⟩⊔ ∇⌉⇕⊣⟩\∫ }⌉\⌉∇⊣↕↕† ⊣⌋⌋⌉√⊔⌉⌈ ⊔⟨⊣⊔ \≀\↖∫⌉⇕⊣\⊔⟩⌋ √⟨≀\≀↕≀}⟩⌋⊣↕ ∇⌉⊣⌈⟩\} √∇≀⌋⌉⌈⊓∇⌉∫ ⊣∇⌉ }∇≀∫∫↕† ⟩⇕√⊣⟩∇⌉⌈ ⟩\ ⌈⌉⌉√ ⌈†∫↕⌉§⟩⌋ √⊣⊔⟩⌉\⊔∫ ⇐∫⌉⌉ ⌉↙}↙ M⊣∇∫⟨⊣↕↕ ↘ N⌉⊒⌋≀⇕⌊⌉⇔ ∞∃∋⇒⇔ ⟩⊔ ⟨⊣∫ ⌊⌉⌉\ ⊣∇}⊓⌉⌈ ⊔⟨⊣⊔ ⊔⟨⌉∇⌉ ⊣∇⌉ ⊣⌈⌈⟩⊔⟩≀\⊣↕ ⌈⌉⊘⌋⟩⊔∫ ⟩\ ⊔⟨⌉ ∫⌉⇕⊣\⊔⟩⌋ ∇⌉⊣⌈⟩\} ∇≀⊓⊔⌉ ⊣\⌈ ⊔⟨⊣⊔ ⊔⟨⌉∫⌉ ⌋⊣\ ⌈⟩{{⌉∇ ⟩\ ⊔⟨⌉⟩∇ ↕≀⌋⊣⊔⟩≀\⇔ ⊒⟩⊔⟨ ∫≀⇕⌉ √⊣⊔⟩⌉\⊔∫ ⌉⊑⌉\ ⌊⌉⟩\} ⊖≀⊓⊔√⊓⊔⪰ ⌈⌉⌉√ ⌈†∫↕⌉§⟩⌋∫ ⇐F∇⟩⌉⌈⇕⊣\ ↘ P⌉∇↕⇕⊣\⇔ ∞∃∀∈∅ S⟨⊣↕↕⟩⌋⌉ ↘ W⊣∇∇⟩\}⊔≀\⇔ ∞∃∀′⇒↙ T⟨⊓∫⇔ ⊔⟨⌉ ⊖⌋↕⌉⊣∇ ⌈⟩∫⊔⟩\⌋⊔⟩≀\⪰ ⌊⌉⊔⊒⌉⌉\ ∇⌉⊣⌈⟩\} ⊣\⌈ \≀\↖∇⌉⊣⌈⟩\} ⌈⟩{⊘⌋⊓↕⊔⟩⌉∫ ⟩∫ ⊣⌊∫⌉\⊔ {∇≀⇕ ⊔⟨⌉ ↕⟩⊔⌉∇⊣⊔⊓∇⌉↙

∞ INTRODUCTION ∋ ⊔≀ \≀∇⇕⊣↕ {⊓\⌋⊔⟩≀\⇔ ⊣\⌈ S⟨⊣↕↕⟩⌋⌉ ⇐∞∃∀∀⇒ ⇕≀∇⌉ ∫√⌉⌋⟩⊘⌋⊣↕↕† ⌋↕⊣⟩⇕⌉⌈ ⊔⟨⊣⊔ ⌉∇∇≀∇ √⊣⊔⊔⌉∇\∫ ⌈⟩⌈ \≀⊔ √∇≀⊑⟩⌈⌉ ⊣\ ⊣√√∇≀√∇⟩⊣⊔⌉ ⌊⊣∫⟩∫ {≀∇ ⊔⟨⟩∫ √⊓∇√≀∫⌉↙ D⌉∫√⟩⊔⌉ ⊔⟨⌉∫⌉ ≀⌊|⌉⌋⊔⟩≀\∫ ⊔≀ ⊔⟨⌉ ⊔⟨⌉≀∇⌉⊔⟩⌋⊣↕ ⊓⊔⟩↕⟩⊔† ≀{ ⊔⟨⌉ ⌈⌉⌉√ ⌈†∫↕⌉§⟩⊣ ∫†⇕√⊔≀⇕↖⌋≀⇕√↕⌉§⇔ C≀↕⊔⟨⌉⊣∇⊔ ⌉⊔ ⊣↕↙ ⇐∞∃∀⇒ ∫⊔∇⌉∫∫ ⊔⟨⊣⊔ ⊒≀∇‖ ∫⟩\⌋⌉ ∞∃∀′ ∇⌉⟩\{≀∇⌋⌉∫ ⊔⟨⌉ ⊑⟩∇⊔⊓⊣↕↕† ⌋≀⇕√↕⌉⊔⌉ ⊓\⟩{≀∇⇕⟩⊔† ≀{ ∫†⇕√⊔≀⇕ √⊣⊔⊔⌉∇\ {≀⊓\⌈ ⊣⌋∇≀∫∫ ⊣ ↕⊣∇}⌉ \⊓⇕⌊⌉∇ ≀{ √⊣⊔⟩⌉\⊔∫↙ T⟨⟩∫ ⇕⌉⊣\∫ ⊔⟨⊣⊔ ⊔≀ ⌈⟩∫⇕⟩∫∫ ⌈⌉⌉√ ⌈†∫↕⌉§⟩⊣ ⊣∫ ⊔⟨⌉≀∇⌉⊔⟩⌋⊣↕↕† ⟩∇∇⌉↕⌉⊑⊣\⊔ ⊒≀⊓↕⌈ ⌊⌉ ⊣⊔ ↕⌉⊣∫⊔ ⊣∫ ⌈⊣\}⌉∇≀⊓∫ ⊣∫ ⊔≀ ⊣⌋⌋⌉√⊔ ⟩⊔ ⊓\⌋∇⟩⊔⟩⌋⊣↕↕† ⊣∫ ⊔⟨⌉ ⇕⊣\⟩{⌉∫⊔⊣⊔⟩≀\ ≀{ ∫≀⇕⌉ ∫√⌉⌋⟩⊘⌋ ⟩⇕√⊣⟩∇⇕⌉\⊔↙ F≀∇ ⊔⟨⌉ √∇⌉∫⌉\⊔ ⊒⌉ ⊒⟩↕↕ ↕⌉⊣⊑⌉ ⌋≀\∫⟩⌈⌉∇⊣⊔⟩≀\ ≀{ ⊔⟨⌉∫⌉ ⇕⌉⊔⟨≀⌈≀↕≀}⟩⌋⊣↕ ⌋∇⟩⊔⟩⌋⟩∫⇕∫ ≀{ ⌈⌉⌉√ ⌈†∫↕⌉§⟩⊣ ⊓\⊔⟩↕ ⊔⟨⌉ G⌉\⌉∇⊣↕ D⟩∫⌋⊓∫∫⟩≀\↙ W⌉ ⊒⟩↕↕ √∇≀⊑⟩∫⟩≀\⊣↕↕† ⊣∫∫⊓⇕⌉ ⊔⟨⊣⊔ ⟩⊔ ⟩∫ ⊣ ⊑⊣↕⟩⌈ ⊔⟨⌉≀∇⌉⊔⟩⌋⊣↕ ⌋≀\⌋⌉√⊔↙ M⊣\† ≀⊔⟨⌉∇ √∇≀√⌉∇⊔⟩⌉∫ ≀{ ⊔⟨⌉ ∇⌉⊣⌈⟩\} ≀{ ⟩\⌈⟩⊑⟩⌈⊓⊣↕ ⌈⌉⌉√ ⌈†∫↕⌉§⟩⌋ √⊣⊔⟩⌉\⊔∫ ⟨⊣⊑⌉ ⌊⌉⌉\ ∇⌉⌋≀∇⌈⌉⌈↙ I\ ⊔⟨⟩∫ √⊣√⌉∇ ⊒⌉ ⊒⟩↕↕ ⌊⌉ √⊣∇⊔⟩⌋⊓↕⊣∇↕† ⌋≀\⌋⌉∇\⌉⌈ ⊒⟩⊔⟨ {≀⊓∇↙ ∞↙ A⌈⌈⟩⊔⟩≀\⊣↕ ⊔†√⌉∫ ≀{ ∇⌉⊣⌈⟩\} ⌉∇∇≀∇∫↙ M⟩§⌉⌈ ⊑⟩∫⊓⊣↕↖⊣\⌈↖∫⌉⇕⊣\⊔⟩⌋ ⇐⌉↙}↙ SHIRT ⇒ ⊖∫‖⟩∇⊔⪰⇒ ⊒⌉∇⌉ ∇⌉⌋≀∇⌈⌉⌈ ⟩\ ⊣↕↕ ≀{ ⊔⟨⌉ √⊣⊔⟩⌉\⊔∫ ∇⌉⊑⟩⌉⊒⌉⌈ ⌊† C≀↕⊔⟨⌉⊣∇⊔ ⇐∞∃∀′⊣⇒ ≀\ ⊒⟨≀⇕ ⊔⟨⌉∇⌉ ⟩∫ ⊣⌈⌉∐⊓⊣⊔⌉ ⌈⊣⊔⊣∅ ⟩\ KF ⇐S⟨⊣↕↕⟩⌋⌉ ↘ M⌋G⟩↕↕⇔ ∞∃∀⇒ ⊣\⌈ PS ⇐S⟨⊣↕↕⟩⌋⌉ ↘ C≀⊓}⟨↕⊣\⇔ ∞∃∀′⇒ ⊔⟨⌉† ⊒⌉∇⌉ ⊣↕∫≀ ∫⟨≀⊒\ ⊔≀ ≀⌋⌋⊓∇ ⊣⊔ ⊣⌊≀⊑⌉ ⊔⟨⌉ ∇⊣⊔⌉ ⊒⟨⟩⌋⟨ ≀\⌉ ⊒≀⊓↕⌈ ⌉§√⌉⌋⊔ ⟩{ ⊔⟨⌉† ⊒⌉∇⌉ ⊣↕↕ ⊣∇⟩∫⟩\} ⊣∫ ⊑⟩∫⊓⊣↕ ⌉∇∇≀∇∫ ≀∇ ⊣∫ ∫⌉⇕⊣\⊔⟩⌋ ⌉∇∇≀∇∫ ⟩\⌈⌉√⌉\⌈⌉\⊔↕†↙ A\≀⊔⟨⌉∇ ⌉∇∇≀∇ ⊔†√⌉ ⊒⟨⟩⌋⟨ ⊒⊣∫ ≀⌊∫⌉∇⊑⌉⌈ ⌉⊑⌉\ ⌉⊣∇↕⟩⌉∇ ⌊† M⊣∇∫⟨⊣↕↕ ↘ N⌉⊒⌋≀⇕⌊⌉ ⇐∞∄⇒ ⟩∫ ⊔⟨⊣⊔ ≀{ ⊑⟩∫⊓⊣↕↖⊔⟨⌉\↖∫⌉⇕⊣\⊔⟩⌋ ⌉∇∇≀∇∫ ⇐⌉↙}↙ SYMPATHY ⇒ ⊖≀∇⌋⟨⌉∫⊔∇⊣⪰⇔ √∇⌉∫⊓⇕⊣⌊↕† ⊑⟩⊣ ∫†⇕√⟨≀\†⇒⇔ ⌈⌉∫⌋∇⟩⌊⌉⌈ ⟩\ ⌉⟩}⟨⊔ ≀{ ⊔⟨⌉ √⊣⊔⟩⌉\⊔∫ ∇⌉⊑⟩⌉⊒⌉⌈ ⌊† C≀↕⊔⟨⌉⊣∇⊔ ⇐∞∃∀′⊣⇒↙ ∈↙ I\⊙⊓⌉\⌋⌉∫ ≀{ ∫⌉⇕⊣\⊔⟩⌋ ⊑⊣∇⟩⊣⌊↕⌉∫ ≀\ ⊑⟩∫⊓⊣↕ ⌉∇∇≀∇∫↙ I\ }⌉\⌉∇⊣↕⇔ ⊔⟨⌉ ⊣⌊∫⊔∇⊣⌋⊔∝⌋≀\⌋∇⌉⊔⌉ ⌈⟩⇕⌉\∫⟩≀\ ⌈≀⌉∫ \≀⊔ |⊓∫⊔ ∇⌉↕⊣⊔⌉ ⊔≀ ⊔⟨⌉ ⟩∫∫⊓⌉ ≀{ ⟨≀⊒ ∫⊓⌋⌋⌉∫∫{⊓↕↕† ⌈⟩{{⌉∇⌉\⊔ ⊔†√⌉∫ ≀{ ⊒≀∇⌈∫ ⊣∇⌉ ∇⌉⊣⌈↙ T⟨⌉ ∫⊔⟩⇕⊓↕⟩ ≀\ ⊒⟨⟩⌋⟨ ⊑⟩∫⊓⊣↕ ⌉∇∇≀∇∫ ≀⌋⌋⊓∇ ⊔⌉\⌈ ⊔≀ ⌊⌉ ⇕≀∇⌉ ⊣⌊∫⊔∇⊣⌋⊔ ⊔⟨⊣\ ⊔⟨⌉ ∇⌉∫√≀\∫⌉∫ √∇≀⌈⊓⌋⌉⌈ ⊣\⌈ ⊣↕∫≀ ⇕≀∇⌉ ⊣⌊∫⊔∇⊣⌋⊔ ⊔⟨⊣\ ⊔⟨⌉ ∫⊔⟩⇕⊓↕⟩ {≀∇ ⊒⟨⟩⌋⟨ ≀⊔⟨⌉∇ ⊔†√⌉∫ ≀{ ∇⌉∫√≀\∫⌉∫ ≀⌋⌋⊓∇ ⇐∫⌉⌉ ⌉↙}↙ S⟨⊣↕↕⟩⌋⌉ ↘ W⊣∇∇⟩\}⊔≀\⇔ ∞∃∀′⇒↙ ∋↙ C≀\⊘⌈⌉\⌋⌉ ⟩\ ⌉∇∇≀∇∫↙ T⟨⌉ ⌋≀\⊘⌈⌉\⌋⌉ ⊒⟩⊔⟨ ⊒⟨⟩⌋⟨ ⌉∇∇≀∇∫ ⊣∇⌉ √∇≀⌈⊓⌋⌉⌈ ⟨⊣∫ ⌊⌉⌉\ ∫⊔⊓⌈⟩⌉⌈ ⟩\ ⊔⟨∇⌉⌉ √⊣⊔⟩⌉\⊔∫↙ PW ⊣\⌈ DE ⇐P⊣⊔⊔⌉∇∫≀\⇔ ∞∃∀⇒ ⊒⌉∇⌉ ⇕⊓⌋⟨ ⇕≀∇⌉ ↕⟩‖⌉↕† ⊔≀ ⌊⌉ ∫⊓∇⌉ ⊔⟨⊣⊔ ⊔⟨⌉† ⊒⌉∇⌉ ⌋≀∇∇⌉⌋⊔ {≀∇ ⊑⟩∫⊓⊣↕ ⌉∇∇≀∇∫ ⊔⟨⊣\ {≀∇ ∫⌉⇕⊣\⊔⟩⌋ ⌉∇∇≀∇∫⇔ ⌊⊓⊔ GR }⊣⊑⌉ ⊣∫ ⟨⟩}⟨ ⌋≀\⊘⌈⌉\⌋⌉ ∇⊣⊔⟩\}∫ ⌊≀⊔⟨ {≀∇ ⊑⟩∫⊓⊣↕ ⌉∇∇≀∇∫ ⊣\⌈ {≀∇ ∫⌉⇕⊣\⊔⟩⌋ ⌉∇∇≀∇∫ ⊣∫ {≀∇ ⌋≀∇∇⌉⌋⊔ ∇⌉∫√≀\∫⌉∫ ⇐B⊣∇∇† ↘ R⟩⌋⟨⊣∇⌈∫≀\⇔ ∞∃∀∀⇒↙ △↙ L⌉§⟩⌋⊣↕ ⌈⌉⌋⟩∫⟩≀\↙ D⌉⌉√ ⌈†∫↕⌉§⟩⌋∫ ⌋⊣\ ≀{⊔⌉\ ⌈⟩∫⊔⟩\}⊓⟩∫⟨ ⊒≀∇⌈∫ {∇≀⇕ ≀∇⊔⟨≀}∇⊣√⟨⟩⌋⊣↕↕† ∇⌉}⊓↕⊣∇ \≀\↖⊒≀∇⌈∫⇔ ⌉⊑⌉\ ⊒⟨⌉\ ⊔⟨⌉† ⊣∇⌉ ∐⊓⟩⊔⌉ √≀≀∇ ⊣⊔ ⌉§√↕⟩⌋⟩⊔↕† ∇⌉⊣⌈⟩\} ⊔⟨⌉ ⊒≀∇⌈∫ ⇐P⊣⊔⊔⌉∇∫≀\⇔ ∞∃∃⇒↙ L⌉§⟩⌋⊣↕ ⌈⌉⌋⟩∫⟩≀\ ⊒⊣∫ ⊖∫⊓∇√∇⟩∫⟩\}↕† }≀≀⌈⪰ {≀∇ \⟩\⌉ ≀{ ⊔⟨⌉ ∞∞ ⌋⊣∫⌉∫ ↕⟩∫⊔⌉⌈ ⌊† C≀↕⊔⟨⌉⊣∇⊔ ⇐∞∃∀′⊣⇒ {≀∇ ⊒⟨⟩⌋⟨ ⊔⟨⌉∇⌉ ⊒⊣∫ ⌈⊣⊔⊣↙ T⊓∇\⟩\} ⊔≀ ⊔⟨⌉≀∇⌉⊔⟩⌋⊣↕ ⊣⌋⌋≀⊓\⊔∫ ≀{ ⊔⟨⌉ ∫†⇕√⊔≀⇕↖⌋≀⇕√↕⌉§⇔ ⊒⌉ ⊒⟩↕↕ {≀↕↕≀⊒ M⊣∇∫⟨⊣↕↕ ↘ N⌉⊒⌋≀⇕⌊⌉ ⇐∞∃∋⇒ ⊣\⌈ ⇕⊣\† ≀⊔⟨⌉∇∫ ⌊† √∇⌉∫⊓⇕⟩\} ⊔⟨⊣⊔ √⟨≀\≀↕≀}⟩⌋⊣↕ ∇⌉⊣⌈⟩\} √∇≀⌋⌉⌈⊓∇⌉∫ ⊣∇⌉ }∇≀∫∫↕† ⟩⇕√⊣⟩∇⌉⌈ ⟩\ ⊔⟨⌉∫⌉ √⊣⊔⟩⌉\⊔∫ ⊣\⌈ ⊔⟨⊣⊔ ⊔⟨⟩∫ ⌋⊣\ ⊣⌋⌋≀⊓\⊔ {≀∇ ⌋⟨⊣∇⊣⌋⊔⌉∇⟩∫⊔⟩⌋∫ ⇐▽⇒⇔ ⇐⇏⇔ ⊣\⌈ √∇⌉∫⊓⇕⊣⌊↕† ⇐∞∞⇒ ⇐∫⌉⌉ ⌈⟩∫⌋⊓∫∫⟩≀\∫ ⟩\ C≀↕⊔⟨⌉⊣∇⊔⇔ ∞∃∀′⊣∅ C≀↕⊔⟨⌉⊣∇⊔ ⌉⊔ ⊣↕↙⇔ ∞∃∀⇒↙ H≀⊒⌉⊑⌉∇⇔ ⟩{ ⟩⊔ ⟩∫ ⟨⌉↕⌈ ⊔⟨⊣⊔ ⊔⟨⌉ ⌋≀⇕√↕⌉⊔⌉ ⌋↕⊓∫⊔⌉∇ ≀{ √∇≀√⌉∇⊔⟩⌉∫ ⟨⊣⊑⌉ ⊣ ⌋≀⇕⇕≀\ {⊓\⌋⊔⟩≀\⊣↕ ≀∇⟩}⟩\⇔ ⊒⟨⊣⊔ ⌋⊣\ ⟩⊔ ⌊⌉⊥ T⟨⌉ ⇕≀∫⊔ √∇≀∫⊣⟩⌋ √≀∫∫⟩⌊⟩↕⟩⊔† ⟩∫ ⊔⟨⊣⊔ ⊔⟨⌉ ∫†\⌈∇≀⇕⌉ ⊣∇⟩∫⌉∫ {∇≀⇕ ⊣ ∫⌉⊔ ≀{ {⊓\⌋⊔⟩≀\⊣↕ ⌈⌉⊘⌋⟩⊔∫ ⊒⟨⟩⌋⟨ ⌋≀↖≀⌋⌋⊓∇ {≀∇ ⊣\⊣⊔≀⇕⟩⌋⊣↕ ∇⌉⊣∫≀\∫ ⇐⌉↙}↙ M≀∇⊔≀\ ↘ P⊣⊔⊔⌉∇∫≀\⇔ ∞∃∀′∅ S⟨⊣↕↕⟩⌋⌉⇔ ∞∃∀∀∅ S⟨⊣↕↕⟩⌋⌉ ↘ W⊣∇∇⟩\}⊔≀\⇔ ∞∃∀′⇒↙ I{⇔ ⟨≀⊒⌉⊑⌉∇⇔ ⊔⟨⌉ ⟩⇕√⊣⟩∇⇕⌉\⊔∫ ⊣∇⌉ ≀\↕† ∫√⌉⌋⟩⊘⌉⌈ ⟩\ ⊔⌉∇⇕∫ ≀{ ⌈⊣⇕⊣}⌉ ⊔≀ ⟨†√≀⊔⟨⌉⊔⟩⌋⊣↕ ∫⊓⌊⌋≀⇕√≀\⌉\⊔∫ ≀∇ ⊔∇⊣\∫⇕⟩∫∫⟩≀\ ∇≀⊓⊔⌉∫⇔ ⇕⊣\† ∐⊓⌉∫⊔⟩≀\∫ ∇⌉⇕⊣⟩\ ⊔≀ ⌊⌉ ⊣\∫⊒⌉∇⌉⌈↙ W⟨† ⌈≀ ⊑⟩∫⊓⊣↕ ⊣\⌈ ⌈⌉∇⟩⊑⊣⊔⟩≀\⊣↕ ⌉∇∇≀∇∫ ∫≀ ≀{⊔⌉\ ⌋≀↖≀⌋⌋⊓∇ ⊒⟩⊔⟨ ∫⌉⇕⊣\⊔⟩⌋ ≀\⌉∫⊥ W⟨† ⌈≀ ⇕⟩§⌉⌈ ⊑⟩∫⊓⊣↕↖⊣\⌈↖∫⌉⇕⊣\⊔⟩⌋ ⊣\⌈ ⊑⟩∫⊓⊣↕↖⊔⟨⌉\↖∫⌉⇕⊣\⊔⟩⌋ ⌉∇∇≀∇∫

∞ INTRODUCTION △ ≀⌋⌋⊓∇⊥ I{ ⊔⟨⌉ }⌉\⌉∇⊣↕ ⊣⌈⊑⊣\⊔⊣}⌉ {≀∇ ⌋≀\⌋∇⌉⊔⌉ ⊒≀∇⌈∫ ∇⌉∫⊓↕⊔∫ {∇≀⇕ ⟩⇕√⊣⟩∇⌉⌈ ⊣⌋⌋⌉∫∫ ⊔≀ ⊣⌊∫⊔∇⊣⌋⊔ ∫⌉⇕⊣\⊔⟩⌋∫ √⌉∇ ∫⌉⇔ ⊒⟨† ⟨⊣∫ ≀\↕† ≀\⌉ √⊣⊔⟩⌉\⊔ ⇐CAV⇔ W⊣∇∇⟩\}⊔≀\⇔ ∞∃∀∞⇒ ⌊⌉⌉\ ≀⌊∫⌉∇⊑⌉⌈ ⊒⟩⊔⟨ ∫⊓√⌉∇⟩≀∇ ∇⌉⊣⌈⟩\} √⌉∇{≀∇⇕⊣\⌋⌉ ≀\ ⊣⌊∫⊔∇⊣⌋⊔ ⊒≀∇⌈∫⊥ H≀⊒ ⌈≀⌉∫ ≀\⌉ ⊣⌋⌋≀⊓\⊔ {≀∇ ⊔⟨⌉ ⌉{{⌉⌋⊔∫ ≀{ ⌋≀\⌋∇⌉⊔⌉\⌉∫∫ ≀\ ⊑⟩∫⊓⊣↕ ⌉∇∇≀∇∫⊥ A⌈ ⟨≀⌋ ⌉§√↕⊣\⊣⊔⟩≀\∫ ⟨⊣⊑⌉ ⌊⌉⌉\ }⟩⊑⌉\ {≀∇ ∫≀⇕⌉ ≀{ ⊔⟨⌉∫⌉ √≀⟩\⊔∫ ⇐∫⌉⌉ M≀∇⊔≀\ ↘ P⊣⊔⊔⌉∇∫≀\⇔ ∞∃∀′∅ S⟨⊣↕↕⟩⌋⌉ ↘ W⊣∇∇⟩\}⊔≀\⇔ ∞∃∀′⇒ ⌊⊓⊔ \≀⊔⟨⟩\} ∇⌉∫⌉⇕⌊↕⟩\} ⊣ ⊒⌉↕↕↖⌈⌉⊑⌉↕≀√⌉⌈ ⊔⟨⌉≀∇† ⊣↕≀\} ⊔⟨⌉∫⌉ ↕⟩\⌉∫ ⌉§⟩∫⊔∫↙ A\ ⟩\⊔⌉∇⌉∫⊔⟩\} ⊑⌉∇∫⟩≀\ ≀{ ⊔⟨⌉ ⊖⊣\⊣⊔≀⇕⟩⌋⊣↕ ⌋≀⟩\⌋⟩⌈⌉\⌋⌉⪰ ⌉§√↕⊣\⊣⊔⟩≀\ ⟩∫ ⊔⟨⌉ ⌋↕⊣⟩⇕ ⊔⟨⊣⊔ ⌈⌉⌉√ ⌈†∫↕⌉§⟩⌋ ∇⌉⊣⌈⟩\} ∇⌉⊙⌉⌋⊔∫ ∇⌉⊣⌈⟩\} ⌊† ⊔⟨⌉ ∇⟩}⟨⊔ ⟨⌉⇕⟩∫√⟨⌉∇⌉ ⇐C≀↕⊔⟨⌉⊣∇⊔⇔ ∞∃∀′⌊∅ ∞∃∀∋∅ S⊣{{∇⊣\ ⌉⊔ ⊣↕↙⇔ ∞∃∀′⇒↙ T⟨⌉ ⊣⊔⊔∇⊣⌋⊔⟩≀\ ≀{ ⊔⟨⟩∫ ⟨†√≀⊔⟨⌉∫⟩∫ ⟩∫ ⊔⟨⌉ ∫⟩⇕⟩↕⊣∇⟩⊔⟩⌉∫ ⊔⟨⊣⊔ ⟨⊣⊑⌉ ⌊⌉⌉\ ⌈⌉⇕≀\∫⊔∇⊣⊔⌉⌈ ⌊⌉⊔⊒⌉⌉\ ∇⌉⊣⌈⟩\} ⟩\ ⌈⌉⌉√ ⌈†∫↕⌉§⟩⊣ ⊣\⌈ ⟩\ √⊣⊔⟩⌉\⊔∫ ∇⌉⊣⌈⟩\} ⊒⟩⊔⟨ ⊣\ ⟩∫≀↕⊣⊔⌉⌈ ∇⟩}⟨⊔ ⟨⌉⇕⟩∫√⟨⌉∇⌉ ⇐⌉↙}↙ P⊣⊔⊔⌉∇∫≀\ ⌉⊔ ⊣↕↙⇔ ∞∃∀∃∅ Z⊣⟩⌈⌉↕ ↘ P⌉⊔⌉∇∫⇔ ∞∃∀∞⇒↙ H≀⊒⌉⊑⌉∇⇔ ⊔⟨⌉∫⌉ ⊣\⊣↕≀}⟩⌉∫ ⟨⊣⊑⌉ ⌊⌉⌉\ ⌋∇⟩⊔⟩⌋⟩‡⌉⌈ ⇐∫⌉⌉ ⌉↙}↙ P⊣⊔⊔⌉∇∫≀\ ↘ B⌉∫\⌉∇⇔ ∞∃∀△⌊∅ S⟨⊣↕↕⟩⌋⌉⇔ ∞∃∀∀⇒ ⊣\⌈ ⊣⊔ ↕⌉⊣∫⊔ ≀\⌉ √⊣⊔⟩⌉\⊔ ⟨⊣∫ ⌊⌉⌉\ ⌈⌉∫⌋∇⟩⌊⌉⌈ ⊒⟩⊔⟨ ⇕⊣\† ⌈⌉⌉√ ⌈†∫↕⌉§⟩⌋ ⌋⟨⊣∇⊣⌋⊔⌉∇⟩∫⊔⟩⌋∫ ⊒⟨≀∫⌉ ∇⌉⊣⌈⟩\} ⊒⊣∫ ⊣⌊≀↕⟩∫⟨⌉⌈ ⊣{⊔⌉∇ ⊣ ∫⌉⌋≀\⌈ ↕⌉{⊔ ⟨⌉⇕⟩∫√⟨⌉∇⌉ ∫⊔∇≀‖⌉ ⇐R≀⌉↕⊔}⌉\⇔ ∞∃∀⇒↙ O⊑⌉∇⊣↕↕⇔ ⊒⟨⟩↕⌉ ⊔⟨⌉ ⊔⟨⌉≀∇† ⟩∫ ⌊⊣∫⌉⌈ ≀\ ⌉⇕√⟩∇⟩⌋⊣↕ ⊣\⊣↕≀}⊓⌉∫ {≀∇ ⌋⌉∇⊔⊣⟩\ ⌈⌉⌉√ ⌈†∫↕⌉§⟩⌋ ⌋⟨⊣∇⊣⌋⊔⌉∇⟩∫⊔⟩⌋∫ ⇐⌉↙}↙ ∫⌉⇕⊣\⊔⟩⌋∫ ⌊† ⊒⟨⟩⌋⟨ ⊔⟨⌉ ∇⟩}⟨⊔ ⟨⌉⇕⟩∫√⟨⌉∇⌉ ⇕⟩}⟨⊔ √∇≀⌈⊓⌋⌉ ⊔⟨⌉ ∫†⇕√⊔≀⇕↖⌋≀⇕√↕⌉§⇒⇔ ⟩⊔ ⟩∫ √∇⟩\⌋⟩√⊣↕↕† ⊣\ ⊣⊔⊔⌉⇕√⊔ ⊔≀ ↕≀⌋⊣↕⟩‡⌉ ∇⊣⊔⟨⌉∇ ⊔⟨⊣\ ⊔≀ √∇≀⊑⟩⌈⌉ ⊣ ⇕⌉⌋⟨⊣\⟩∫⊔⟩⌋ ⊣⌋⌋≀⊓\⊔↙ S⟩\⌋⌉ \≀ ⇕⌉⌋⟨⊣\⟩∫⊔⟩⌋ ⊣⌋⌋≀⊓\⊔ ⌉§⟩∫⊔∫ {≀∇ ⊣\† ≀⊔⟨⌉∇ \⌉⊓∇≀√∫†⌋⟨≀↕≀}⟩⌋⊣↕ ∫†\⌈∇≀⇕⌉ ⌉§⌋⌉√⊔ {≀∇ \⌉}↕⌉⌋⊔ ⌈†∫↕⌉§⟩⊣ ⇐M≀‡⌉∇ ↘ B⌉⟨∇⇕⊣\\⇔ ∞∃∃′⇒⇔ ⊔⟨⟩∫ ⟩∫ ⟨⊣∇⌈↕† ⊣ ∫⊔∇≀\} ⌋∇⟩⊔⟩⌋⟩∫⇕ ≀{ ⊔⟨⌉ ⊔⟨⌉≀∇† {∇≀⇕ √∇⌉∫⌉\⊔↖⌈⊣† √⌉∇∫√⌉⌋⊔⟩⊑⌉∫↙ H≀⊒⌉⊑⌉∇⇔ ⊣\ ⌉§√↕⊣\⊣⊔⟩≀\ ≀∇⟩⌉\⊔⌉⌈ ⊔≀⊒⊣∇⌈∫ ⊔⟨⟩∫ ⇕≀∇⌉ ⌋≀⇕√↕⌉§ }≀⊣↕ ∇⌉⇕⊣⟩\∫ ⊣ ⇕⊣|≀∇ ⊔⊣∇}⌉⊔ {≀∇ ⊓\⌈⌉∇∫⊔⊣\⌈⟩\} ⌈⌉⌉√ ⌈†∫↕⌉§⟩⊣↙ ∞↙∈ M≀⊔⟩⊑⊣⊔⟩≀\ ≀{ ⊣ ⌋≀\\⌉⌋⊔⟩≀\⟩∫⊔ ⊣⌋⌋≀⊓\⊔ C≀\\⌉⌋⊔⟩≀\⟩∫⊔ ⇕≀⌈⌉↕⟩\} ≀{{⌉∇∫ ⊣ √∇≀⇕⟩∫⟩\} ⊣√√∇≀⊣⌋⟨ ⊔≀ √∇≀⌈⊓⌋⟩\} ⊣ ⇕⌉⌋⟨⊣\⟩∫⊔⟩⌋ ⊣⌋⌋≀⊓\⊔ ≀{ ⌈⌉⌉√ ⌈†∫↕⌉§⟩⊣↙ C≀\\⌉⌋⊔⟩≀\⟩∫⊔ \⌉⊔⊒≀∇‖∫ ⊣∇⌉ ⌊⌉⌋≀⇕⟩\} ⟩\⌋∇⌉⊣∫⟩\}↕† ⟩\⊙⊓⌉\⊔⟩⊣↕ ⟩\ ⊣ \⊓⇕⌊⌉∇ ≀{ ⊣∇⌉⊣∫ ≀{ √∫†⌋⟨≀↕≀}† ⊣∫ ⊣ ⇕⌉⊔⟨≀⌈≀↕≀}† {≀∇ ⌈⌉⊑⌉↕≀√⟩\} ⌋≀⇕√⊓⊔⊣⊔⟩≀\⊣↕ ⇕≀⌈⌉↕∫ ≀{ ⌋≀}\⟩⊔⟩⊑⌉ √∇≀⌋⌉∫∫⌉∫↙ I\ ⌋≀\⊔∇⊣∫⊔ ⊔≀ ⌋≀\⊑⌉\⊔⟩≀\⊣↕ √∇≀}∇⊣⇕∫ ⊔⟨⊣⊔ ⌋≀⇕√⊓⊔⌉ ⌊† ⊔⟨⌉ ∫⌉∐⊓⌉\⊔⟩⊣↕ ⊣√√↕⟩⌋⊣⊔⟩≀\ ≀{ ∫⊔≀∇⌉⌈ ⌋≀⇕⇕⊣\⌈∫⇔ ⊔⟨⌉∫⌉ \⌉⊔⊒≀∇‖∫ ⌋≀⇕√⊓⊔⌉ ⊑⟩⊣ ⊔⟨⌉ ⇕⊣∫∫⟩⊑⌉↕† √⊣∇⊣↕↕⌉↕ ⌋≀≀√⌉∇⊣⊔⟩⊑⌉ ⊣\⌈ ⌋≀⇕√⌉⊔⟩⊔⟩⊑⌉ ⟩\⊔⌉∇⊣⌋⊔⟩≀\∫ ≀{ ⊣ ↕⊣∇}⌉ \⊓⇕⌊⌉∇ ≀{ ∫⟩⇕√↕⌉ \⌉⊓∇≀\↖↕⟩‖⌉ √∇≀⌋⌉∫∫⟩\} ⊓\⟩⊔∫↙ N⌉⊔⊒≀∇‖∫ ≀{ ⊔⟨⟩∫ {≀∇⇕ ⟨⊣⊑⌉ ⌊⌉⌉\ ⊣√√↕⟩⌉⌈ ⊔≀ √∇≀⌊↕⌉⇕∫ ⟩\ ⊣ ⊒⟩⌈⌉ ∇⊣\}⌉ ≀{ ⌋≀}\⟩⊔⟩⊑⌉ ⌈≀⇕⊣⟩\∫⇔ ∫⊓⌋⟨ ⊣∫ ⟨⟩}⟨↖↕⌉⊑⌉↕ ⊑⟩∫⟩≀\ ⊣\⌈ ⊣⊔⊔⌉\⊔⟩≀\⇔ ↕⌉⊣∇\⟩\} ⊣\⌈ ⇕⌉⇕≀∇†⇔ ↕⊣\}⊓⊣}⌉⇔ ∫√⌉⌉⌋⟨ ∇⌉⌋≀}\⟩⊔⟩≀\ ⊣\⌈ √∇≀⌈⊓⌋⊔⟩≀\⇔ ⊣\⌈ ∫⌉∐⊓⌉\⊔⟩⊣↕ ∇⌉⊣∫≀\⟩\} ⇐∫⌉⌉ M⌋C↕⌉↕↕⊣\⌈ ⌉⊔ ⊣↕↙⇔ ∞∃∀ ̸⊣\⌈ ∇⌉⌋⌉\⊔ C≀}\⟩⊔⟩⊑⌉ S⌋⟩⌉\⌋⌉ S≀⌋⟩⌉⊔† ⌋≀\{⌉∇⌉\⌋⌉ √∇≀⌋⌉⌉⌈⟩\}∫⇒↙ I\ ⊣⌈⌈⟩⊔⟩≀\ ⊔≀ ⊔⟨⌉⟩∇ ⊓∫⌉{⊓↕\⌉∫∫ ⟩\ ⇕≀⌈⌉↕⟩\} \≀∇⇕⊣↕ ⌋≀}\⟩⊔⟩⊑⌉ {⊓\⌋⊔⟩≀\⟩\}⇔ ⊣ \⊓⇕⌊⌉∇ ≀{ }⌉\⌉∇⊣↕ ⌋⟨⊣∇⊣⌋⊔⌉∇⟩∫⊔⟩⌋∫ ≀{ ⌋≀\\⌉⌋⊔⟩≀\⟩∫⊔ \⌉⊔⊒≀∇‖∫ ∫⊓}}⌉∫⊔ ⊔⟨⊣⊔ ⊔⟨⌉† ⇕⊣† ⌊⌉ √⊣∇⊔⟩⌋⊓↕⊣∇↕† ⊒⌉↕↕↖∫⊓⟩⊔⌉⌈ {≀∇ ⇕≀⌈↖ ⌉↕⟩\} \⌉⊓∇≀√∫†⌋⟨≀↕≀}⟩⌋⊣↕ √⟨⌉\≀⇕⌉\⊣ ⇐A↕↕√≀∇⊔⇔ ∞∃∀▽⇒↙ ⊖M≀⌈⊓↕⊣∇⪰ ⊔⟨⌉≀∇⟩⌉∫ ≀{ ⌋≀}\⟩⊔⟩⊑⌉ √∇≀⌋⌉∫∫⌉∫ ⌋⊣\ ⌊⌉ ⌉§√∇⌉∫∫⌉⌈ \⊣⊔⊓∇⊣↕↕† ⌊† ⌈⌉⌈⟩⌋⊣⊔⟩\} ∫⌉√⊣∇⊣⊔⌉ }∇≀⊓√∫ ≀{ ⊓\⟩⊔∫ ⊔≀ ∇⌉√∇⌉∫⌉\⊔ ⌈⟩{{⌉∇⌉\⊔ ⊔†√⌉∫ ≀{ ⟩\{≀∇⇕⊣⊔⟩≀\↙ I\ ⊔⟨⟩∫ ⊒⊣† ⊔⟨⌉ ⊣√√∇≀⊣⌋⟨ ⌋⊣\ ⌊⌉ ⊑⟩⌉⊒⌉⌈ ⊣∫ ⊣\ ⌉↕⊣⌊≀∇⊣⊔⟩≀\ ≀{⇔ ∇⊣⊔⟨⌉∇ ⊔⟨⊣\ ⊣↕⊔⌉∇\⊣⊔⟩⊑⌉ ⊔≀⇔ ⇕≀∇⌉ ⊔∇⊣⌈⟩⊔⟩≀\⊣↕ ⊖⌊≀§↖⊣\⌈↖⊣∇∇≀⊒⪰ ⊔⟨⌉≀∇⟩‡⟩\} ⊒⟩⊔⟨⟩\ ⌋≀}\⟩⊔⟩⊑⌉ \⌉⊓∇≀√∫†⌋⟨≀↕≀}† ⇐⌋{↙ S⌉⟩⌈⌉\⌊⌉∇}⇔ ∞∃∀∀⇒↙ A↕∫≀⇔ √⊣∇⊔⟩⊣↕ ↕⌉∫⟩≀\∫ ≀{ \⌉⊓∇≀↕≀}⟩⌋⊣↕ ⊣∇⌉⊣∫ ⊣\⌈ √⊣⊔⟨⊒⊣†∫ ⌋⊣\ ⌊⌉ ⇕≀⌈⌉↕⌉⌈ ⟩\ ⊣ ∫⊔∇⊣⟩}⟨⊔{≀∇⊒⊣∇⌈ ⊒⊣† ⌊† ∇⌉⇕≀⊑⟩\} ⊣ √∇≀√≀∇⊔⟩≀\ ≀{ ⊓\⟩⊔∫ ⟩\ ⊣ }∇≀⊓√ ⊣\⌈∝≀∇ ⌋≀\\⌉⌋⊔⟩≀\∫ ⌊⌉⊔⊒⌉⌉\ }∇≀⊓√∫↙ I\ ⌋≀\⊔∇⊣∫⊔⇔ ∫⟩⇕⊓↕⊣⊔⟩≀\∫ ≀{ \⌉⊓∇≀√∫†⌋⟨≀↕≀}⟩⌋⊣↕ ⊘\⌈⟩\}∫ ⊒⟩⊔⟨⟩\ ⇕≀∇⌉ ⊔∇⊣⌈⟩⊔⟩≀\⊣↕ ⌋≀⇕√⊓⊔⊣⊔⟩≀\⊣↕ {≀∇⇕⊣↕⟩∫⇕∫ ⇐⌉↙}↙ K≀∫∫↕†\ ⌉⊔ ⊣↕↙⇔ ∞∃∃′⇒ ⇕⊓∫⊔ ⊔†√⟩⌋⊣↕↕† ⇕⊣‖⌉ ⇕≀∇⌉ ∫√⌉⌋⟩⊘⌋ ⊣∫∫⊓⇕√⊔⟩≀\∫ ⊣⌊≀⊓⊔ ⟨≀⊒ ⌈⊣⇕⊣}⌉ ⊣{{⌉⌋⊔∫ √⊣∇⊔⟩⌋⊓↕⊣∇ ⌋≀⇕√≀\⌉\⊔∫ ≀{ ⊔⟨⌉ ∫†∫⊔⌉⇕↙ F⊓∇⊔⟨⌉∇⇕≀∇⌉⇔ ∫⟩\⌋⌉ ‖\≀⊒↕⌉⌈}⌉ ⊣\⌈ √∇≀⌋⌉∫∫⟩\} ⟩\ ⊣ ⌋≀\↖ \⌉⌋⊔⟩≀\⟩∫⊔ \⌉⊔⊒≀∇‖ ⟩∫ ⌈⟩∫⊔∇⟩⌊⊓⊔⌉⌈ ⊣⌋∇≀∫∫ ⊣ ↕⊣∇}⌉ \⊓⇕⌊⌉∇ ≀{ ⊓\⟩⊔∫ ⊣\⌈ ⌋≀\\⌉⌋⊔⟩≀\∫⇔ √⌉∇{≀∇⇕⊣\⌋⌉ ⌈⌉}∇⊣⌈⌉∫ }∇⊣⌋⌉{⊓↕↕† ⊓\⌈⌉∇ √⊣∇⊔⟩⊣↕ ⌈⊣⇕⊣}⌉ ⇐H⟩\⊔≀\ ↘ S⌉|\≀⊒∫‖⟩⇔ ∞∃∀⇏↙ T⟨⟩∫ ⇕⌉⊣\∫ ⊔⟨⊣⊔ ⊣ ∇⊣\}⌉

∞ INTRODUCTION ▽ ≀{ ⟩\⊔⌉∇⇕⌉⌈⟩⊣⊔⌉ ∫⊔⊣⊔⌉∫ ⌊⌉⊔⊒⌉⌉\ √⌉∇{⌉⌋⊔ √⌉∇{≀∇⇕⊣\⌋⌉ ⊣\⌈ ⊔≀⊔⊣↕ ⟩⇕√⊣⟩∇⇕⌉\⊔ ⌋⊣\ ≀⌋⌋⊓∇↙ T≀}⌉⊔⟨⌉∇ ⊒⟩⊔⟨ ⊔⟨⌉ ∇⟩⌋⟨\⌉∫∫ ≀{ ⊔⟨⌉ ⌋≀⇕√⊓⊔⊣⊔⟩≀\⊣↕ {≀∇⇕⊣↕⟩∫⇕⇔ ⊔⟨⟩∫ ⊣↕↕≀⊒∫ ⌊⌉⟨⊣⊑⟩≀∇ ⇕≀∇⌉ ⌈⌉⊔⊣⟩↕⌉⌈ ⊔⟨⊣\ ⊔⟨⌉ ∫⟩⇕√↕⌉ √∇⌉∫⌉\⌋⌉ ≀∇ ⊣⌊∫⌉\⌋⌉ ≀{ ⊣⌊⟩↕⟩⊔⟩⌉∫ ⊔≀ ⌊⌉ ⟩\⊑⌉∫⊔⟩}⊣⊔⌉⌈ ⇐P⊣⊔⊔⌉∇∫≀\⇔ ∞∃∃′⇒↙ A \⊓⇕⌊⌉∇ ≀{ ⊣⊓⊔⟨≀∇∫ ⟨⊣⊑⌉ ⊣⊔⊔⌉⇕√⊔⌉⌈ ⊔≀ ⌉§√↕⊣⟩\ √⊣⊔⟩⌉\⊔ ⌊⌉⟨⊣⊑⟩≀∇ ⌊⊣∫⌉⌈ ≀\ ⟩\⊔⊓⟩⊔⟩≀\∫ ⊣⌊≀⊓⊔ ⟨≀⊒ ⌋≀\\⌉⌋⊔⟩≀\⟩∫⊔ \⌉⊔⊒≀∇‖∫ ≀∇ ≀⊔⟨⌉∇ ⊖⌋⊣∫⌋⊣⌈⌉⌈⪰ ∫†∫⊔⌉⇕∫ ⇐M⌋C↕⌉↕↕⊣\⌈⇔ ∞∃∃⇒ ⊒≀⊓↕⌈ ⌊⌉⟨⊣⊑⌉ ⊓\⌈⌉∇ ⌈⊣⇕⊣}⌉⇔ ⊒⟩⊔⟨≀⊓⊔ ⊣⌋⊔⊓⊣↕↕† ⌋⊣∇∇†⟩\} ≀⊓⊔ ⊔⟨⌉ ∫⟩⇕⊓↕⊣⊔⟩≀\∫ ⇐⌉↙}↙ M⟩↕↕⌉∇ ↘ E↕↕⟩∫⇔ ∞∃∀∅ R⟩⌈⌈≀⌋⟨ ↘ H⊓⇕√⟨∇⌉†∫⇔ ∞∃∀∅ S⟨⊣↕↕⟩⌋⌉ ↘ M⌋G⟩↕↕⇔ ∞∃∀∅ S⊔⌉⇕⌊⌉∇}⌉∇⇔ ∞∃∀▽⇒↙ H≀⊒⌉⊑⌉∇⇔ ⊔⟨⌉ ⟨⟩}⟨↕† ⌈⟩∫⊔∇⟩⌊⊓⊔⌉⌈ ⊣\⌈ ⌈†\⊣⇕⟩⌋⊣↕ \⊣⊔⊓∇⌉ ≀{ ⊔⟨⌉∫⌉ \⌉⊔⊒≀∇‖∫ ⇕⊣‖⌉∫ ∫⊓⌋⟨ ⊓\⊑⌉∇⟩⊘⌉⌈ √∇⌉⌈⟩⌋⊔⟩≀\∫ ∫≀⇕⌉⊒⟨⊣⊔ ∫⊓∫√⌉⌋⊔↙ M≀∇⌉ ∇⌉⌋⌉\⊔↕†⇔ ⊣ {⌉⊒ ∇⌉∫⌉⊣∇⌋⟨⌉∇∫ ⟨⊣⊑⌉ ⌊⌉}⊓\ ⊔≀ ⌉§√↕≀∇⌉ ⊔⟨⌉ ⌋≀∇∇⌉∫√≀\⌈⌉\⌋⌉ ≀{ ⊔⟨⌉ ⌊⌉⟨⊣⊑⟩≀∇ ≀{ ⌈⊣⇕⊣}⌉⌈ ⌋≀\\⌉⌋⊔⟩≀\⟩∫⊔ \⌉⊔⊒≀∇‖∫ ⊣\⌈ √⊣⊔⟩⌉\⊔ ⌊⌉⟨⊣⊑⟩≀∇⇔ √∇⟩⇕⊣∇⟩↕† ⟩\ ⊔⟨⌉ ⌈≀⇕⊣⟩\ ≀{ ⊣⌋∐⊓⟩∇⌉⌈ ⌈†∫↕⌉§⟩⊣↙ M≀‡⌉∇ ↘ B⌉⟨∇⇕⊣\\ ⇐∞∃∃′⇒ ∇⌉√∇≀⌈⊓⌋⌉⌈ ⊣∫√⌉⌋⊔∫ ≀{ \⌉}↕⌉⌋⊔ ⌈†∫↕⌉§⟩⊣ ⟩\ ⊣ √∇⌉↖⌉§⟩∫⊔⟩\} ⌋≀\\⌉⌋⊔⟩≀\⟩∫⊔ ⇕≀⌈⌉↕ ≀{ ⊒≀∇⌈ ∇⌉⌋≀}\⟩⊔⟩≀\ ⇐M≀‡⌉∇⇔ ∞∃∃′⇒ ⌊† ⌈⟩∫∇⊓√⊔⟩\} ⟩⊔∫ ⊣⊔⊔⌉\⊔⟩≀\⊣↕ ⇕⌉⌋⟨⊣\⟩∫⇕↙ P⊣⊔⊔⌉∇∫≀\ ⌉⊔ ⊣↕↙ ⇐∞∃∃′⇒ ⊣⊔⊔⌉⇕√⊔⌉⌈ ⊔≀ ⇕≀⌈⌉↕ ⊣ {≀∇⇕ ≀{ ∫⊓∇{⊣⌋⌉ ⌈†∫↕⌉§⟩⊣ ⌊† ⌈⊣⇕⊣}⟩\} ⊣ \⌉⊔⊒≀∇‖ ⇕≀⌈⌉↕ ≀{ ⊒≀∇⌈ √∇≀\⊓\⌋⟩⊣⊔⟩≀\ ⊔⟨⊣⊔ ⟨⊣⌈ ⌊⌉⌉\ √∇⌉⊑⟩≀⊓∫↕† ⌈⌉⇕≀\∫⊔∇⊣⊔⌉⌈ ⊔≀ ⊣⌋⌋≀⊓\⊔ {≀∇ ⊣ ⊒⟩⌈⌉ ∇⊣\}⌉ ≀{ ⌉{{⌉⌋⊔∫ ⟩\ \≀∇⇕⊣↕ ∇⌉⊣⌈⟩\} ⇐S⌉⟩⌈⌉\⌊⌉∇} ↘ M⌋C↕⌉↕↕⊣\⌈⇔ ∞∃∀∃⇒↙ I\ ⊣⌈⌈⟩⊔⟩≀\⇔ ⊣ \⊓⇕⌊⌉∇ ≀{ ≀⊔⟨⌉∇ ⟩\⊑⌉∫⊔⟩}⊣⊔⟩≀\∫ ⊣∇⌉ ⊓\⌈⌉∇⊒⊣† ⟩\ ≀⊔⟨⌉∇ ⌈≀⇕⊣⟩\∫ ⇐⌉↙}↙ F⊣∇⊣⟨ ↘ M⌋C↕⌉↕↕⊣\⌈⇔ ⟩\ √∇⌉∫∫∅ P↕⊣⊓⊔ ↘ S⟨⊣↕↕⟩⌋⌉⇔ N≀⊔⌉ △⇒↙ W⟨⟩↕⌉ ⊔⟨⌉ ∫⊓⌋⌋⌉∫∫⌉∫ ≀{ ⊔⟨⌉∫⌉ ⟩\⟩⊔⟩⊣↕ ⌈⌉⇕≀\∫⊔∇⊣⊔⟩≀\∫ ⊣∇⌉ ⌋⌉∇⊔⊣⟩\↕† ↕⟩⇕⟩⊔⌉⌈⇔ ⊔⟨⌉† ⊣∇⌉ ∫⊓{⊘⌋⟩⌉\⊔↕† ⌉\⌋≀⊓∇⊣}⟩\} ⊔≀ ⊒⊣∇∇⊣\⊔ ⊣\ ⊣⊔⊔⌉⇕√⊔ ⊔≀ ⊓\⌈⌉∇∫⊔⊣\⌈ ⟩\ ⊣ ⇕≀∇⌉ }⌉\⌉∇⊣↕ ⊒⊣† ⊔⟨⌉ ∫⊔∇⌉\}⊔⟨∫ ⊣\⌈ ↕⟩⇕⟩⊔⊣⊔⟩≀\∫ ≀{ ⌋≀\\⌉⌋⊔⟩≀\⟩∫⊔ \⌉⊓∇≀√∫†⌋⟨≀↕≀}†↙ M⊓⌋⟨ ≀{ ⊔⟨⌉ ⟩\⟩⊔⟩⊣↕ ⇕≀⊔⟩⊑⊣⊔⟩≀\ {≀∇ √⊓∇∫⊓⟩\} ⊣ ⌋≀\\⌉⌋⊔⟩≀\⟩∫⊔ ⊣⌋⌋≀⊓\⊔ ≀{ ⌈⌉⌉√ ⌈†∫↕⌉§⟩⊣ ⌋≀⇕⌉∫ ≀⊓⊔ ≀{ √∇⌉↕⟩⇕⟩\⊣∇† ⊒≀∇‖ ⌊† H⟩\⊔≀\ ↘ S⌉|\≀⊒∫‖⟩ ⇐∞∃∀⇏ ≀\ ⊔⟨⌉ ⌉{{⌉⌋⊔∫ ≀{ ⌈⊣⇕⊣}⌉ ⟩\ \⌉⊔⊒≀∇‖∫↙ T⟨⌉† ⊒⌉∇⌉ \≀⊔ √∇⟩⇕⊣∇⟩↕† ⌋≀\⌋⌉∇\⌉⌈ ⊒⟩⊔⟨ ⇕≀⌈⌉↕⟩\} ⌈⌉⌉√ ⌈†∫↕⌉§⟩⊣⇔ ⌊⊓⊔ ∇⊣⊔⟨⌉∇ ⊒⟩⊔⟨ ⟩\⊑⌉∫⊔⟩}⊣⊔⟩\} ⟨≀⊒ ⌈⟩∫⊔∇⟩⌊⊓⊔⌉⌈ ∇⌉√∇⌉∫⌉\⊔⊣⊔⟩≀\∫ ⌋⊣\ ⇕⌉⌈⟩⊣⊔⌉ ⟩\ ⇕⊣√√⟩\} ⌊⌉⊔⊒⌉⌉\ ⊣∇⌊⟩⊔∇⊣∇⟩↕† ∇⌉↕⊣⊔⌉⌈ ⌈≀⇕⊣⟩\∫ ⇐H⟩\⊔≀\ ⌉⊔ ⊣↕↙⇔ ∞∃∀⇏↙ T⟨⌉ ⊔⊣∫‖ ⊔⟨⌉† ⌋⟨≀∫⌉ ⊒⊣∫ ⊣ ⟨⟩}⟨↕† ∫⟩⇕√↕⟩⊘⌉⌈ ⊑⌉∇∫⟩≀\ ≀{ ⇕⊣√√⟩\} ≀∇⊔⟨≀}∇⊣√⟨† ⊔≀ ∫⌉⇕⊣\⊔⟩⌋∫¬ ⌉⊣⌋⟨ ≀{ ∈′ ⊔⟨∇⌉⌉↖↕⌉⊔⊔⌉∇ ⊒≀∇⌈∫ ⊒⊣∫ ⊔≀ ⌊⌉ ⊣∫∫≀⌋⟩⊣⊔⌉⌈ ⊒⟩⊔⟨ ⊣\ ⊣∇⌊⟩⊔∇⊣∇† ∫⌉⇕⊣\⊔⟩⌋∫ ⌋≀\∫⟩∫⊔⟩\} ≀{ ⊣ ∇⊣\⌈≀⇕ ∫⊓⌊∫⌉⊔ ≀{ ∋′ ∫⌉⇕⊣\⊔⟩⌋ {⌉⊣⊔⊓∇⌉∫↙ T⟨⌉ \⌉⊔⊒≀∇‖ ⊓∫⌉⌈ ⊔≀ ⊣⌋⌋≀⇕√↕⟩∫⟨ ⊔⟨⌉ ⇕⊣√√⟩\} ⟨⊣⌈ ⊔⟨∇⌉⌉ ↕⊣†⌉∇∫ ≀{ ⊓\⟩⊔∫↙ T⟨⟩∇⊔† ⊖}∇⊣√⟨⌉⇕⌉⪰ ⊓\⟩⊔∫⇔ ⟩\ ⊔⟨∇⌉⌉ }∇≀⊓√∫ ≀{ ∞′⇔ ∇⌉√∇⌉∫⌉\⊔⌉⌈ ⊔⟨⌉ ⊔⟨∇⌉⌉ ↕⌉⊔⊔⌉∇∫ ≀{ ⌉⊣⌋⟨ ⊒≀∇⌈↙ T⟨⌉∫⌉ ⊓\⟩⊔∫ ⊒⌉∇⌉ {⊓↕↕† ⌋≀\\⌉⌋⊔⌉⌈ ⊔≀ ∈′ ⊖⟩\⊔⌉∇⇕⌉⌈⟩⊣⊔⌉⪰ ⊓\⟩⊔∫⇔ ⊒⟨⟩⌋⟨ ⟩\ ⊔⊓∇\ ⊒⌉∇⌉ {⊓↕↕† ⌋≀\\⌉⌋⊔⌉⌈ ⊔≀ ∋′ ⊖∫⌉⇕⌉⇕⌉⪰ ⊓\⟩⊔∫⇔ ≀\⌉ {≀∇ ⌉⊣⌋⟨ ∫⌉⇕⊣\⊔⟩⌋ {⌉⊣⊔⊓∇⌉↙ I\ ⊣⌈⌈⟩⊔⟩≀\⇔ ⊔⟨⌉ ∫⌉⇕⌉⇕⌉ ⊓\⟩⊔∫ ⊒⌉∇⌉ {⊓↕↕† ⟩\⊔⌉∇⌋≀\\⌉⌋⊔⌉⌈↙ T⟨⌉ ⊓\⟩⊔∫ √∇≀⌈⊓⌋⌉⌈ ∫⊔≀⌋⟨⊣∫⊔⟩⌋ ⌊⟩\⊣∇† ≀⊓⊔√⊓⊔ ⊣\⌈ ⊣↕↕ ⌋≀\\⌉⌋⊔⟩≀\∫ ⊒⌉∇⌉ ∫†⇕⇕⌉⊔∇⟩⌋↙ T⟨⌉ \⌉⊔⊒≀∇‖ ⊒⊣∫ ⊔∇⊣⟩\⌉⌈ ⊒⟩⊔⟨ ⊔⟨⌉ B≀↕⊔‡⇕⊣\\ M⊣⌋⟨⟩\⌉ ↕⌉⊣∇\⟩\} √∇≀⌋⌉⌈⊓∇⌉ ⇐A⌋‖↕⌉† ⌉⊔ ⊣↕↙⇔ ∞∃∀▽⇒ ⊔≀ ∫⌉⊔⊔↕⌉ ⟩\⊔≀ ⊔⟨⌉ ⌋≀∇∇⌉⌋⊔ √⊣⊔⊔⌉∇\ ≀{ ⊣⌋⊔⟩⊑⟩⊔† ≀⊑⌉∇ ⊔⟨⌉ ∫⌉⇕⌉⇕⌉ ⊓\⟩⊔∫ {≀∇ ⌉⊣⌋⟨ ⊒≀∇⌈ ⊒⟨⌉\ ⊔⟨⌉ }∇⊣√⟨⌉⇕⌉ ⊓\⟩⊔∫ {≀∇ ⊔⟨⌉ ↕⌉⊔⊔⌉∇∫ ≀{ ⊔⟨⌉ ⊒≀∇⌈ ⊒⌉∇⌉ ⌋↕⊣⇕√⌉⌈ ≀\↙ T⟨⌉ ⊓\⌈⊣⇕⊣}⌉⌈ \⌉⊔⊒≀∇‖ √⌉∇{≀∇⇕⌉⌈ ⊔⟨⌉ ⊔⊣∫‖ ⊣↕⇕≀∫⊔ √⌉∇{⌉⌋⊔↕†⇔ ⌊⊓⊔ ⊒⟨⌉\ ∫⟩\}↕⌉ ⟩\⊔⌉∇⇕⌉⌈⟩⊣⊔⌉ ⊓\⟩⊔∫ ⊒⌉∇⌉ ∇⌉⇕≀⊑⌉⌈⇔ ∞↙△↗ ≀{ ⊔⟨⌉ ∇⌉∫√≀\∫⌉∫ ≀{ ⊔⟨⌉ \⌉⊔⊒≀∇‖ ⊒⌉∇⌉ ⟩\⌋≀∇∇⌉⌋⊔↙ I\⊔⌉∇⌉∫⊔⟩\}↕†⇔ ▽∃↗ ≀{ ⊔⟨⌉∫⌉ ⟩\⌋≀∇∇⌉⌋⊔ ∇⌉∫√≀\∫⌉∫ ⊒⌉∇⌉ ⊔⟨⌉ ⌉§⊣⌋⊔ ∫⌉⇕⊣\⊔⟩⌋∫ ≀{ ⊣\ ⊣↕⊔⌉∇\⊣⊔⟩⊑⌉ ⊒≀∇⌈⇔ ⊣\⌈ ⊔⟨⌉∫⌉ ⊖⊒≀∇⌈⪰ ⌉∇∇≀∇∫ ⊒⌉∇⌉ ⇕≀∇⌉ ∫⌉⇕⊣\⊔⟩⌋⊣↕↕† ⊣\⌈ ⊑⟩∫⊓⊣↕↕† ∫⟩⇕⟩↕⊣∇ ⊔≀ ⊔⟨⌉ ⌋≀∇∇⌉⌋⊔ ⊒≀∇⌈ ⊔⟨⊣\ ⊒≀⊓↕⌈ ⌊⌉ ⌉§√⌉⌋⊔⌉⌈ ⌊† ⌋⟨⊣\⌋⌉↙ H⟩\⊔≀\ ↘ S⌉|\≀⊒∫‖⟩ ⟩\⊔⌉∇√∇⌉⊔ ⊔⟨⟩∫ ⌊⌉⟨⊣⊑⟩≀∇ ⟩\ ⊔⟨⌉ {≀↕↕≀⊒⟩\} ⊒⊣†↙ I\⊔⌉∇⊣⌋⊔⟩≀\∫ ⊣⇕≀\} ⊔⟨⌉ ∫⌉⇕⌉⇕⌉ ⊓\⟩⊔∫ ⌉\⊣⌊↕⌉ ⊔⟨⌉⇕ ⊔≀ ⊖⌋↕⌉⊣\↖⊓√⪰ ⊣\ ⟩\⟩⊔⟩⊣↕↕† \≀⟩∫† ≀∇ ⟩\⌋≀⇕√↕⌉⊔⌉ √⊣⊔⊔⌉∇\ ≀{ ∫⌉⇕⊣\⊔⟩⌋ ⊣⌋⊔⟩⊑⟩⊔† ⟩\⊔≀ ⊔⟨⌉ √⊣⊔⊔⌉∇\ ⌋≀∇∇⌉∫√≀\⌈⟩\} ⊔≀ ⊔⟨⌉ ⌉§⊣⌋⊔ ∫⌉⇕⊣\⊔⟩⌋∫ ≀{ ⊔⟨⌉ ⟩\√⊓⊔ ⊒≀∇⌈↙ U\⌈⌉∇ \≀∇⇕⊣↕ ≀√⌉∇⊣⊔⟩≀\ ⊔⟨⟩∫ ⟩\⟩⊔⟩⊣↕ √⊣⊔⊔⌉∇\ ⟩∫ ⊣↕⊒⊣†∫ ⌋↕≀∫⌉∇ ⊔≀ ⊔⟨⌉ ∫⌉⇕⊣\⊔⟩⌋∫ ≀{ ⊔⟨⌉ ⌋≀∇∇⌉⌋⊔ ⊒≀∇⌈ ⊔⟨⊣\ ⊔≀ ⊔⟨⊣⊔ ≀{ ⊣\† ≀⊔⟨⌉∇⇔ ⊣\⌈ ∫≀ ⊔⟨⌉ ⌋↕⌉⊣\↖⊓√ ⟩\⊔⌉∇⊣⌋⊔⟩≀\∫ √∇≀⌈⊓⌋⌉ ⊣ ⌋≀∇∇⌉⌋⊔ ∇⌉∫√≀\∫⌉↙ H≀⊒⌉⊑⌉∇⇔ ⊔⟨⌉ ⌈⊣⇕⊣}⌉⌈ \⌉⊔⊒≀∇‖ ≀⌋⌋⊣∫⟩≀\⊣↕↕† √∇≀⌈⊓⌋⌉∫ ⊣\ ⟩\⟩⊔⟩⊣↕ √⊣⊔⊔⌉∇\ ≀{ ∫⌉⇕⊣\⊔⟩⌋ ⊣⌋⊔⟩⊑⟩⊔† ⊔⟨⊣⊔ ⟩∫ ⌋↕≀∫⌉∇ ⊔≀ ⊔⟨⌉ ⇕⌉⊣\⟩\} ≀{ ⊣\≀⊔⟨⌉∇ ⊒≀∇⌈⇔ ⊓∫⊓⊣↕↕† ≀\⌉ ⊔⟨⊣⊔ ∫⟨⊣∇⌉∫ ↕⌉⊔⊔⌉∇∫ ⊣\⌈∝≀∇ ∫⌉⇕⊣\⊔⟩⌋ {⌉⊣⊔⊓∇⌉∫ ⊒⟩⊔⟨ ⊔⟨⌉ ⌋≀∇∇⌉⌋⊔ ⊒≀∇⌈↙ W⟨⌉\ ∫⌉⇕⊣\⊔⟩⌋ ⌋↕⌉⊣\↖⊓√ ⟩∫ ⊣√√↕⟩⌉⌈ ⟩\ ⊔⟨⌉∫⌉ ⌋⊣∫⌉∫ ⊔⟨⌉ \⌉⊔⊒≀∇‖ √∇≀⌈⊓⌋⌉∫ ⊔⟨⌉ ⌉§⊣⌋⊔ ∫⌉⇕⊣\⊔⟩⌋∫ ≀{ ⟩\⌋≀∇∇⌉⌋⊔ ⊒≀∇⌈∫↙ T⟨⊓∫ ↕⌉∫⟩≀\∫ ≀{

∞ INTRODUCTION ≀\⌉ ≀{ ⊣ ∫⌉⊔ ≀{ ⊓\⟩⊔∫ ∇⌉∫⊓↕⊔ ⟩\ ⊒≀∇⌈ ⌉∇∇≀∇∫ ⊔⟨⊣⊔ ⊔⌉\⌈ ≀\ ⊣⊑⌉∇⊣}⌉ ⊔≀ ⌊⌉ ⌊≀⊔⟨ ∫⌉⇕⊣\⊔⟩⌋⊣↕↕† ⊣\⌈ ⊑⟩∫⊓⊣↕↕† ∇⌉↕⊣⊔⌉⌈ ⊔≀ ⊔⟨⌉ ⌋≀∇∇⌉⌋⊔ ⊒≀∇⌈↙ W⟨⟩↕⌉ H⟩\⊔≀\ ↘ S⌉|\≀⊒∫‖⟩≃∫ ⌈⌉⇕≀\∫⊔∇⊣⊔⟩≀\ ⊒⊣∫ ⟨⟩}⟨↕† ∫⟩⇕√↕⟩⊘⌉⌈⇔ ⟩⊔ ∫⟨≀⊒⌉⌈ ⊔⟨⊣⊔ ⌈⊣⇕⊣}⌉ ⊔≀ ⊣ \⌉⊔⊒≀∇‖ ⊔⟨⊣⊔ ⇕⊣√∫ ≀∇⊔⟨≀}∇⊣√⟨† ⊔≀ ∫⌉⇕⊣\⊔⟩⌋∫ ⌋⊣\ √∇≀⌈⊓⌋⌉ ⊣ √⊣⊔⊔⌉∇\ ≀{ ⌉∇∇≀∇∫ ⊒⟩⊔⟨ ∫≀⇕⌉ ∫⟩⇕⟩↕⊣∇⟩⊔† ⊔≀ ⊔⟨⊣⊔ ⇕⊣⌈⌉ ⌊† ⌈⌉⌉√ ⌈†∫↕⌉§⟩⌋∫↙ ∞↙∋ A √∇⌉↕⟩⇕⟩\⊣∇† ⌋≀\\⌉⌋⊔⟩≀\⟩∫⊔ ⇕≀⌈⌉↕ ≀{ ⌈⌉⌉√ ⌈†∫↕⌉§⟩⊣ B⊣∫⌉⌈ ≀\ ⊔⟨⟩∫ √∇≀⇕⟩∫⟩\} ⟩\⟩⊔⟩⊣↕ ⊒≀∇‖⇔ H⟩\⊔≀\ ↘ S⟨⊣↕↕⟩⌋⌉ ⇐∞∃∃∞⇔ ⟨⌉∇⌉⊣{⊔⌉∇ H↘S⇒ ⊓\⌈⌉∇⊔≀≀‖ ⊔≀ ⇕≀⌈⌉↕ ⊔⟨⌉ ⌉∇∇≀∇ √⊣⊔⊔⌉∇\ ≀{ ⌈⌉⌉√ ⌈†∫↕⌉§⟩⊣ ⇕≀∇⌉ ⊔⟨≀∇≀⊓}⟨↕†↙ D⌉⊑⌉↕≀√⟩\} ⊔⟨⌉ ⇕≀⌈⌉↕ ⟩\⊑≀↕⊑⌉⌈ ⇕⊣‖⟩\} {≀⊓∇ ∫⌉⊔∫ ≀{ ⌈⌉∫⟩}\ ⌈⌉⌋⟩∫⟩≀\∫ ⊔⟨⊣⊔ ⊣√√↕† ⊔≀ ⊔⟨⌉ ⌈⌉⊑⌉↕≀√⇕⌉\⊔ ≀{ ⊣\† ⌋≀\\⌉⌋⊔⟩≀\⟩∫⊔ ∫⟩⇕⊓↕⊣⊔⟩≀\¬ • T⟨⌉ ⊔⊣∫‖¬ W⟨⊣⊔ ⟩\√⊓⊔∝≀⊓⊔√⊓⊔ √⊣⟩∇∫ ⟩∫ ⊔⟨⌉ \⌉⊔⊒≀∇‖ ⊔∇⊣⟩\⌉⌈ ≀\ ⊣\⌈ ⟨≀⊒ ⊣∇⌉ ⊔⟨⌉† ∇⌉√∇⌉∫⌉\⊔⌉⌈ ⊣∫ √⊣⊔⊔⌉∇\∫ ≀{ ⊣⌋⊔⟩⊑⟩⊔† ≀⊑⌉∇ }∇≀⊓√∫ ≀{ ⟩\√⊓⊔ ⊣\⌈ ≀⊓⊔√⊓⊔ ⊓\⟩⊔∫⊥ • T⟨⌉ \⌉⊔⊒≀∇‖ ⊣∇⌋⟨⟩⊔⌉⌋⊔⊓∇⌉¬ W⟨⊣⊔ ⊔†√⌉ ≀{ ⊓\⟩⊔ ⟩∫ ⊓∫⌉⌈⇔ ⟨≀⊒ ⊣∇⌉ ⊔⟨⌉ ⊓\⟩⊔∫ ≀∇}⊣\⟩‡⌉⌈ ⟩\⊔≀ }∇≀⊓√∫⇔ ⊣\⌈ ⟩\ ⊒⟨⊣⊔ ⇕⊣\\⌉∇ ⊣∇⌉ ⊔⟨⌉ }∇≀⊓√∫ ⌋≀\\⌉⌋⊔⌉⌈⊥ • T⟨⌉ ⊔∇⊣⟩\⟩\} √∇≀⌋⌉⌈⊓∇⌉¬ H≀⊒ ⊣∇⌉ ⌉§⊣⇕√↕⌉∫ √∇⌉∫⌉\⊔⌉⌈ ⊔≀ ⊔⟨⌉ \⌉⊔⊒≀∇‖⇔ ⊒⟨⊣⊔ √∇≀⌋⌉⌈⊓∇⌉ ⟩∫ ⊓∫⌉⌈ ⊔≀ ⊣⌈|⊓∫⊔ ⊔⟨⌉ ⊒⌉⟩}⟨⊔∫ ⊔≀ ⊣⌋⌋≀⇕√↕⟩∫⟨ ⊔⟨⌉ ⊔⊣∫‖⇔ ⊣\⌈ ⊒⟨⊣⊔ ⟩∫ ⊔⟨⌉ ⌋∇⟩⊔⌉∇⟩≀\ {≀∇ ⟨⊣↕⊔⟩\} ⊔∇⊣⟩\⟩\}⊥ • T⟨⌉ ⊔⌉∫⊔⟩\} √∇≀⌋⌉⌈⊓∇⌉¬ H≀⊒ ⟩∫ ⊔⟨⌉ √⌉∇{≀∇⇕⊣\⌋⌉ ≀{ ⊔⟨⌉ \⌉⊔⊒≀∇‖ ⌉⊑⊣↕⊓⊣⊔⌉⌈�∫√⌉⌋⟩⊘⌋⊣↕↕†⇔ ⟨≀⊒ ⊣∇⌉ ↕⌉∫⟩≀\∫ ⌋⊣∇∇⟩⌉⌈ ≀⊓⊔ ⊣\⌈ ⟨≀⊒ ⟩∫ ⊔⟨⌉ ⌊⌉⟨⊣⊑⟩≀∇ ≀{ ⊔⟨⌉ ⌈⊣⇕⊣}⌉⌈ \⌉⊔⊒≀∇‖ ⟩\⊔⌉∇√∇⌉⊔⌉⌈ ⟩\ ⊔⌉∇⇕∫ ≀{ ≀⊑⌉∇⊔ ∇⌉∫√≀\∫⌉∫ ⊔⟨⊣⊔ ⌋⊣\ ⌊⌉ ⌋≀⇕√⊣∇⌉⌈ ⊒⟩⊔⟨ ⊔⟨≀∫⌉ ≀{ √⊣⊔⟩⌉\⊔∫⊥ T⟨⌉ {≀↕↕≀⊒⟩\} {≀⊓∇ ∫⊓⌊∫⌉⌋⊔⟩≀\∫ ⌈⌉∫⌋∇⟩⌊⌉ ⊔⟨⌉ ⌋⟨⊣∇⊣⌋⊔⌉∇⟩∫⊔⟩⌋∫ ≀{ ⊔⟨⌉ ⇕≀⌈⌉↕ ⟩\ ⊔⌉∇⇕∫ ≀{ ⌉⊣⌋⟨ ≀{ ⊔⟨⌉∫⌉ ⟩∫∫⊓⌉∫↙ T⟨⌉ ⊣⌈⌉∐⊓⊣⌋† ⊣\⌈ ↕⟩⇕⟩⊔⊣⊔⟩≀\∫ ≀{ ⊔⟨⌉∫⌉ ⌈⌉⌋⟩∫⟩≀\∫ ⊣∇⌉ ⊔⟨⌉\ ⌈⟩∫⌋⊓∫∫⌉⌈ ⊣\⌈ ∫⌉∇⊑⌉ ⊔≀ ⇕≀⊔⟩⊑⊣⊔⌉ ⊔⟨⌉ ∫⟩⇕⊓↕⊣⊔⟩≀\∫ √∇⌉∫⌉\⊔⌉⌈ ⟩\ ⊔⟨⟩∫ √⊣√⌉∇↙ ∞↙∋↙∞ T⟨⌉ ⊔⊣∫‖ H↘S ⌈⌉⊘\⌉⌈ ⊣ ⊑⌉∇∫⟩≀\ ≀{ ⊔⟨⌉ ⊔⊣∫‖ ≀{ ⇕⊣√√⟩\} ≀∇⊔⟨≀}∇⊣√⟨† ⊔≀ ∫⌉⇕⊣\⊔⟩⌋∫ ⊔⟨⊣⊔ ⟩∫ ∫≀⇕⌉⊒⟨⊣⊔ ⇕≀∇⌉ ∫≀√⟨⟩∫⊔⟩⌋⊣⊔⌉⌈ ⇐⊣↕⊔⟨≀⊓}⟨ ∫⊔⟩↕↕ {⊣∇ {∇≀⇕ ∇⌉⊣↕⟩∫⊔⟩⌋⇒ ⊔⟨⊣\ ⊔⟨⊣⊔ ⊓∫⌉⌈ ⌊† H⟩\⊔≀\ ↘ S⌉|\≀⊒∫‖⟩↙ O∇⊔⟨≀}∇⊣√⟨† ⊒⊣∫ ∇⌉√∇⌉∫⌉\⊔⌉⌈ ⟩\ ⊣ ∫⟩⇕⟩↕⊣∇ ⊒⊣†⇔ ⟩\ ⊔⌉∇⇕∫ ≀{ }∇≀⊓√∫ ≀{ √≀∫⟩⊔⟩≀\↖∫√⌉⌋⟩⊘⌋ ↕⌉⊔⊔⌉∇ ⊓\⟩⊔∫ ⇐M⌋C↕⌉↕↕⊣\⌈ ↘ R⊓⇕⌉↕⟨⊣∇⊔⇔ ∞∃∀∞⇒↙ I\ ≀∇⌈⌉∇ ⊔≀ ‖⌉⌉√ ⊔⟨⌉ ⊔⊣∫‖ ∫⟩⇕√↕⌉⇔ △′ ⊔⟨∇⌉⌉↖ ≀∇ {≀⊓∇↖↕⌉⊔⊔⌉∇ ⊒≀∇⌈∫ ⊒⌉∇⌉ ⌋⟨≀∫⌉\ ⊒⟩⊔⟨ ∇⌉∫⊔∇⟩⌋⊔⟩≀\∫ ≀\ ⊒⟨⊣⊔ ↕⌉⊔⊔⌉∇∫ ⌋≀⊓↕⌈ ≀⌋⌋⊓∇ ⟩\ ⌉⊣⌋⟨ √≀∫⟩⊔⟩≀\⇔ ∇⌉∫⊓↕⊔⟩\} ⟩\ ⊣ ⊔≀⊔⊣↕ ≀{ ∈∀ √≀∫∫⟩⌊↕⌉ }∇⊣√⟨⌉⇕⌉∫ ⇐∫⌉⌉ T⊣⌊↕⌉ ∞↙∞⇒↙ R⊣⊔⟨⌉∇ ⊔⟨⊣\ ⊣∫∫⟩}\ ⊔≀ ⌉⊣⌋⟨ ⊒≀∇⌈ ⊣ ⌋≀⇕√↕⌉⊔⌉↕† ⊣∇⌊⟩⊔∇⊣∇† ∫⌉⇕⊣\⊔⟩⌋∫⇔ H↘S ⌈⌉∫⟩}\⌉⌈ ⊣ ∫⌉⊔ ≀{ ∀̸ ∫⌉⇕⊣\⊔⟩⌋ {⌉⊣⊔⊓∇⌉∫ ⟩\⊔⌉\⌈⌉⌈ ⊔≀ ⌋⊣√⊔⊓∇⌉ ⟩\⊔⊓⟩⊔⟩⊑⌉ ∫⌉⇕⊣\⊔⟩⌋ ⌈⟩∫⊔⟩\⌋⊔⟩≀\∫ ⇐∫⌉⌉ T⊣⌊↕⌉ ∞↙∈⇒↙ O\ ⊣⊑⌉∇⊣}⌉⇔ ⊣⌊≀⊓⊔ ∞▽ ≀{ ⊔⟨⌉ ∀̸ {⌉⊣⊔⊓∇⌉∫ ⊒⌉∇⌉ √∇⌉∫⌉\⊔ ⟩\ ⊔⟨⌉ ∫⌉⇕⊣\⊔⟩⌋ ∇⌉√∇⌉∫⌉\⊔⊣⊔⟩≀\ ≀{ ⊣ ⊒≀∇⌈↙ T⟨⌉ ⊒≀∇⌈∫ ⊒⌉∇⌉ ⌋⟨≀∫⌉\ ⊔≀ {⊣↕↕ ⊒⟩⊔⟨⟩\ ⊘⊑⌉ ⌋≀\⌋∇⌉⊔⌉ ∫⌉⇕⊣\⊔⟩⌋ ⌋⊣⊔⌉}≀∇⟩⌉∫¬ ⟩\⌈≀≀∇ ≀⌊|⌉⌋⊔∫⇔ ⊣\⟩⇕⊣↕∫⇔ ⌊≀⌈† √⊣∇⊔∫⇔ {≀≀⌈∫⇔ ⊣\⌈ ≀⊓⊔⌈≀≀∇ ≀⌊|⌉⌋⊔∫↙ T⟨⌉ ⊣∫∫⟩}\⇕⌉\⊔ ≀{ ∫⌉⇕⊣\⊔⟩⌋ {⌉⊣⊔⊓∇⌉∫ ⊔≀ ⊒≀∇⌈∫ ⌉\∫⊓∇⌉⌈ ⊔⟨⊣⊔⇔ ⟩\ }⌉\⌉∇⊣↕⇔ ≀⌊|⌉⌋⊔∫ ⟩\ ⊔⟨⌉ ∫⊣⇕⌉ ⌋⊣⊔⌉}≀∇† ⊔⌉\⌈⌉⌈ ⊔≀ ⌊⌉ ⇕≀∇⌉ ∫⟩⇕⟩↕⊣∇ ⇐⟩↙⌉↙ ∫⟨⊣∇⌉⌈ ⇕≀∇⌉ {⌉⊣⊔⊓∇⌉∫⇒ ⊔⟨⊣\ ≀⌊|⌉⌋⊔∫ ⟩\ ⌈⟩{{⌉∇⌉\⊔ ⌋⊣⊔⌉}≀∇⟩⌉∫ ⇐∫⌉⌉ F⟩}⊓∇⌉ ∞↙∞⇒↙ H≀⊒⌉⊑⌉∇⇔ H↘S ⌈⟩⌈ \≀⊔ ⌈⟩∇⌉⌋⊔↕† ⌈⌉⇕≀\∫⊔∇⊣⊔⌉ ⊔⟨⊣⊔ ⊔⟨⌉⟩∇ ∫⌉⇕⊣\⊔⟩⌋ ⌋⊣⊔⌉}≀∇⟩⌉∫ {⊣⟩⊔⟨{⊓↕↕† ∇⌉⊙⌉⌋⊔ ⊔⟨⌉ ⊣⌋⊔⊓⊣↕ ∫⌉⇕⊣\⊔⟩⌋ ∫⟩⇕⟩↕⊣∇⟩⊔† ⊣⇕≀\} ⊒≀∇⌈∫↙ F⟩}⊓∇⌉ ∞↙∞ ⌋≀\⊑⌉†∫ ∫≀⇕⌉ ∫⌉\∫⌉ ≀{ ⊔⟨⌉ ∫⟩⇕⟩↕⊣∇⟩⊔† ⊒⟩⊔⟨⟩\ ⊣\⌈ ⌊⌉⊔⊒⌉⌉\ ⌋⊣⊔⌉}≀∇⟩⌉∫⇔ ⌊⊓⊔ ⊣ ⇕≀∇⌉ ⌈⟩∇⌉⌋⊔ ⟩⇕√∇⌉∫∫⟩≀\ ⌋⊣\ ⌊⌉ ≀⌊⊔⊣⟩\⌉⌈ {∇≀⇕ ⊣ {⊓↕↕ ⌈⟩∫√↕⊣† ≀{ ⊔⟨⌉ ∫⟩⇕⟩↕⊣∇⟩⊔† ⇐⟩↙⌉↙ √∇≀§⟩⇕⟩⊔† ⟩\ ∫⌉⇕⊣\⊔⟩⌋ ∫√⊣⌋⌉⇒ ≀{ ⌉⊣⌋⟨ √⊣⟩∇ ≀{ ⊒≀∇⌈∫⇔ ∫⟨≀⊒\ ⟩\ F⟩}⊓∇⌉ ∞↙∈↙ B⌉⌋⊣⊓∫⌉ ⊔⟨⌉ ⊒≀∇⌈∫ ⊣∇⌉ ≀∇⌈⌉∇⌉⌈ ⌊† ⌋⊣⊔⌉}≀∇†⇔ ⊔⟨⌉ ⌉§⊔⌉\⊔ ⊣\⌈ ⊓\⟩{≀∇⇕⟩⊔† ≀{ ⊔⟨⌉ ∫⟩⇕⟩↕⊣∇⟩⊔† ⊒⟩⊔⟨⟩\ ⌉⊣⌋⟨ ⌋⊣⊔⌉}≀∇† ⟩∫ ∇⌉⊙⌉⌋⊔⌉⌈ ⌊† ⊣\ ∀↖⌊†↖∀ ⌊↕≀⌋‖ ⊣↕≀\} ⊔⟨⌉ ⌈⟩⊣}≀\⊣↕

∞ INTRODUCTION

L⌉⊔⊔⌉∇∫ ⊣↕↕≀⊒⌉⌈ ⟩\ ⌉⊣⌋⟨ √≀∫⟩⊔⟩≀\ B C D G H L M N P R T A E I O U B C D G K M P R T W E K ↖ W≀∇⌈∫ ⟩\ ⌉⊣⌋⟨ ⌋⊣⊔⌉}≀∇† I\⌈≀≀∇ B≀⌈† O⊓⊔⌈≀≀∇ O⌊|⌉⌋⊔∫ A\⟩⇕⊣↕∫ P⊣∇⊔∫ F≀≀⌈∫ O⌊|⌉⌋⊔∫ BED BUG BACK BUN BOG CAN CAT BONE HAM DEW COT COW GUT HOCK DUNE CUP DOG HIP LIME LOG GEM HAWK LEG NUT MUD MAT PIG LIP POP PARK MUG RAM PORE PORK ROCK PAN RAT RIB RUM TOR T⊣⌊↕⌉ ∞↙∞¬ T⟨⌉ ⊒≀∇⌈∫ ⊓∫⌉⌈ ⌊† H↘S⇔ ≀∇}⊣\⟩‡⌉⌈ ⟩\⊔≀ ⌋⊣⊔⌉}≀∇⟩⌉∫↙ S⌉⇕⊣\⊔⟩⌋ {⌉⊣⊔⊓∇⌉∫ ∞ ⇕⊣§↖∫⟩‡⌉↖↕⌉∫∫↖{≀≀⊔ ∈∞ ⟩\⌈≀≀∇∫ △ ̸⇕⊣⌈⌉↖≀{↖⇕⌉⊔⊣↕ ∈ ⇕⊣§↖∫⟩‡⌉↖{≀≀⊔↖⊔≀↖⊔⊒≀↖†⊣∇⌈∫ ∈∈ ⟩\↖‖⟩⊔⌋⟨⌉\ △ ⇕⊣⌈⌉↖≀{↖⊒≀≀⌈ ∋ ⇕⊣§↖∫⟩‡⌉↖}∇⌉⊣⊔⌉∇↖⊔⊒≀↖†⊣∇⌈∫ ∈∋ ⟩\↖⌊⌉⌈∇≀≀⇕ △∀ ⇕⊣⌈⌉↖≀{↖↕⟩∐⊓⟩⌈ △ ⇕⊣⟩\↖∫⟨⊣√⌉↖∞D ∈△ ⟩\↖↕⟩⊑⟩\}∇≀≀⇕ △∃ ⇕⊣⌈⌉↖≀{↖≀⊔⟨⌉∇↖\≀\↕⟩⊑⟩\} ▽ ⇕⊣⟩\↖∫⟨⊣√⌉↖∈D ∈▽ ≀\↖}∇≀⊓\⌈ ▽′ }≀⊔↖{∇≀⇕↖√↕⊣\⊔∫ ̸⌋∇≀∫∫↖∫⌉⌋⊔⟩≀\↖∇⌉⌋⊔⊣\}⊓↕⊣∇ ∈ ̸≀\↖∫⊓∇{⊣⌋⌉ ▽∞ }≀⊔↖{∇≀⇕↖⊣\⟩⇕⊣↕∫ ⌋∇≀∫∫↖∫⌉⌋⊔⟩≀\↖⌋⟩∇⌋⊓↕⊣∇ ∈ ≀⊔⟨⌉∇⊒⟩∫⌉↖∫⊓√√≀∇⊔⌉⌈ ▽∈ √↕⌉⊣∫⊣\⊔ ∀ ⟨⊣∫↖↕⌉}∫ ∈∀ ⟩\↖⌋≀⊓\⊔∇† ▽∋ ⊓\√↕⌉⊣∫⊣\⊔ ∃ ⊒⟨⟩⊔⌉ ∈∃ {≀⊓\⌈↖⊒≀≀⌈∫ ▽△ ⇕⊣\↖⇕⊣⌈⌉ ∞′ ⌊∇≀⊒\ ∋′ {≀⊓\⌈↖\⌉⊣∇↖∫⌉⊣ ▽▽ ⌋≀\⊔⊣⟩\⌉∇ ∞∞ }∇⌉⌉\ ∋∞ {≀⊓\⌈↖\⌉⊣∇↖∫⊔∇⌉⊣⇕∫ ▽ ̸{≀∇↖⌋≀≀‖⟩\} ∞∈ ⌋≀↕≀∇↖≀⊔⟨⌉∇↖∫⊔∇≀\} ∋∈ {≀⊓\⌈↖⇕≀⊓\⊔⊣⟩\∫ ▽ {≀∇↖⌉⊣⊔⟩\}↖⌈∇⟩\‖⟩\} ∞∋ ⊑⊣∇⟩⌉⌈↖⌋≀↕≀∇∫ ∋∋ {≀⊓\⌈↖≀\↖{⊣∇⇕∫ ▽∀ {≀∇↖≀⊔⟨⌉∇ ∞△ ⊔∇⊣\√⊣∇⌉\⊔ ∋△ √⊣∇⊔↖≀{↖↕⟩⇕⌊ ▽∃ ⊓∫⌉⌈↖⊣↕≀\⌉ ∞▽ ⌈⊣∇‖ ∋▽ ∫⊓∇{⊣⌋⌉↖≀{↖⌊≀⌈† ′̸ {≀∇↖⌊∇⌉⊣‖{⊣∫⊔ ∞ ̸⟨⊣∇⌈ ∋ ̸⟩\⊔⌉∇⟩≀∇↖≀{↖⌊≀⌈† ∞̸ {≀∇↖↕⊓\⌋⟨↖⌈⟩\\⌉∇ ∞ ∫≀{⊔ ∋ ⊣⌊≀⊑⌉↖⊒⊣⟩∫⊔ ∉ {≀∇↖∫\⊣⌋‖ ∞∀ ∫⊒⌉⌉⊔ ∋∀ ⇕⊣⇕⇕⊣↕ ∌ {≀∇↖⌈∇⟩\‖ ∞∃ ⊔⊣∫⊔⌉∫↖∫⊔∇≀\} ∋∃ ⊒⟩↕⌈ △̸ √⊣∇⊔⟩⌋⊓↕⊣∇↕†↖⊣∫∫≀⌋↖⌋⟨⟩↕⌈ ∈′ ⇕≀⊑⌉∫ △′ ⊘⌉∇⌋⌉ ▽̸ √⊣∇⊔⟩⌋⊓↕⊣∇↕†↖⊣∫∫≀⌋↖⊣⌈⊓↕⊔ △∞ ⌈≀⌉∫↖⊙† ̸ ⊓∫⌉⌈↖{≀∇↖∇⌉⌋∇⌉⊣⊔⟩≀\ △∈ ⌈≀⌉∫↖∫⊒⟩⇕ ̸⟨⊓⇕⊣\ △∋ ⌈≀⌉∫↖∇⊓\ ∀̸ ⌋≀⇕√≀\⌉\⊔ △△ ↕⟩⊑⟩\} △▽ ⌋⊣∇\⟩⊑≀∇⌉ T⊣⌊↕⌉ ∞↙∈¬ S⌉⇕⊣\⊔⟩⌋ {⌉⊣⊔⊓∇⌉∫ ⊓∫⌉⌈ ⌊† H↘S↙ F⌉⊣⊔⊓∇⌉∫ ⊒⟩⊔⟨⟩\ ⊣ ⌊↕≀⌋‖ ⊒⌉∇⌉ ⌋≀\∫⟩⌈⌉∇⌉⌈ ⊖⌋↕≀∫⌉↕† ∇⌉↕⊣⊔⌉⌈⪰ {≀∇ ⊔⟨⌉ √⊓∇√≀∫⌉∫ ≀{ ⌈⌉⊔⌉∇⇕⟩\⟩\} ⊔⟨⌉ \⌉⊔⊒≀∇‖ ⊣∇⌋⟨⟩⊔⌉⌋⊔⊓∇⌉↙

∞ INTRODUCTION ∀

F⟩}⊓∇⌉ ∞↙∞¬ T⟨⌉ ⊣∫∫⟩}\⇕⌉\⊔ ≀{ ∫⌉⇕⊣\⊔⟩⌋ {⌉⊣⊔⊓∇⌉∫ ⊔≀ ⊒≀∇⌈∫ ⊓∫⌉⌈ ⌊† H↘S↙ A ⌊↕⊣⌋‖ ∇⌉⌋⊔⊣\}↕⌉ ⟩\⌈⟩⌋⊣⊔⌉∫ ⊔⟨⊣⊔ ⊔⟨⌉ ∫⌉⇕⊣\⊔⟩⌋ ∇⌉√∇⌉∫⌉\⊔⊣⊔⟩≀\ ≀{ ⊔⟨⌉ ⊒≀∇⌈ ↕⟩∫⊔⌉⌈ ≀\ ⊔⟨⌉ ↕⌉{⊔ ⌋≀\⊔⊣⟩\∫ ⊔⟨⌉ {⌉⊣⊔⊓∇⌉ ⊒⟨≀∫⌉ \⊓⇕⌊⌉∇ ⇐{∇≀⇕ T⊣⌊↕⌉ ∞↙∈⇒ ⟩∫ ↕⟩∫⊔⌉⌈ ⊣⊔ ⊔⟨⌉ ⊔≀√↙

∞ INTRODUCTION ∃

F⟩}⊓∇⌉ ∞↙∈¬ T⟨⌉ ∫⟩⇕⟩↕⊣∇⟩⊔† ⇕⊣⊔∇⟩§ {≀∇ ⊔⟨⌉ ∫⌉⇕⊣\⊔⟩⌋ ∇⌉√∇⌉∫⌉\⊔⊣⊔⟩≀\∫ ≀{ ⊒≀∇⌈∫↙ T⟨⌉ ∫⟩‡⌉ ≀{ ⌉⊣⌋⟨ ∫∐⊓⊣∇⌉ ∇⌉√∇⌉∫⌉\⊔∫ ⊔⟨⌉ √∇≀§⟩⇕⟩⊔† ≀{ ⊔⟨⌉ ∇⌉√∇⌉∫⌉\⊔⊣⊔⟩≀\∫ ≀{ ⊣ √⊣⟩∇ ≀{ ⊒≀∇⌈∫⇔ ⊒⟨⌉∇⌉ ⊔⟨⌉ ↕⊣∇}⌉∫⊔ ∫∐⊓⊣∇⌉∫ ⇐⊣↕≀\} ⊔⟨⌉ ⌈⟩⊣}≀\⊣↕⇒ ∇⌉√∇⌉∫⌉\⊔ ⊔⟨⌉ ⌋↕≀∫⌉∫⊔ √≀∫∫⟩⌊↕⌉ √∇≀§⟩⇕⟩⊔† ⇐∞↙′⇒ ⊣\⌈ ⊣ ⌊↕⊣\‖ ∫∐⊓⊣∇⌉ ∇⌉√∇⌉∫⌉\⊔∫ ⊔⟨⌉ {⊣∇⊔⟨⌉∫⊔ √≀∫∫⟩⌊↕⌉ √∇≀§⟩⇕⟩⊔† ⇐′↙′⇒↙

∞ INTRODUCTION ∞′ ≀{ ⊔⟨⌉ ⇕⊣⊔∇⟩§⇔ ⊒⟨⟩↕⌉ ⌊⌉⊔⊒⌉⌉\↖⌋⊣⊔⌉}≀∇† ∫⟩⇕⟩↕⊣∇⟩⊔† ⟩∫ ∇⌉⊙⌉⌋⊔⌉⌈ ⟩\ ≀{{↖⌈⟩⊣}≀\⊣↕ ⌊↕≀⌋‖∫↙ A \⊓⇕⌊⌉∇ ≀{ ⟩\⊔⌉∇⌉∫⊔⟩\} ⌋⟨⊣∇⊣⌋⊔⌉∇⟩∫⊔⟩⌋∫ ⊣∇⌉ ⊣√√⊣∇⌉\⊔ {∇≀⇕ ⊔⟨⌉ ∫⟩⇕⟩↕⊣∇⟩⊔† ⇕⊣⊔∇⟩§↙ W≀∇⌈∫ {≀∇ ⊖⌊≀⌈† √⊣∇⊔∫⪰ ⊣∇⌉ ∐⊓⟩⊔⌉ ∫⟩⇕⟩↕⊣∇ ⊔≀ ⌉⊣⌋⟨ ≀⊔⟨⌉∇ ⊣\⌈ ∐⊓⟩⊔⌉ ⌈⟩{{⌉∇⌉\⊔ {∇≀⇕ ⊒≀∇⌈∫ ⟩\ ≀⊔⟨⌉∇ ⌋⊣⊔⌉}≀∇⟩⌉∫↙ I\ ⌋≀\⊔∇⊣∫⊔⇔ ⊖⟩\⌈≀≀∇ ≀⌊|⌉⌋⊔∫⪰ ⊣∇⌉ \≀⊔ ⊓\⟩{≀∇⇕↕† ∫⟩⇕⟩↕⊣∇ ⊔≀ ⌉⊣⌋⟨ ≀⊔⟨⌉∇⇔ ⊣\⌈ ⇕⊣\† ⊣∇⌉ ∐⊓⟩⊔⌉ ∫⟩⇕⟩↕⊣∇ ⊔≀ ⊖{≀≀⌈∫⇔⪰ √⊣∇⊔⟩⌋⊓↕⊣∇↕† ⊔⟨≀∫⌉ ⊔⟨⊣⊔ ⊣∇⌉ ⊓∫⌉⌈ ⊒⟩⊔⟨ {≀≀⌈ ⇐⟩↙⌉↙ CUP⇔ CAN⇔ MUG⇔ PAN⇒↙ ⊖O⊓⊔⌈≀≀∇ ≀⌊|⌉⌋⊔∫⪰ ⊣↕∫≀ ⊑⊣∇† ⌋≀\∫⟩⌈⌉∇⊣⌊↕† ⟩\ ⊔⟨⌉⟩∇ ∫⟩⇕⟩↕⊣∇⟩⊔⟩⌉∫ ⊒⟩⊔⟨ ⌉⊣⌋⟨ ≀⊔⟨⌉∇⇔ ⊣\⌈ ⊣∇⌉ ≀{⊔⌉\ ⊣↕∫≀ ∫⟩⇕⟩↕⊣∇ ⊔≀ ⊖⊣\⟩⇕⊣↕∫⪰ ⇐⊒⟨⟩⌋⟨ ⊣∇⌉ ⊣↕∫≀ {≀⊓\⌈ ≀⊓⊔⌈≀≀∇∫⇒↙ H≀⊒⌉⊑⌉∇⇔ ⊔⟨⌉ ≀⊑⌉∇⊣↕↕ ∫⊔∇⌉\}⊔⟨ ≀{ ⊔⟨⌉ ⊘⊑⌉ ≀\↖⌈⟩⊣}≀\⊣↕ ⌊↕≀⌋‖∫ ∫⊓√√≀∇⊔∫ ⊔⟨⌉ ⊓∫⌉ ≀{ ⌋⊣⊔⌉}≀∇† ⇕⌉⇕⌊⌉∇∫⟨⟩√ ⊣∫ ⊣ }⌉\⌉∇⊣↕ ⇕⌉⊣∫⊓∇⌉ ≀{ ∫⌉⇕⊣\⊔⟩⌋ ∫⟩⇕⟩↕⊣∇⟩⊔†↙ A {⊓∇⊔⟨⌉∇ ∇⌉∐⊓⟩∇⌉⇕⌉\⊔ ≀{ ⊣ ∫⊣⊔⟩∫{⊣⌋⊔≀∇† ⊣√√∇≀§⟩⇕⊣⊔⟩≀\ ≀{ ⊔⟨⌉ ⊔⊣∫‖ ≀{ ⇕⊣√√⟩\} ≀∇⊔⟨≀}∇⊣√⟨† ⊔≀ ∫⌉⇕⊣\⊔⟩⌋∫ ⊔⟨⊣⊔ H↘S ⌈⟩⌈ \≀⊔ ⊑⌉∇⟩{† {≀∇ ⊔⟨⌉⟩∇ ∇⌉√∇⌉∫⌉\⊔⊣⊔⟩≀\∫ ⟩∫ ⊔⟨⊣⊔ ⊔⟨⌉ ∇⌉↕⊣⊔⟩≀\∫⟨⟩√ ⌊⌉⊔⊒⌉⌉\ ⊔⟨⌉ ⊑⟩∫⊓⊣↕ ⊣\⌈ ∫⌉⇕⊣\⊔⟩⌋ ∇⌉√∇⌉∫⌉\⊔⊣⊔⟩≀\∫ ≀{ ⊣ ⊒≀∇⌈ ⟩∫ ⟩\⌈⌉⌉⌈ ⊣∇⌊⟩⊔∇⊣∇†↙ I\ ≀⊔⟨⌉∇ ⊒≀∇⌈∫⇔ ⊔⟨⌉ ⊑⟩∫⊓⊣↕ ∫⟩⇕⟩↕⊣∇⟩⊔† ≀{ ⊔⊒≀ ⊒≀∇⌈∫ ⇐⊣∫ ⌈⌉⊘\⌉⌈ ⌊⌉↕≀⊒⇒ √∇≀⊑⟩⌈⌉∫ \≀ ⟩\{≀∇⇕⊣⊔⟩≀\ ⊣⌊≀⊓⊔ ⊔⟨⌉⟩∇ ∫⌉⇕⊣\⊔⟩⌋ ∫⟩⇕⟩↕⊣∇⟩⊔†⇔ ⊣\⌈ ⊑⟩⌋⌉ ⊑⌉∇∫⊣↙ O\⌉ ⊒⊣† ⊔≀ ⊔⌉∫⊔ ⊔⟨⌉ ⟩\⌈⌉√⌉\⌈⌉\⌋⌉ ≀{ ⊑⟩∫⊓⊣↕ ⊣\⌈ ∫⌉⇕⊣\⊔⟩⌋ ∫⟩⇕⟩↕⊣∇⟩⊔† ⟩∫ ⊔⟨⊣⊔ ⊔⟨⌉ √∇≀⌊⊣⌊⟩↕⟩⊔† ≀{ ⊣ ∇⊣\⌈≀⇕↕† ∫⌉↕⌉⌋⊔⌉⌈ ⊒≀∇⌈ √⊣⟩∇ ⌊⌉⟩\} ⌊≀⊔⟨ ⊑⟩∫⊓⊣↕↕† ⊣\⌈ ∫⌉⇕⊣\⊔⟩⌋⊣↕↕† ∫⟩⇕⟩↕⊣∇⇔ m should be approximately equal to the product of the independent probabilities of visual v and semantic s similarity▷ Among all possible nonidentical word pairs in the HςS word set m = .062 v = .36 and s = .18 so vs = .065 is roughly equal to m▷ Thus visual and semantic similarity are approximately independent in the HςS word set▷ 1▷3▷2 The network Unlike the binary stochastic units and symmetric connections used by Hinton ς Sejnowski HςS used realvalued deterministic units and oneway connections▷ The 28 grapheme units were connected to a group of 40 intermediate units which in turn were connected to the 68 sememe units▷ In order to reduce the number of connections only a random 25ϱ of the possible connections were included▷ Following Hinton ς Sejnowskiφs argument for the importance of allowing the sememe units to interact HςS introduced connections at the semantic level in two ways▷ First they added direct connections between sememe units▷ Rather than include all possible 4624 such connections only sememe units that represent closely related features ↼deαned in Table 1▷2↽ were connected▷ While these direct connections help the network ensure that sememes are locally consistent not all relationships among semantic features can be encoded by pairwise interactions alone▷ In order to allow combinations of sememes to directly inβuence each other HςS also introduced a fourth group of 60 Ψcleanupν units that receive connections from and send connections to the sememe units▷ This pathway can enforce more global consistency among semantic features▷ As in the Ψdirectν pathway from graphemes to sememes via the intermediate units only a random 25ϱ of the possible connections in this cleanup pathway were included▷ The resulting network depicted in Figure 1▷3 had about 3300 connections▷ 1▷3▷3 The training procedure The network was trained in the following way▷ The grapheme units were set to the appropriate input pattern for a word and all other units were set to 0▷2▷ The network was then run for seven iterations in which each unit updated its state once per iteration generating a pattern of activity over the sememe units▷ The network was initialized to have small random weights so that at the

Figure 1▷3. The network used by HςS▷ Notice that sets of connections are named with the initials of the names of the source and destination unit groups ↼e▷g▷ giconns for graphemetointermediate connections↽▷ beginning of training the pattern of semantic activity produced by the word was quite different from its correct semantics▷ An iterative version of the backpropagation learning procedure known as Ψbackpropagation through timeν ↼Rumelhart et al▷ 1986b↽ was used to compute the way that each weight in the network should change so as to reduce this difference for the last three iterations▷ These weight changes were calculated for each word in turn at which point the accumulated weight changes were carried out and the procedure was repeated▷ After about 1000 sweeps through the 40 words when the network was presented with each word the activity of each sememe unit was within 0▷1 of its correct value for that word at which point training was considered complete▷ 1▷3▷4 The testing procedure After training the intact network produced the correct semantics of each word when presented with its orthography▷ The network was then Ψlesionedν in three ways. ↼1↽ ablation. removing a random subset of the units in a layer ↼2↽ disconnection. removing a subset of the connections between layers and ↼3↽ noise. adding uniformly distributed random noise to the weights on connections between layers▷ Under damage the semantics produced by a word typically differed somewhat from the exact correct semantics▷ Yet even though the corrupted semantics would fail the training criteria it still might sufαce for the purposes of naming▷ HςS deαned two criteria that had to be satisαed in order for the damaged network to be considered to have made a response. 1▷ A proximity criterion ensured that the corrupted semantics was sufαciently close to the correct semantics of some word▷ Speciαcally the cosine of the angle ↼i▷e▷ normalized dot product↽ between the semantic vector produced by the network and the actual semantic vector of some word ↼in the 68dimensional space of sememes↽ had to be greater than 0▷8▷ 2▷ A gap criterion ensured that no other word matched nearly as well▷ Speciαcally the proximity to the generated semantics of the best matching word had to be at least 0▷05 larger than that of any other word▷ If either of these criteria failed the output was interpreted as an omission, otherwise the best matching word was taken as the response which either could be the correct word or an error▷

In order to compare the behavior of the network under damage with that of deep dyslexics HςS systematically lesioned sets of units or connections over a range of severity▷ For 10 instances of each lesion type all 40 words were presented to the network and omission correct and error responses were accumulated▷ As an approximation to the standard error classiαcation used for patients ↼cf▷ Morton ς Patterson 1980↽ an error was deαned to be visually similar to the input word if the two words overlapped in at least one letter and semantically similar if the two words belonged to the same category▷ Errors were then classiαed into four types. • ⊑⟩∫⊓⊣↕ ⇐V⇒¬ ∇⌉∫√≀\∫⌉∫ ⊔⟨⊣⊔ ⊣∇⌉ ⊑⟩∫⊓⊣↕↕† ⇐⌊⊓⊔ \≀⊔ ∫⌉⇕⊣\⊔⟩⌋⊣↕↕†⇒ ∫⟩⇕⟩↕⊣∇ ⊔≀ ⊔⟨⌉ ∫⊔⟩⇕⊓↕⊓∫ ⇐⌉↙}↙ CAT ⇒ ⊖⌋≀⊔⪰⇒↙ • ∫⌉⇕⊣\⊔⟩⌋ ⇐S⇒¬ ∇⌉∫√≀\∫⌉∫ ⊔⟨⊣⊔ ⊣∇⌉ ∫⌉⇕⊣\⊔⟩⌋⊣↕↕† ⇐⌊⊓⊔ \≀⊔ ⊑⟩∫⊓⊣↕↕†⇒ ∫⟩⇕⟩↕⊣∇ ⊔≀ ⊔⟨⌉ ∫⊔⟩⇕⊓↕⊓∫ ⇐⌉↙}↙ CAT ⇒ ⊖⌈≀}⪰⇒↙ • ⇕⟩§⌉⌈ ⊑⟩∫⊓⊣↕↖⊣\⌈↖∫⌉⇕⊣\⊔⟩⌋ ⇐V⇓S⇒¬ ∇⌉∫√≀\∫⌉∫ ⊔⟨⊣⊔ ⊣∇⌉ ⌊≀⊔⟨ ⊑⟩∫⊓⊣↕↕† ⊣\⌈ ∫⌉⇕⊣\⊔⟩⌋⊣↕↕† ∫⟩⇕⟩↕⊣∇ ⊔≀ ⊔⟨⌉ ∫⊔⟩⇕⊓↕⊓∫ ⇐⌉↙}↙ CAT ⇒ ⊖∇⊣⊔⪰⇒↙ • ≀⊔⟨⌉∇ ⇐O⇒¬ ∇⌉∫√≀\∫⌉∫ ⊔⟨⊣⊔ ⊣∇⌉ ⊓\∇⌉↕⊣⊔⌉⌈ ⊔≀ ⊔⟨⌉ ∫⊔⟩⇕⊓↕⊓∫ ⇐⌉↙}↙ CAT ⇒ ⊖⇕⊓}⪰⇒↙ T⊣⌊↕⌉ ∞↙∋ ∫⟨≀⊒∫ ⊔⟨⌉ ⌈⟩∫⊔∇⟩⌊⊓⊔⟩≀\ ≀{ ⌉∇∇≀∇ ⊔†√⌉∫ {≀∇ ⊣↕↕ ⊔†√⌉∫ ≀{ ↕⌉∫⟩≀\∫⇔ ∫⊓⇕⇕⌉⌈ ≀⊑⌉∇ ⟩\∫⊔⊣\⌋⌉∫ ⊒⟨⟩⌋⟨ ∇⌉∫⊓↕⊔⌉⌈ ⟩\ ⌊⌉⊔⊒⌉⌉\ ∈▽∘▽↗ ⌋≀∇∇⌉⌋⊔ ∇⌉∫√≀\∫⌉∫↙ T⟨⌉ ⇕≀∫⊔ ⟩⇕√≀∇⊔⊣\⊔ ∇⌉∫⊓↕⊔ ⟩∫ ⊔⟨⊣⊔ ⊣↕↕ ↕⌉∫⟩≀\∫ √∇≀⌈⊓⌋⌉⌈ ∫⌉⇕⊣\⊔⟩⌋⇔ ⇕⟩§⌉⌈ ⊑⟩∫⊓⊣↕↖⊣\⌈↖∫⌉⇕⊣\⊔⟩⌋⇔ ⊣\⌈ ⊑⟩∫⊓⊣↕ ⌉∇∇≀∇∫ ⊣⊔ ∇⊣⊔⌉∫ ⟨⟩}⟨⌉∇ ⊔⟨⊣\ ⊒≀⊓↕⌈ ⌊⌉ ⌉§√⌉⌋⊔⌉⌈ ⌊† ⌋⟨⊣\⌋⌉ ⇐⊒⟩⊔⟨ ⊔⟨⌉ ∫≀↕⌉ ⌉§⌋⌉√⊔⟩≀\ ≀{ ⊔⟨⌉ ↕⌉∫⟩≀\ ⊔†√⌉ ⇕≀∫⊔ ∇⌉∫⟩∫⊔⊣\⊔ ⊔≀ ⌈⊣⇕⊣}⌉⇒↙ ⊖C⟨⊣\⌋⌉⪰ ⟩∫ ⌈⌉⊔⌉∇⇕⟩\⌉⌈ ⌊† ⌋≀⇕√⊣∇⟩\} ⊔⟨⌉ ∇⊣⊔⟩≀ ≀{ ⌉⊣⌋⟨ ⌉∇∇≀∇ ∇⊣⊔⌉ ⊔≀ ⊔⟨⊣⊔ ≀{ ⊖≀⊔⟨⌉∇⪰ ⌉∇∇≀∇∫ ⊒⟩⊔⟨ ⊔⟨⌉ √∇⌉⌈⟩⌋⊔⌉⌈ ∇⊣⊔⟩≀ ⊓\⌈⌉∇ ⊔⟨⌉ ⊣∫∫⊓⇕√⊔⟩≀\ ⊔⟨⊣⊔ ⌉∇∇≀∇ ∇⌉∫√≀\∫⌉∫ ⊣∇⌉ }⌉\⌉∇⊣⊔⌉⌈ ∇⊣\⌈≀⇕↕† {∇≀⇕ ⊔⟨⌉ ⊒≀∇⌈ ∫⌉⊔↙ A↕∫≀⇔ {≀∇ ⊣↕↕ ⌊⊓⊔ ≀\⌉ ↕⌉∫⟩≀\ ⊔†√⌉�⌈⟩∫⌋≀\\⌉⌋⊔⇐⟩∫⌋≀\\∫⇒�⊔⟨⌉ \⊓⇕⌊⌉∇ ≀{ ⇕⟩§⌉⌈ ⊑⟩∫⊓⊣↕↖⊣\⌈↖∫⌉⇕⊣\⊔⟩⌋ ⌉∇∇≀∇∫ ⊒⊣∫ }∇⌉⊣⊔⌉∇ ⊔⟨⊣\ ⊒≀⊓↕⌈ ⌊⌉ ⌉§√⌉⌋⊔⌉⌈ ⟩{ ⊑⟩∫⊓⊣↕ ⊣\⌈ ∫⌉⇕⊣\⊔⟩⌋ ∫⟩⇕⟩↕⊣∇⟩⊔† ⊒⌉∇⌉ ⌋⊣⊓∫⌉⌈ ⟩\⌈⌉√⌉\⌈⌉\⊔↕†↙ F⊓∇⊔⟨⌉∇⇕≀∇⌉⇔ ⊔⟨⌉ \⌉⊔⊒≀∇‖ ∫⟨≀⊒⌉⌈ ⊣ }∇⌉⊣⊔⌉∇ ⊔⌉\⌈⌉\⌋† ⊔≀ √∇≀⌈⊓⌋⌉ ⊑⟩∫⊓⊣↕ ⌉∇∇≀∇∫ ⊒⟩⊔⟨ ⌉⊣∇↕† ⌈⊣⇕⊣}⌉ ⇐⌋↕≀∫⌉∇ ⊔≀ ⊔⟨⌉ }∇⊣√⟨⌉⇕⌉∫⇒ ⊣\⌈ ∫⌉⇕⊣\⊔⟩⌋ ⌉∇∇≀∇∫ ⊒⟩⊔⟨ ↕⊣⊔⌉∇ ⌈⊣⇕⊣}⌉ ⇐⌋↕≀∫⌉∇ ⊔≀ ⊔⟨⌉ ∫⌉⇕⌉⇕⌉∫⇒ ⊣↕⊔⟨≀⊓}⟨ ⌉⊑⌉\ ⌈⊣⇕⊣}⌉ ⌋≀⇕√↕⌉⊔⌉↕† ⊒⟩⊔⟨⟩\ ⊔⟨⌉ ∫⌉⇕⊣\⊔⟩⌋ ⌋↕⌉⊣\↖⊓√ ∫†∫⊔⌉⇕ √∇≀⌈⊓⌋⌉⌈ ⊣\ ⊣⌊≀⊑⌉↖⌋⟨⊣\⌋⌉ ∇⊣⊔⌉ ≀{ ⊑⟩∫⊓⊣↕ ⌉∇∇≀∇∫↙ I⊔ ⟩∫ ⌋↕⌉⊣∇ ⊔⟨⊣⊔ ⊔⟨⌉∫⌉ ⌉∇∇≀∇∫ ⊒⌉∇⌉ \≀⊔ √∇≀⌈⊓⌋⌉⌈ ∇⊣\⌈≀⇕↕† ⌊⌉⌋⊣⊓∫⌉ ⊔⟨⌉\ ⊔⟨⌉∇⌉ ⊒≀⊓↕⌈ ⟨⊣⊑⌉ ⌊⌉⌉\ ⊣ ⟨⟩}⟨ ∇⊣⊔⌉ ≀{ ⊖≀⊔⟨⌉∇⪰ ⌉∇∇≀∇∫ ⇐⌊⊣∫⌉⌈ ≀\ ⊔⟨⌉ ⌈⟩∫⊔∇⟩⌊⊓⊔⟩≀\ ≀{ √≀∫∫⟩⌊↕⌉ ⌉∇∇≀∇ ⊔†√⌉∫⇒⇔ ⊒⟨⌉∇⌉⊣∫ ⊣↕↕ ⌉∇∇≀∇∫ √∇≀⌈⊓⌋⌉⌈ ⌊† ⌋↕⌉⊣\↖⊓√ ⌈⊣⇕⊣}⌉ ⊒⌉∇⌉ ⌉⟩⊔⟨⌉∇ ⊑⟩∫⊓⊣↕⇔ ⇕⟩§⌉⌈ ⊑⟩∫⊓⊣↕↖⊣\⌈↖∫⌉⇕⊣\⊔⟩⌋⇔ ≀∇ ∫⌉⇕⊣\⊔⟩⌋↙ H↘S ⊣↕∫≀ ⌈⌉⇕≀\∫⊔∇⊣⊔⌉⌈ ⊔⟨⊣⊔⇔ ⌉⊑⌉\ ⊒⟨⌉\ ⊔⟨⌉ ∫⌉⇕⊣\⊔⟩⌋∫ √∇≀⌈⊓⌋⌉⌈ ⌊† ⊔⟨⌉ ∫†∫⊔⌉⇕ ⊒⌉∇⌉ ⟩\∫⊓{⊘⌋⟩⌉\⊔ ⊔≀ √↕⊣⊓∫⟩⌊↕† ⌈∇⟩⊑⌉ ⊣ ∇⌉∫√≀\∫⌉ ∫†∫⊔⌉⇕⇔ ⌉\≀⊓}⟨ ⟩\{≀∇⇕⊣⊔⟩≀\ ⊒⊣∫ ≀{⊔⌉\ ⊣⊑⊣⟩↕⊣⌊↕⌉ ⊔≀ ⇕⊣‖⌉ ⌊⌉⊔⊒⌉⌉\↖ ⊣\⌈ ⊒⟩⊔⟨⟩\↖⌋⊣⊔⌉}≀∇† ⌈⟩∫⌋∇⟩⇕⟩\⊣⊔⟩≀\∫↙ F≀∇ ⟩\∫⊔⊣\⌋⌉⇔ ∇⌉⇕≀⊑⟩\} ⊣↕↕ ≀{ ⊔⟨⌉ ⌋≀\\⌉⌋⊔⟩≀\∫ {∇≀⇕ ⊔⟨⌉ ∫⌉⇕⌉⇕⌉ ⊔≀ ⌋↕⌉⊣\↖⊓√ ⊓\⟩⊔∫ ∇⌉⌈⊓⌋⌉⌈ ⌉§√↕⟩⌋⟩⊔ ⌋≀∇∇⌉⌋⊔ √⌉∇{≀∇⇕⊣\⌋⌉ ⊔≀ △′↗↙ H≀⊒⌉⊑⌉∇⇔ ≀{ ⊔⟨⌉ ′̸↗ ∇⌉⇕⊣⟩\⟩\} ⊔∇⟩⊣↕∫ √∇≀⌈⊓⌋⟩\} ⊣\ ≀⇕⟩∫∫⟩≀\⇔ ∃∞↙↗ ≀{ ⊔⟨⌉∫⌉ ∇⌉∫⊓↕⊔⌉⌈ ⟩\ ∫⌉⇕⊣\⊔⟩⌋∫ ⊔⟨⊣⊔ ⊒⌉∇⌉ ⌋↕≀∫⌉∇ ⊔≀ ⊔⟨⌉ ⌋⌉\⊔∇≀⟩⌈ ≀{ ⊔⟨⌉ ⌋≀∇∇⌉⌋⊔ ⌋⊣⊔⌉}≀∇† ⊔⟨⊣\ ⊔≀ ⊔⟨⊣⊔ ≀{ ⊣\† ≀⊔⟨⌉∇ ⌋⊣⊔⌉}≀∇† ⇐⌋⟨⊣\⌋⌉ ⟩∫ ∈′↗⇒⇔ ⊣\⌈ ∀↙▽↗ ⊒⌉∇⌉ ⌋↕≀∫⌉∇ ⊔≀ ⊔⟨⌉ ∫⌉⇕⊣\⊔⟩⌋∫ ≀{ ⌋≀∇∇⌉⌋⊔ ⊒≀∇⌈ ⟩\ ⊔⟨⊣⊔ ⌋⊣⊔⌉}≀∇† ⊔⟨⊣\ ⊔≀ ⊔⟨⊣⊔ ≀{ ⊣\† ≀⊔⟨⌉∇ ⊒≀∇⌈ ⟩\ ⊔⟨⌉ ⌋⊣⊔⌉}≀∇† ⇐⌋⟨⊣\⌋⌉ ⟩∫ ∞∈↙▽↗⇒↙ T⟨⌉ ⌉{{⌉⌋⊔ ⊒⊣∫ ⊒⌉⊣‖⌉∇ ⊒⟩⊔⟨ ⌉⊣∇↕⟩⌉∇ ⌈⊣⇕⊣}⌉¬ ∇⌉⇕≀⊑⟩\} ∋′↗ ≀{ ⊔⟨⌉ }∇⊣√⟨⌉⇕⌉↖ ⊔≀↖⟩\⊔⌉∇⇕⌉⌈⟩⊣⊔⌉ ⌋≀\\⌉⌋⊔⟩≀\∫ √∇≀⌈⊓⌋⌉⌈ ∋▽↙∋↗ ⌋≀∇∇⌉⌋⊔ √⌉∇{≀∇⇕⊣\⌋⌉ ⊒⟩⊔⟨ △∀↙∋↗ ⌊⌉⊔⊒⌉⌉\↖⌋⊣⊔⌉}≀∇† ⊣\⌈ △∃↙′↗ ⊒⟩⊔⟨⟩\↖⌋⊣⊔⌉}≀∇† ⌈⟩∫⌋∇⟩⇕⟩\⊣⊔⟩≀\ ≀\ ≀⇕⟩∫∫⟩≀\ ⊔∇⟩⊣↕∫↙ F⟩\⊣↕↕†⇔ ⊣ √⌉⌋⊓↕⟩⊣∇ ⊣\⌈ ⟩\⊔⌉∇⌉∫⊔⟩\} ⌉{{⌉⌋⊔ ⌉⇕⌉∇}⌉⌈ ⊒⟨⌉\ ⊔⟨⌉ ⌋≀\\⌉⌋⊔⟩≀\∫ {∇≀⇕ ⊔⟨⌉ ⌋↕⌉⊣\↖⊓√ ⊔≀ ∫⌉⇕⌉⇕⌉ ⊓\⟩⊔∫ ⊒⌉∇⌉ ↕⌉∫⟩≀\⌉⌈↙ T⟨⌉ \⌉⊔⊒≀∇‖ ∫⟨≀⊒⌉⌈ ⊣ ∫⟩}\⟩⊘⌋⊣\⊔ ∫⌉↕⌉⌋⊔⟩⊑⌉ √∇⌉∫⌉∇⊑⊣⊔⟩≀\ ≀{ ⊒≀∇⌈∫ ⟩\

∞ INTRODUCTION ∞∋

O⊑⌉∇⊣↕↕ C≀\⌈⟩⊔⟩≀\⊣↕ √∇≀⌊⊣⌊⟩↕⟩⊔⟩⌉∫ E∇∇≀∇ R⊣⊔⌉∫ V⟩∫↘ L⌉∫⟩≀\ n Rate Vis Sem Sem Other disconnect↼giconns↽ 4 4▷8 34▷2 44▷7 13▷2 7▷9 noise↼giconns↽ 4 3▷9 46▷0 27▷0 20▷6 6▷3 ablate↼intermediate↽ 3 3▷1 24▷3 45▷9 24▷3 5▷4 disconnect↼isconns↽ 2 3▷4 11▷1 29▷6 55▷6 3▷7 noise↼isconns↽ 3 2▷4 24▷1 48▷3 20▷7 6▷9 disconnect↼scconns↽ 2 0▷2 � 100▷0 � � noise↼scconns↽ 4 1▷8 6▷9 72▷4 20▷7 � ablate↼cleanup↽ 2 3▷4 7▷4 63▷0 25▷9 � disconnect↼csconns↽ 3 3▷4 34▷1 31▷7 34▷1 � noise↼csconns↽ 2 2▷3 27▷8 38▷9 33▷3 � Chance 29▷9 6▷2 11▷8 52▷2 Table 1▷3. The distribution of error types produced by lesions of all types and locations that resulted in 25δ75ϱ correct performance in the HςS model▷ Ψnν refers to the number of lesion severities producing performance falling within the 25δ75ϱ range and ΨRateν is the average percentage of word presentations producing explicit error responses for these lesions▷ ΨChanceν refers to the distribution of error types if responses were chosen from the word set at random▷ Notice that there were few if any ΨOtherν errors with many of the lesions even though more than 50ϱ of the possible error response are of this type▷ the Ψfoodsν category ↼75ϱ correct↽ relative to those in other categories ↼next best 34ϱ correct↽▷2 The effect was quite speciαc, it did not occur for other lesions in the network nor for the same lesion in a second version of the network trained with different initial random weights▷ 1▷3▷5 Attractors An important concept in understanding these results is that of an Ψattractor▷ν The sememe units in the HςS network change their states over time in response to a particular orthographic input▷ The initial pattern of semantic activity generated by the direct pathway may be quite different from the exact semantics of the word▷ Interactions among sememe units either directly via intrasememe connections or indirectly via the cleanup units serve to gradually modify and Ψcleanupν the initial pattern into the αnal correct pattern▷ This process can be conceptualized in terms of movement in the 68dimensional space of possible semantic representations in which the state of each sememe unit is represented along a separate dimension▷ At any instant in processing a word the entire pattern of activity over the sememe units correspond to a particular point in semantic space▷ The exact meanings of familiar words correspond to other points in the space▷ The states of sememe units change over time in such a way that the point representing the current pattern of semantic activity Ψmovesν to the point representing the nearest familiar meaning▷ In other words the pattern corresponding to each known word meaning becomes an Ψattractorν in the space of semantic representations. patterns for nearby but unfamiliar meanings move towards the exact pattern of the nearest known meaning▷ The region in semantic space corresponding to the set of initial patterns that move to a given attractor is called its Ψbasinν of attraction▷ HςS offer an intuitive explanation for cooccurrence of visual and semantic inβuences on errors in terms of the effects of damage in a network that builds attractors in mapping between two arbitrarily related domains▷ Connectionist networks have difαculty learning to produce quite different outputs from very similar inputs yet very often visually similar words ↼e▷g▷ CAT and COT↽ have quite different meanings▷ One effective way a network can accomplish this mapping is to construct large basins of attraction around each familiar meaning such that any initial semantic pattern within the basin will move to that meaning ↼see Figure 1▷4↽▷ Visually similar words are then free to generate fairly similar initial semantic patterns as long as they each manage to fall somewhere within the appropriate basin of attraction▷ In this way the network learns to shape and position the basins so as to Ψpull apartν visually similar words into their αnal distinct semantics▷ Damage to the semantic cleanup distorts these basins occasionally causing the normal initial semantic pattern of a word to be Ψcapturedν within the basin of a visually similar word▷ Essentially the layout of attractor basins must be sensitive to both visual and semantic similarity and so these metrics are reβected in the types of errors that occur as a result of damage▷ 1▷4 Evaluation of the model The aim of HςSφs work was to provide a uniαed account of the nature and cooccurrence of semantic visual and mixed reading errors in deep dyslexia▷ Most previous explanations of why virtually all patients who make semantic errors also make visual errors ↼e▷g▷ Gordon et al▷ 1987, Morton ς Patterson 1980↽ have had to resort to proposing lesions at multiple locations along 2This effect was signiαcant at the 0▷01 level and not at the 0▷1 level as incorrectly stated in Hinton ς Shallice ↼1991↽▷

Figure 1▷4. How damage to semantic attractors can cause visual errors▷ The solid ovals depict the normal basins of attraction, the dotted one depicts a basin after semantic damage▷ the semantic route▷ Shallice ς Warrington ↼1980↽ speculated that an inability to adequately access part of the semantic system might give rise to the occurrence of errors▷ However HςS actually demonstrated that all of these error types arise naturally from single lesions anywhere in a connectionist network that builds attractors in mapping orthography to semantics▷ Only the quantitative distribution of error types varied systematically with lesion location▷ There are two main types of criticism leveled against the HςS model▷ The αrst has to do with the limited range of empirical phenomena it addresses▷ Of the aspects of deep dyslexia which pose problems for theory only three were modeled�the very existence of semantic errors in reading aloud the frequent cooccurrence of visual errors with semantic errors and the relatively high rates of occurrence of mixed visualandsemantic errors▷ However an adequate theory of deep dyslexia would also need to account for a fair number of other aspects of the syndrome▷ Certain aspects�↼5↽ ↼6↽ and ↼10↽ of Section 1▷1�involve difαculties in mapping directly between print and sound and are covered by the assumption of the gross impairment in the operation of the nonsemantic route↼s↽▷ Two others�↼3↽ function word substitutions and ↼4↽ derivational errors�can interpreted as special cases of semantic or mixed visualandsemantic errors and so can be explained in the way that these errors are ↼see Funnell 1987↽▷ Another two�↼11↽ auditory shortterm memory impairments and ↼12↽ context effects�are dismissed by Coltheart et al▷ ↼1987↽ as too vague▷ However this still leaves ↼7↽ the effects of imageability on reading ↼8↽ and ↼9↽ the effects of partofspeech and also a number of the additional effects�the interactions between the abstract◁concrete dimension and visual errors conαdence ratings lexical decision and the visualthensemantic errors▷ These phenomena will all be considered directly in this paper▷ One αnal effect the impaired writing will be addressed in the General Discussion▷ The second type of criticism of the HςS model relates to its generality▷ Most attempts to model acquired dyslexia by lesioning connectionist networks ↼Mozer ς Behrmann 1990, Patterson et al▷

1990↽ have been based on preexisting models of word reading in normals ↼Mozer 1990, Seidenberg ς McClelland 1989↽▷ These studies have primarily aimed to provide independent validation of the properties of the normal models that enable them to reproduce phenomena they were not initially designed to address▷ The work of HςS is rather different in nature in that they were not concerned with supporting a particular model of normal word comprehension▷ Rather HςS had the more general goal of investigating the effects of damage in a fairly general type of network in the domain of reading via meaning▷ To the extent that the behavior of the damaged network mimicked that of deep dyslexics the principles that underly the networkφs behavior may provide insight into the cognitive mechanisms of reading in normals and their breakdown in patients▷ In this way the relevance of HςSφs simulations to cognitive neuropsychology depends on identifying and evaluating those aspects of the model which are responsible for its ability to reproduce patient behavior▷ HςS argue that the cooccurrence of different error types obtained in deep dyslexia is a natural consequence of lesioning a connectionist network that maps orthography to semantics using attractors▷ However their conclusions were essentially based on a single type of network that inevitably had many speciαc features▷ It was only an assumption that these speciαc features did not signiαcantly contribute to the overall behavior of the network under damage▷ Clearly it is impossible to evaluate every possible aspect of the model▷ HςS attempt to motivate and justify many of the decisions that went into developing their model▷ In considering the signiαcance of these decisions it is important to bear in mind that they each reβect a tradeoff between ↼at least↽ three types of constraint. ↼1↽ empirical data from cognitive psychology and neuropsychology ↼2↽ principles of what connectionist networks αnd easy difαcult or impossible to do and ↼3↽ limitations of the computational resources available for running simulations▷ Each of the following major design issues serves to motivate the investigations described in a subsequent section▷ 1▷4▷1 The task The grapheme and sememe representations used by HςS clearly fail to reβect the full range of orthographic and semantic structure in word reading▷ The use of positionspeciαc letter units the selection of semantic features and their assignment to words was based more on computational than empirical grounds▷ In fact it is not particularly plausible that the semantic representations of a word in the human cognitive system is based on individual feature units at the level of foundon farms and usedforrecreation▷ However these representations exhibit the characteristics that are essential for demonstrating the inβuences of both visual and semantic similarity on deep dyslexic reading. ↼1↽ visually similar words ↼with overlapping letters↽ have similar representations over the grapheme units ↼2↽ semantically similar words ↼in the same category↽ have similar representations over the sememe units and ↼3↽ there is no systematic relationship between the orthographic and semantic representations of a word▷ One concern involves the adequacy of the deαnitions of visual and semantic similarity▷ These were chosen to be analogous to those used for patients but they only approximate the actual similarity structure of the visual and semantic representations used for words▷ The impact of the adequacy of this approximation on the error pattern produced under damage was not evaluated▷ A more severe limitation is that the model was trained on only 40 words allowing only a very coarse approximation to the range of visual and semantic similarity among words in a patientφs vocabulary▷ In particular important variables known to affect patientsφ reading behavior such as word length frequency syntactic class and imageability◁concreteness were not manipulated▷ In addition there is the potential problem that some of the observed effects may arise from operations of a small subset of the stimulus set with statistically unusual properties▷ The general impact of this limitation will be addressed in the General Discussion▷ More speciαcally simulations presented in Section 5 attempt to extend the HςS approach to account for effects of concreteness in deep dyslexic reading performance▷ 1▷4▷2 The network HςS provide only a general justiαcation for the network architecture they chose▷ Hidden units are needed because the problem of mapping orthography to semantics is not linearly separable▷ Recur rent connections are required to allow the network to develop semantic attractors whose existence constitutes the major theoretical claim of the work▷ The choices of numbers of intermediate and cleanup units restrictions on intrasememe connections and connectivity density were an attempt to give the network sufαcient βexibility to solve the task and build strong semantic attractors while keeping the size of the network manageable▷ Some aspects of the design particularly the selective use of intrasememe connections were rather inelegant and ad hoc▷ Section 3 elaborates on the implications of these distinctions and describes simulations involving a range of network architectures that attempt to directly evaluate their impact on the pattern of errors produced under damage▷ 1▷4▷3 The training procedure HςS justify the use of an admittedly implausible learning procedure in two ways▷ The αrst is to emphasize that they were not directly concerned with simulating aspects of reading acquisition but only its breakdown in mature skilled readers▷ Thus the learning procedure can be viewed solely as a programming technique for determining a set of weights that is effective for performing the task▷ The second justiαcation they use is to point out that backpropagation is only one of a number of ways of performing gradient descent learning in connectionist networks▷ Other more plausible gradient descent procedures such as contrastive Hebbian learning in deterministic Boltzmann Machines ↼Hinton 1989b, Peterson ς Anderson 1987↽ are more computationally intensive than backpropagation but typically develop similar representations▷ In Section 4 we present simulations that attempt to replicate and extend the HςS results using a deterministic Boltzmann Machine▷ 1▷4▷4 The testing procedure Perhaps the most serious limitation of HςSφs work involves the use of proximity and gap criteria in determining the response produced by the network under damage▷ These criteria were intended to approximate the requirements of a system that would actually generate responses based on semantic activity▷ HςS provided evidence that the main qualitative effects obtained do not depend on speciαc values for these criteria but their adequacy as an approximation to an output system was left unveriαed▷ Ideally the response criteria would be replaced by extending the network to produce an actual phonological response▷ This response could then be compared directly with the oral responses of patients▷ Unfortunately preliminary attempts to implement such an output system produced a high rate of phonological Ψblendsν ↼literal paraphasias↽ under damage to the input network which are almost never produced by deep dyslexics▷ Section 2 illustrates this problem and presents simulations that overcome it allowing explicit phonological responses to replace the criteria HςS used to evaluate the effects of lesions▷

2 Response generation. Mapping semantics to phonology Most data on deep dyslexic reading comes from tasks in which the patient produces a verbal response to a visually presented word▷ Since the output of the HςS model to a letter string consists of a pattern of semantic activity some external procedure is needed to convert this pattern into an explicit response so that it can be compared with the oral reading responses of deep dyslexics▷ The procedure HςS used compares the semantic activity produced by the network with the correct semantics of all known words selecting the closestmatching word as long as the match is sufαciently good ↼the proximity criterion↽ and sufαciently better than any other match ↼the gap criterion↽▷ The rationale for these criteria is that semantic activity that is too unfamiliar or ambiguous would be unable to drive an output system effectively▷ In this way HςSφs use of response criteria differs from approaches that simply take the bestmatching known output as the response regardless of the quality of the match ↼e▷g▷ Patterson et al▷ 1990, Sejnowski ς Rosenberg 1987↽▷ However satisfying the criteria only coarsely approximates the requirements of an actual output system▷ In particular while it may be reasonable that semantics which failed the criteria could not drive a response system no evidence was given that semantics which satisαed the criteria could succeed in generating a response▷ Also the criteria are insensitive to the relative semantic and phonological discriminability of words and so may be inadvertently biased towards producing certain effects▷ In addition by not implementing an output system HςS can consider only the Ψinputν and Ψcentralν forms of deep dyslexia ↼Shallice ς Warrington 1980↽ and must assume that the speciαc nature of the output system plays no role in these patientsφ reading errors▷ Finally a bestmatch procedure is rather powerful and knowledgeintensive▷ At a general level if too much of the difαculty of a problem is pushed off into the assumed mechanisms for generating the input or interpreting the output the role of the network itself becomes less interesting ↼Lachter ς Bever 1988, Pinker ς Prince 1988↽▷ This is especially ironic as a bestmatch ↼categorization↽ process is exactly the sort of operation at which connectionist networks are supposed to excel ↼Hinton ς Anderson 1981, Hopαeld 1982↽▷ For all of the above reasons it would be a signiαcant advance over the use of response criteria to extend the HςS model to derive an explicit phonological response on the basis of semantic activity▷ It turns out that developing such a network involves overcoming difαculties which are fairly general to connectionist networks and have arisen in a number of contexts ↼e▷g▷ Nystrom ς McClelland 1991, Rumelhart ς McClelland 1986, Seidenberg ς McClelland 1989↽▷ In the domain of deep dyslexia the problem is that unlike patients the damaged network produces responses which are inappropriate Ψblendsν of known responses▷ In this section we illustrate this problem and demonstrate a method for overcoming it allowing us to develop networks that map from orthography to phonology via semantics which produce very few blends under damage▷ The effects of lesions to the Ψinputν portion of these network that map from orthography to semantics are compared with those using the response criteria to provide a post hoc evaluation of the generality of the HςS results▷ Finally we subject these networks to lesions of the Ψoutputν portions that map from semantics to phonology and compare the resulting behavior with that produced by earlier damage▷

Phonemes allowed in each position b d dy g h j k l m n p r t a ar aw e ew i ie o oa ow u b d g k n m p t Phonological representation of each word Indoor Objects Animals Body Parts Foods Outdoor Objects BED ◁b e d◁ BUG ◁b u g◁ BACK ◁b a k◁ BUN ◁b u n◁ BOG ◁b o g◁ CAN ◁k a n◁ CAT ◁k a t◁ BONE ◁b oa n◁ HAM ◁h a m◁ DEW ◁dy ew ◁ COT ◁k o t◁ COW ◁k ow ◁ GUT ◁g u t◁ HOCK ◁h o k◁ DUNE ◁dy ew n◁ CUP ◁k u p◁ DOG ◁d o g◁ HIP ◁h i p◁ LIME ◁l ie m◁ LOG ◁l o g◁ GEM ◁j e m◁ HAWK ◁h aw k◁ LEG ◁l e g◁ NUT ◁n u t◁ MUD ◁m u d◁ MAT ◁m a t◁ PIG ◁p i g◁ LIP ◁l i p◁ POP ◁p o p◁ PARK ◁p ar k◁ MUG ◁m u g◁ RAM ◁r a m◁ PORE ◁p aw ◁ PORK ◁p aw k◁ ROCK ◁r o k◁ PAN ◁p a n◁ RAT ◁r a t◁ RIB ◁r i b◁ RUM ◁r u m◁ TOR ◁t aw ◁ Table 2▷1. A phonological representation for words in terms of 33 positionspeciαc phoneme units▷ The letter↼s↽ used to represent phonemes are not from a standard phonemic alphabet but rather are intended to have more intuitive pronunciations▷ Also note that the deαnitions are based on British pronunciations ↼e▷g▷ HAWK and PORK rhyme↽▷ 2▷1 Phonological blends The problems that occur in realizing an effective output system are best illustrated by describing what happens when the most straightforward procedure is used▷ Speciαcally we develop an output network analogous to the input network but that takes as input the semantic representation of a word and produces a phonological representation of the word▷ This network is then combined with an input network that maps from orthography to semantics ↼essentially identical to the HςS model↽ resulting in a much larger network that maps from orthography to phonology via semantics▷ 2▷1▷1 The task The input to the network consists of the 40 semantic representations that served as output in the HςS model ↼shown in Figure 1▷1 p▷ 8↽▷ A phonological output representation was deαned in terms of 33 positionspeciαc phoneme units ↼see Table 2▷1↽▷ For each word exactly one unit in each of three positions is active possibly including a unit in the third position that explicitly represents the absence of a third phoneme▷ This representation allows the units that represent alternative phonemes in the same position to compete in a Ψwinnertakeallν fashion▷ 2▷1▷2 The network In order to minimize the number of independent assumptions in the complete network the archi tecture of the output network was designed to be as similar as possible to that of the HςS input network▷ The sememe ↼input↽ units were connected to a group of 40 intermediate units which were in turn connected to the 33 phoneme units▷ A group of 60 cleanup units were interconnected with the phoneme units▷ Only a random 25ϱ of the possible connections in each of these pathways was included▷ In addition the competing phoneme units for each position were fully interconnected▷

Figure 2▷1. The architecture of a network that maps from orthography to phonology via semantics▷ The resulting network had a total of 2410 connections▷ 2▷1▷3 The training procedure The output network was trained in exactly the same manner as the HςS network ↼described in Section 1▷3▷3↽ with one difference▷ The network was run for eight iterations instead of seven to allow information about the input to cycle through the phonological cleanup loop and inβuence the phoneme units an extra time▷ After about 1500 sweeps through the set of words the network successfully activated each phoneme unit to within 0▷1 of its correct state for each word▷ This output network was then combined with an input network identical to the one HςS used that had been similarly trained to generate semantics from graphemic input▷ The sememe units of the input network replaced the input units of the output network▷ The resulting network shown in Figure 2▷1 had a total of 6110 connections▷ This combined network was trained further by αxing the weights of the input network and running the entire network for 14 iterations on each input allowing the output network to adapt▷ This additional training was required to ensure that the output network operated correctly when receiving input from the input network ↼which need not be correct until the sixth iteration↽ instead of being clamped throughout its operation▷ Fixing the weights of the input network ensured that it continued to generate the correct semantics of each word▷ After an additional 34 sweeps through the training set the combined network succeeded in producing the correct phonemes of each word given its graphemes as input▷ 2▷1▷4 The effects of lesions After training the complete network successfully derives the semantics and phonology of each word when presented with its orthography▷ In order to model the reading behavior of deep dyslexic patients we simulate their neurological damage by removing a proportion of the connections between groups of units in the network▷ This damage impairs the ability of the network to derive the correct pronunciations of words▷ Consequently we need some way of interpreting the corrupted output of the network as an explicit response▷ In addition patients frequently produce no response to a word or respond ΨI donφt know▷ν In order for the network to behave analogously we also need a way of determining when the damaged network does not respond because the phonological output is illformed▷ It is important to point out that this type of criterion is quite different from the HςS criteria which ensure that an output is semantically familiar▷ The criterion we employ does not rely on any knowledge of the particular words the network has been trained on�it only considers the form of the output representation▷ Given our phonological representation a natural criterion is to require that one and only one phoneme unit be active in each of the three positions in order to produce a response▷ Since units have realvalued outputs which are rarely 0▷0 or 1▷0 we need a more precise deαnition of Ψactiveν and Ψinactive▷ν In addition we would like the deαnition to generalize to other types of binary output representations▷ Accordingly we use the following procedure to determine if and how the network responds▷ The states of the output units are interpreted as independent probabilities so that they deαne a probability distribution over possible binary output vectors at each phoneme position▷ If the most probable output vector at each position has exactly one active phoneme and probability greater than 0▷5 the phonemes they each represent are produced as the response▷ More formally if y_i is the output of phoneme unit i and b_i = { ]~ y_i < 0.5 1 otherwise is its output converted to binary then the network produces a response if for every position p ∏ i∈p ( − |y_i − b_i| ) > 0.5 and exactly one b_i = 1. The response produced is the concatenation of the phonemes represented by each i for which b_i = 1. If the criterion is not satisffed for any position, the output activity produced by the network is considered ill-formed and it fails to respond. This procedure is closely related to the maximum-likelihood interpretation of the cross-entropy error function used to train the network (Hinton, 1989a). Notice that there are a large number of legal responses other than those the network is trained to produce. This expressiveness is one of the strengths of using a distributed output representation but it is not without its problems, as we are about to see.

Each of the four main sets of connections in the input network was subjected to Ψlesions˚ by chosing at random and removing a proportion of the connections. A wide range of severities were investigated: 0.05, 0.1, 0.15, 0.2, 0.25, 0.3, 0.4, 0.5, and 0.7. Twenty instances of each location and severity of lesion were carried out, and correct, omission, and error responses were accumulated according to the above procedure. Error responses were categorized in terms of their relation to the input word. In addition to visual and semantic similarity (as deffned by H&S and described in Section 1.3.4), words can also be phonologically similar�that is, have overlapping phonemes. Since visual and phonological similarity typically co-occur, we considered an error to be phonological only if it was more phonologically than visually similar (e.g. HAWK /h aw k/ and PORK /p aw k/ using British pronunciations). In addition, some potential errors are appropriately categorized as phonological-and-semantic under this deffnition (e.g. DEW /dy ew -/ and DUNE /dy ew n/). It should be pointed out that errors categorized as visual or mixed visual-and-semantic

Figure 2.2: Error rates produced by lesions to each main set of connections in the input network. In this and following similar ffgures, phonological errors are shown as an extra bar over visual errors, and phonological-and-semantic errors are shown as an extra bar over visual-and-semantic errors. ΨChance˚ is the distribution of error types if responses were chosen randomly from the word set. Its absolute height is set arbitrarily�only the relative rates are informative. Results are averaged over lesion densities which produced an overall correct response rate between approximately 20% and 80%. The number of lesion severities included in the calculation of error rates is indicated in parentheses below the label for each lesion location.

may actually result from phonological rather than visual infiuences�the current word set does not contain enough words that dissociate visual and phonological similarity to investigate the relative contribution of these two infiuences. We will take up the issue of distinguishing the infiuences of visual and phonological similarity on errors in the General Discussion.

The nature of the output representation and criterion creates a new type of Ψblend˚ error consisting of a literal paraphasia�a phonologically reasonable output that does not correspond to a word known to the network. Non-blend errors were divided into visual, visual-and-semantic, semantic, phonological-and-semantic, phonological, and other errors. Figure 2.2 presents the average rates of each of these error types for each lesion location. The ffrst thing to notice is that the rates of visual, mixed visual-and-semantic, and semantic errors replicate the H&S results. However, the most striking aspect of the results is the high rate of blends. These errors stand in sharp contrast to the behavior of deep dyslexics, who very rarely produce nonword responses to words (see Appendix 2 of Coltheart et al., 1987).

It is informative to compare the response of the network with the pronunciations of the two words whose semantic representations are closest to that of the input. Semantic activity that is near two words often produces a phonological output that is a mixture of the words’ phonemes (e.g. RIB (+HIP) ⇒ ∝∇ ⟩ √∝⇒⇔ ⊒⟨⟩⌋⟨ ⟩∫ ⊒⟨† ⊒⌉ ⌋⊣↕↕ ⊔⟨⌉∫⌉ ⌉∇∇≀∇∫ ⊖⌊↕⌉\⌈∫↙⪰ O⌋⌋⊣∫⟩≀\⊣↕↕†⇔ \⌉⊒ √⟨≀\⌉⇕⌉∫ ⊣∇⌉ ⟩\⊔∇≀⌈⊓⌋⌉⌈ ⊓\⌈⌉∇ ⊔⟨⌉ √∇⌉∫∫⊓∇⌉ ≀{ ⇕⟩§⌉⌈ ∫⌉⇕⊣\⊔⟩⌋∫ ⇐⌉↙}↙ ROCK ⇐⇓TOR⇒ ⇒ ∝∇ ⊣ ‖∝⇒↙ I\⊔⌉∇⌉∫⊔⟩\}↕†⇔

∈ RESPONSE GENERATION¬ MAPPING SEMANTICS TO PHONOLOGY ∈△ ∫⌉⇕⊣\⊔⟩⌋∫ ⊔⟨⊣⊔ ⊒≀⊓↕⌈ ⌉⊣∫⟩↕† ∫⊣⊔⟩∫{† H↘S≃∫ ⌋∇⟩⊔⌉∇⟩⊣ {≀∇ ⊣ ⌋≀∇∇⌉⌋⊔ ∇⌉∫√≀\∫⌉ ⇕⊣† ∫⊔⟩↕↕ ⌊⌉ ∫⊓{⊘⌋⟩⌉\⊔↕† ⟩\⊣⌋⌋⊓∇⊣⊔⌉ {≀∇ ⊔⟨⌉ ≀⊓⊔√⊓⊔ ∫†∫⊔⌉⇕ ⊔≀ √∇≀⌈⊓⌋⌉ ⊣ ⌊↕⌉\⌈ ⇐⌉↙}↙ RAT ⇐√∇≀§ ′↙∃∀⇔ }⊣√ ′↙∈⇏ ⇒ ∝∇ ⊣ }∝⇒↙ O\ ⊔⟨⌉ ≀⊔⟨⌉∇ ⟨⊣\⌈⇔ ∫⌉⇕⊣\⊔⟩⌋∫ ⊔⟨⊣⊔ ⊣∇⌉ ∐⊓⟩⊔⌉ {⊣∇ {∇≀⇕ ⊣\† ‖\≀⊒\ ⊒≀∇⌈ ⇕⊣† ∫⊔⟩↕↕ √∇≀⌈⊓⌋⌉ ⊣ ∇⌉∫√≀\∫⌉⇔ ⊣↕⌊⌉⟩⊔ ⟩\⌋≀∇∇⌉⌋⊔ ⇐⌉↙}↙ BOG⇐√∇≀§ ′↙∌⇒ ⇒ ∝⌊ ⊓ ‖∝⇒↙ C↕⌉⊣∇↕† ⊔⟨⌉ ⌋⊓∇∇⌉\⊔ ≀⊓⊔√⊓⊔ ∫†∫⊔⌉⇕ ⌊⌉⟨⊣⊑⌉∫ ∐⊓⟩⊔⌉ ⌈⟩{{⌉∇⌉\⊔↕† {∇≀⇕ ⊒⟨⊣⊔ ⊔⟨⌉ H↘S ⌋∇⟩⊔⌉∇⟩⊣ ⊣∫∫⊓⇕⌉ ⊣⌊≀⊓⊔ ⊣ ∇⌉∫√≀\∫⌉ ∫†∫⊔⌉⇕↙ I\ ≀∇⌈⌉∇ ⊔≀ ⌊⌉⊔⊔⌉∇ ⊓\⌈⌉∇∫⊔⊣\⌈ ⌊↕⌉\⌈∫⇔ ⊒⌉ ⌋≀⇕√⊣∇⌉⌈ ⌋≀∇∇⌉⌋⊔⇔ ⌉∇∇≀∇⇔ ⊣\⌈ ⌊↕⌉\⌈ ∇⌉∫√≀\∫⌉∫ ⟩\ ⊔⌉∇⇕∫ ≀{ ⊔⟨⌉ ⊖}≀≀⌈\⌉∫∫⪰ ≀{ ⊔⟨⌉⟩∇ √⟨≀\≀↕≀}⟩⌋⊣↕ ≀⊓⊔√⊓⊔⇔ ⌈⌉⊘\⌉⌈ ⊣∫ ⊔⟨⌉ ⇕⟩\⟩⇕⊓⇕⇔ ≀⊑⌉∇ √⟨≀\⌉⇕⌉ √≀∫⟩⊔⟩≀\∫⇔ ≀{ ⊔⟨⌉ √∇≀⌊⊣⌊⟩↕⟩⊔† ≀{ ⊔⟨⌉ ⇕≀∫⊔ ↕⟩‖⌉↕† ≀⊓⊔√⊓⊔ ⊑⌉⌋⊔≀∇ ⊣⊔ ⊔⟨⊣⊔ √≀∫⟩⊔⟩≀\ ⇐⟩}\≀∇⟩\} ⊔⟨⌉ ′↙▽ ⌋∇⟩⊔⌉∇⟩≀\ {≀∇ ⊣\ ⌉§√↕⟩⌋⟩⊔ ∇⌉∫√≀\∫⌉ ⊓∫⌉⌈ √∇⌉⊑⟩≀⊓∫↕†⇒↙ C≀∇∇⌉⌋⊔⇔ ⌉∇∇≀∇⇔ ⊣\⌈ ⌊↕⌉\⌈ ∇⌉∫√≀\∫⌉∫ ⌈⟩{{⌉∇ ∫⟩}\⟩⊘⌋⊣\⊔↕† ⟩\ ⊔⟨⌉ }≀≀⌈\⌉∫∫ ≀{ ⊔⟨⌉⟩∇ √⟨≀\≀↕≀}⟩⌋⊣↕ ≀⊓⊔√⊓⊔ ⇐⇕⌉⊣\∫⇔ ⌋≀∇∇⌉⌋⊔¬ ′↙̸⇔ ⌉∇∇≀∇∫¬ ′↙▽△⇔ ⌊↕⌉\⌈∫¬ ′↙△⇔ t(9606) = 39.4 p < .001 for correct vs▷ errors t(4025) = 16.6 p < .001 for errors vs▷ blends↽▷ Increasing the minimum probability criterion to 0▷6 discriminates better between correct and blend responses while making little difference to the number of correct responses▷ However even with the higher response criterion a substantial number of blends still occur▷ Indeed no value for the response criterion would eliminate blends and leave a substantial number of correct responses▷ 2▷1▷5 An explanation for blends In attempting to understand why blends occur it is important to keep in mind that any pattern of activity that the network settles into is an attractor that has developed in the course of training▷ We know that the network develops appropriate attractors for the 40 words since it produces correct responses when presented with their semantics▷ However in the course of training the network develops other spurious attractors▷ These attractors tend to be patterns that are combinations of trained patterns because when the phonology of a word is trained as a response other phonological patterns are also reinforced to the extent that they overlap with the trained pattern▷ The existence of spurious attractors is a wellknown property of associative networks ↼e▷g▷ Hopαeld 1982↽ and is one way of characterizing their limited storage capacity▷ The existence of these additional attractors is not a problem during normal operation because inputs that would settle into them are never presented▷ In fact they are not a problem for any test of generalization involving novel input that is sufαciently similar to familiar input ↼i▷e▷ near in feature space or drawn from the same distribution↽ so as to fall into the same attractor basins▷ However damage to the input network often generates semantic activity which is quite unlike any of the inputs on which the output network has been trained▷ When this semantic activity consists of a mixture of the semantic features of two words ↼e▷g▷ RIB and HIP↽ rather than fall into the attractor for one or the other of these words ↼either producing a correct response or a conventional error↽ the network occasionally settles into a spurious attractor for a combination of the phonemes of the two words ↼e▷g▷ ◁r i p◁↽ resulting in a blend▷ Viewed another way blends are the result of the natural tendency of connectionist networks to give similar outputs to similar inputs▷ This property is one of the major attractions of these networks because it enables them to generalize appropriately in many tasks when presented with novel input which is similar to trained input▷ However what constitutes an appropriate generalization depends on the task▷ Consider Seidenberg ς McClellandφs ↼1989↽ model of word pronunciation which maps from the orthography to the phonology of monosyllabic words▷ The model pronounces nonwords by combining the common pronunciations of subsets of its letters producing a phonological output that is different from that of any known word▷ Thus in this task a blend at the level of phonemes is the correct response to a novel input and lexicalization ↼i▷e▷ producing the exact pronunciation of a similar word↽ would be inappropriate▷ In fact one of the problems with the Seidenberg ς McClelland model is that in response to a nonword the model occasionally produces an inappropriate blend at the level of phonemic features▷ For example when presented with the letter string VOST the network produces a blend of the vowel pronunciations of LOST and POST rather than choosing one or the other ↼J▷ McClelland personal communication↽▷3 Thus the problem of blends occurs when a network is not sufαciently constrained at the appropriate level of structure in the output. for the Seidenberg ς McClelland task this is the phonemic level, for our task it is the lexical level ↼also see Rumelhart ς McClelland 1986, Sejnowski ς Rosenberg 1987↽▷ We must emphasize that while some neurological patients with more general phonological difαculties produce literal paraphasias in oral reading the deep dyslexic patients whom the damaged model is intended to emulate do not and hence their occurrence makes the current output system unacceptable▷ 2▷2 Eliminating blends One way to eliminate blends would be to present the network with all possible patterns of semantic activity and explicitly train it to produce no response except to those patterns that correspond to known words▷ Such a procedure is unacceptable for both empirical and computational reasons. it involves presenting the network with far more information than is available to readers and it would be intractable to train the network on a large fraction of the exponential number of possible semantic patterns▷ A better approach is to present only known words but alter the training procedure in such a way that the network develops much larger and stronger basins of attraction for these words▷4 In this way initial phonological patterns that are a mixture of the phonemes of two words will be much more likely to fall into the attractor of one or the other of the words rather than into a spurious attractor for a blend▷ Developing strong attractors for known words is equivalent to having a strong Ψlexical biasν in the responses of the network▷ 2▷2▷1 The network architecture In the original architecture with 25ϱ connectivity density the probability that any cleanup unit would receive connections from three particular phonemes or receive connections from two and send to a third is only 0.253 = 0.016▷ Hence it is unlikely that individual cleanup units can effectively bind together the phonemes of each word�these units must work together to appropriately constraint the phoneme units▷ To allow cleanup units to more directly constrain combinations of phonemes a slightly different architecture will be used from the previous one▷ 3In general the model often produces nonword pronunciations that differ from what normal subjects would consider the correct pronunciation ↼Besner et al▷ 1990 but see Seidenberg ς McClelland 1990↽ suggesting that it has not sufαciently learned the appropriate regularities both between and within the phonemes of word pronunciations▷ 4The relationship between the strength of an attractor and the size of its basin of attraction is somewhat subtle▷ Given unlimited settling time in an undamaged network attractors with larger basins are stronger in the sense that they pull more distant patterns to them▷ However attractors with Ψdeeperν basins ↼i▷e▷ those representing activity patterns that better satisfy the constraints imposed by the input and weights↽ are more robust with limited settling time ↼as in our networks↽ or under damage and are in this sense stronger than attractors with larger more shallow basins▷ Section 4 describes simulations using an alternative learning procedure in which networks develop strong attractors naturally so that no speciαc training techniques are required to eliminate phonological blends under damage▷

Figure 2▷3. The architectures of the separatelytrained parts of the output network. ↼a↽ the phonolog ical cleanup pathway ↼with intraphoneme connections↽ and ↼b↽ the direct semanticstophonology pathway▷ Rather than use 60 cleanup units which are each interconnected with a random 25ϱ of the phoneme units only 20 cleanup units will be used but these will be fully interconnected with all of the phoneme units▷ The resulting network has only about 330 more connections▷ Notice that with only 20 cleanup units the network cannot devote a single unit to each word▷ Nonetheless each of these units can have a more powerful inβuence on phonological activity than could lessdensely connected units▷ In addition two versions of the phonological cleanup pathway will be developed with and without interconnections among phoneme units at the same position▷ A comparison of these versions will allow us to evaluate the importance of direct connections in developing strong attractors▷ The pathway with intraphoneme connections ↼IP↽ has a total of 1744 connections while the other ↼noIP↽ has 1373 connections▷ The direct pathway from semantics to phonology still has 40 intermediate units and 25ϱ connectivity for a total of 1034 connections▷ These two pathways are depicted in Figure 2▷3▷ 2▷2▷2 The training procedure Our training strategy will be to develop each output network incrementally▷ First the phoneme and cleanup units will be trained on noisy versions of the pronunciations of words in order to develop strong attractors for these patterns independent of any input from semantics▷ This phonological cleanup pathway will then be αxed and a direct pathway from semantics to phonology will be trained αrst separately then with the phonological cleanup added and αnally with its input generated by the input network▷ This training procedure differs from the standard approach in two main ways. the use of noisy input and incremental training▷ In generating noisy input for an example the activity of each input unit will be moved from 0▷0 or 1▷0 towards 0▷5 by the absolute value of a random number drawn from a gaussian distribution with mean 0▷0 and αxed standard deviation▷ The target states for the output units are unchanged▷ Training on noisy input amounts to enforcing a particular kind of generalization. inputs which are near known patterns must give identical responses▷ Thus the basin of attraction for each trained pattern must be at least large enough to include the patterns that can be generated from it with the amount of noise used during training▷ An additional effect of training on noisy input is that there is a pressure for weights to remain small so that the effect of the noise on the rest of the network is minimized▷ This inβuence much like explicit Ψweight decayν ↼Hinton 1989a↽ causes the knowledge of the task to be more evenly distributed across all of the connections making the network more uniformly robust to lesions ↼Farah ς McClelland in press↽▷ Incremental training has two main advantages▷ First it reduces the computational demands of training since the time to train a connectionist network with backpropagation scales much worse than linearly in the size of the network ↼Plaut ς Hinton 1987↽▷ Second and more important for our purposes training parts of the network separately encourages each part to accomplish as much of the task as possible without relying on the strengths of the other parts▷5 Speciαcally when training the complete network if the direct pathway can generate reasonable phonology from even noisy semantics there is less pressure on the phonological cleanup pathway to develop strong attractors for the correct patterns▷ Training them separately forces them each to compensate for the noise independently so that their combination is more robust▷ It should be mentioned that although the approach of developing phonological attractors independent of semantics is primarily computationally motivated it is not unreasonable on empirical grounds that attractors for word pronunciations might develop as part of the process of learning to speak before these attractors would become available in reading▷ Both the IP and noIP versions of the cleanup pathway were trained to produce the correct phonemes of each word during the last three of six iterations when presented with these phonemes corrupted by gaussian noise with a standard deviation of 0▷25▷ Figure 2▷4 provides examples of noisy inputs for the word COT▷ Because the phoneme units are both the input and output units for these networks the phonemes cannot be presented by clamping the states of these units▷ Rather these units were given an external input throughout the six iterations which in the absence of other inputs would produce the speciαed corrupted activity level ↼i▷e▷ σ^{−∞}(y) where y is the activity and σ is the inputoutput function of the unit↽▷ This technique is known as Ψsoft clamping▷ν The direct pathway was trained to produce the phonemes of each word from the semantics of each word corrupted by gaussian noise with standard deviation 0▷1▷ The input units were clamped in the normal way▷ Each pathway was trained to activate the phoneme units to within 0▷2 of their correct values for a given input▷ After very extensive training they accomplished this in general but the amount of noise added to their inputs made it impossible to guarantee this performance on any given trial▷ For this reason training was halted when each pathway consistently met the stopping criterion and ceased to improve▷ Two complete output networks were then formed by combining each of the two cleanup pathways with a separate copy of the direct pathway▷ The direct and cleanup pathways have 5A somewhat different use of incremental training is to enable separate parts of the network to independently specialize on different aspects of a task ↼Waibel 1989↽▷ In fact some recently developed connectionist learning procedures ↼Hampshire ς Waibel 1989, Jacobs et al▷ 1991, Nowlan 1990↽ enable a modular network to automatically discover and carry out useful task decompositions but the way that the outputs of separate modules can combine in such systems is typically restricted to selecting a single Ψexpertν or a simple linear combination▷

Figure 2▷4. Examples of phoneme unit activities for the word COT corrupted by gaussian noise with standard deviation 0▷25▷ nonoverlapping sets of connections except for the biases of the phoneme units▷ For these the biases from the cleanup pathway were used▷ The output networks with and without intraphoneme connections have 2745 and 2374 connections respectively▷ The two output networks were then given additional training on noisy input during which only the weights in the direct pathway were allowed to change▷ In this way the direct pathway adjusted its mapping to more effectively use the αxed phonological cleanup in generating correct word pronunciations▷ Finally each output network was attached to separate copies of the input network to which the original output system was attached and given a αnal tuning▷ In addition to the cleanup weights the weights of the input network were also not allowed to change during this training to ensure that it continued to derive the correct semantics for each word▷ This αnal tuning ensured that each output network operated appropriately when its input was not clamped but rather generated over time by an actual input network▷ Each of these αnal stages of training each required less than 100 sweeps through the set of words▷ 2▷2▷3 The effects of lesions Fixing the weights of the input network during αnal tuning means that the IP and noIP output networks can be directly compared with the original output system since all three output networks receive the identical semantic input▷ To further aid the comparison the noIP and IP networks were subjected to the identical lesions as were applied to the original network ↼using the same random number generator seeds↽▷ In addition the minimum phoneme response probability for the network to produce a response was increased from 0▷5 to 0▷6 as discussed in Section 2▷1▷4▷ Figure 2▷5 shows the overall performance rates of the two networks▷ Notice that the two patterns of correct responses across lesion locations are rather similar but that the output network with intraphoneme connections ↼IP↽ is more robust�that is produces higher correct rates for equivalent lesion locations and severities ↼paired t(35) = 12.9 p < .001↽▷ Figure 2▷6 shows the distributions of error types for the noIP and IP networks▷ Although these data are roughly balanced for overall correct performance lesions to the IP network produce much higher error rates ↼as opposed to omissions↽ compared with the noIP network▷ For both networks the rate of blend errors is quite low at every lesion location particularly for the network with intraphoneme connections ↼F (1, 54) = 9.71 p < .005↽▷ In addition the IP network has higher

Figure 2▷5. Overall correct performance of the noIP and IP networks after removing various proportions of connections in each of the four main sets in the input network▷ To make it easier to interpret this and subsequent graphs we adopt the convention of using Ψclosedν markers ↼i▷e▷ dot and asterisk↽ for sets of connections in the direct pathway Ψopenν markers ↼i▷e▷ square and diamond↽ for sets of connections in the cleanup pathway and Ψlineν markers ↼i▷e▷ plus and cross↽ for any other sets of connections▷

Figure 2▷6. Error rates produced by lesions to each main set of connections in the input network of the noIP and IP networks▷ Notice that the yaxes are scaled differently in the two graphs and the absolute heights of the ΨChanceν distributions are set arbitrarily▷ overall error rates ↼F (1, 54) = 35.2 p < .001↽ but also a higher proportion of Ψotherν errors ↼F (1, 54) = 19.7 p < .001↽▷ These results all indicate that intraphoneme connections contribute signiαcantly to the development of strong attractors for words but that one consequence of having such strong attractors is that words unrelated to the stimulus are more often produced as responses▷ Intraphoneme connections also appear to inβuence the distribution of error types▷ In particular the IP network produces a higher proportion of visual◁phonological errors ↼F (1, 54) = 49.2 p < .001↽▷ This makes sense if the intraphoneme connections are producing strong phonological attractors and many of the errors in this network that are categorized as visual actually result from phonological similarity▷ The fact that the rate of semantic errors is relatively low suggests that the damaged input network tends to produce mixtures of the semantics of words rather than the clean semantics of a single word presumably due to the lack of sufαciently strong semantic attractors▷ One issue is whether the pattern of errors could have arisen by chance�that is if error responses were related to stimuli only randomly▷ If the distribution of error types for a given lesion location occurred by chance the ratios of their rates with the rate of Ψotherν errors would approximate the corresponding ratios for the ΨChanceν error distribution ↼see Figure 2▷6↽▷ However for both the noIP and IP network the ratios for visual mixed visualandsemantic and semantic errors to other errors are a number of times larger than those predicted by chance▷ For the noIP network the ratios with other error are larger than the chance value by at least a factor of 3▷3 for visual errors 11▷7 for mixed visualandsemantic errors and 2▷9 for semantic errors▷ For the noIP network the ratios are larger by at least a factor of 3▷2 for visual errors 6▷6 for mixed visualandsemantic errors and 2▷0 for semantic errors▷ In addition it is possible that mixed visualandsemantic errors arise simply from the chance rate of semantic similarity among visual errors and the chance rate of visual similarity among semantic errors rather than reβecting an additional inβuence on errors▷ The expected rate M of mixed errors can be calculated from the observed rates V and S of visual errors and semantic errors assuming only a chance rate of similarity along the other dimension ↼Shallice ς McGill 1978↽. M ≤ V s 1 − s + S v 1 − v where v and s are the proportions of stimulusresponse pairs that are visually and semantically similar respectively▷ In fact the actual rates of mixed visualandsemantic errors are higher than the expected rate for every lesion location using the noIP network but not the IP network▷ Thus while both networks replicate the occurrence of visual mixed visualandsemantic and semantic errors for lesions throughout the input network the αnding of higher than expected rates of mixed errors appears to be less general▷ We will consider the conditions under which it occurs in more detail in Section 3▷ 2▷3 Comparison with response criteria HςS approximated the behavior of a network for generating phonological output from semantics by applying proximity and gap criteria to the semantics produced by the lesioned network▷ They attempted to demonstrate that their results were not dependent on the exact values of these criteria but they provided no evidence on their adequacy in approximating an actual response system▷ Given our success at implementing networks that map from orthography to phonology via semantics we can now directly compare their behavior with those produced using the response criteria▷

Figure 2▷7. Overall correct performance using the response criteria after removing various pro portions of connections in each of the four main sets in the input network▷ The identical set of lesions that were applied to the input network of the noIP and IP networks were now applied to input network in isolation▷ Correct omission and error responses were accumulated according to the response criteria▷ Figure 2▷7 shows the percentage of words responded to correctly across the range of lesion densities of each of the sets of connections▷ In general the pattern of correct performance using the response criteria is quite similar to that produced using the output networks particularly the one with intraphoneme connections▷ Figure 2▷8 presents the rates of the various error types for each lesion location▷ The response criteria produce a lower overall error rate than either the noIP or IP networks ↼F (1, 46) = 19.0 p < .001 vs▷ noIP F (1, 50) = 46.4 p < .001 vs▷ IP↽▷ Since these data are balanced for proportion of correct responses this suggests that semantic patterns which fail the response criteria are frequently sufαcient to produce ↼often incorrect↽ phonological output▷ The criteria also produce a lower proportion of Ψotherν errors than either network ↼F (1, 46) = 24.4 p < .001 vs▷ noIP F (1, 50) = 207.1 p < .001 vs▷ IP↽▷ While the proportion of visual errors is low for lesion locations other than G ⇒ I, their proportion relative to Ψother˚ errors is greater for all lesion locations

than predicted by chance. The same applies to mixed visual-and-semantic and semantic errors,
replicating the original H&S results. Furthermore, the rate of mixed visual-and-semantic errors for
each lesion location is much higher than that predicted from the rates of visual and semantic errors
assuming independence. Perhaps most interestingly, the response criteria cause a much higher
proportion of the errors to be semantically related to the stimulus (F (1, 46) = 44.2 p < .001

vs▷ noIP F (1, 50) = 298.5 p < .001 vs▷ IP↽▷ As described in the previous section the relatively

Figure 2▷8. The relative proportion of error types produced by lesions to each main set of connec tions in the input network▷ weak semantic inβuences in the networks particularly the one with intraphoneme connections suggests the attractors developed by the input network are insufαciently strong relative to those in the output networks▷ The use of criteria that apply directly to semantics compensate for ↼and therefore conceal↽ the limitations of the input network▷ Nonetheless HςSφs main results about the qualitative mixture of error types for lesions throughout the network stand▷ 2▷4 Impairments in mapping semantics to phonology Beyond revealing limitations of the original input network implementing a phonological output system ensures that behavior under damage is due to properties of the complete network and not to those of an interpretation procedure external to the network▷ Since the output system operates on the same principles as the input system the number of independent assumptions of the entire system is minimized▷ In addition a number of additional issues can be addressed in a model that maps orthography to phonology via semantics that cannot be addressed in a network that only derives semantics▷ In particular it becomes possible to investigate impairments in deriving phonology from intact semantics by lesioning connections in the phonological output system▷ Many theories of deep dyslexic reading ↼e▷g▷ Caramazza ς Hillis 1990, Coltheart et al▷ 1987, Marshall ς Newcombe 1966↽ explain semantic errors entirely on the basis of this type of damage� implementing a complete semantic route allows us to compare how the resulting behavior compares with that produced by earlier damage▷ Accordingly we subjected each main set of connections in the output network of the noIP and IP networks to 20 instances of lesions of a variety of severity accumulating correct omission and error responses▷ The overall correct performance is very similar to that produced by the corresponding lesions made to the input network except that the IP network performs as well with

Cp⇒P lesions as for P⇒Cp ones.
  Figure 2.9 presents the distributions of rates of errors categorized in terms of their visual/pho-
nological and semantic similarity. Considering the network without intra-phoneme connections
(noIP) ↑rst, lesions to the Ψdirect˚ pathway (S⇒Ip and Ip⇒P) produce a mixture of visual/phono-

Figure 2.9: The relative proportion of error types produced by lesions to each main set of connec-
tions in the output half of the noIP and IP networks.

logical errors and semantic errors with relatively few blends, but also a rather high proportion of
Ψother˚ errors. As the lesions follow the operation of intact semantic clean-up, the high proportion
of visual/phonological errors almost certainly re↓ects phonological rather than visual similarity.

                                                                 6
However, most striking is the extremely low error rate for lesions within the phonological clean-up
pathway (P⇒Cp and Cp⇒P). Although many words can still be read correctly with impaired
clean-up, it is very rare that phonology will be cleaned up into the pronunciation of another word.
This result provides direct support for H&S’s claim that attractors are critical for producing error
responses.
  Lesions of the network with intra-phoneme connections (IP) produce a similar pattern of results.
The additional strength of the phonological attractors in this network is evidenced by its much higher
overall error rates, lower proportion of blends, and higher proportions of visual/phonological and
other errors.
  It is interesting to compare these effects of lesions on the Ψoutput˚ side of the noIP and IP
networks with those produced by lesions on the Ψinput˚ side (see Figure 2.6, p. 30). The error
patterns for lesions to the direct pathways are quite similar, although output lesions tend to produce
a somewhat stronger in↓uence of semantic similarity and a higher proportion of Ψother˚ errors
than input lesions. Not surprisingly, output clean-up lesions produce far fewer errors and far more
blends than input clean-up lesions. However, for the IP network the distributions of error types
other than blends for input and output lesions are fairly similar. Thus, lesions anywhere along the
direct pathway from orthography to phonology via semantics produce qualitatively similar patterns
of errors. In this way, the implication from H&S’s results, that a patient’s error pattern alone
provides insuf↑cient information for identifying lesion location, appears to generalize to lesions all
along the semantic route.

2.5 Summary

We have shown how the procedure that H&S used to derive explicit responses from their network
can be replaced by extending the network to directly produce a phonological response on the basis
of semantics. Lesion experiments with such a network replicated the main ↑nding of a mixture of
visual and semantic in↓uences in errors for a variety of lesion locations. Lesions between semantics
and phonology also produced qualitatively similar results, but with some interesting differences
relating to the impact of phonological cleanup. The next section considers the generality of H&S’s
results from another perspective�the importance of network architecture.

  6It is still possible that errors produced by damage after semantics would show in↓uences of visual similarity. The
output network receives input from semantics before its activity has settled correctly, and the initial semantic patterns
are in↓uenced by visual similarity (see Figure 1.4, p. 15, and the discussion in the following section). However, this
effect on errors due to damage in the output network is likely to be small relative to the effect of phonological similarity.

3 The relevance of network architecture

Perhaps the most perplexing aspect of connectionist modeling is the design of network architecture,
by which we mean choices of numbers of units and their connectivity. One reason the choices in
network design often appear rather arbitrary is that they are in↓uenced both by general connection-
ist principles and by the speci↑c nature of the task at hand. Unfortunately, the general principles
are rarely made explicit, and the effect of particular architectural decisions on different aspects of
network behavior in a speci↑c task is often ill-understood. H&S attempt to make explicit both the
general and speci↑c considerations that went into developing their model. The general considera-
tions involve a tradeoff between ensuring that the network has suf↑cient capacity and Ψpower˚ to
solve the task, while keeping the network as small as possible to stay within available computa-
tional resources. The speci↑c considerations center around attempting to facilitate the ability of the
network to map between two domains, orthography and semantics, which are arbitrarily related.
These two types of concerns in↓uence the number, size, and interconnectivity of unit layers.
  The simplest architecture would be to connect input units directly to output units, but such
networks have severe computational limitations that prevent them from learning arbitrary asso-
ciations (Minsky & Papert, 1969). In general, to accomplish such tasks it is necessary to add a
least one layer of non-linear Ψhidden˚ units between the input and output layers (Ackley et al.,
1985). Because these layers are not part of the input or output, the representations they use must be
determined by a general learning procedure. Typically only one hidden layer is used because most
learning procedures slow down exponentially with the number of intervening hidden layers (see
e.g. Plaut & Hinton, 1987). Such three layer networks are ubiquitous in connectionist modeling
because they can learn any boolean function with enough hidden units (an exponential number
in the worst case, but only a polynomial number for most Ψreasonable˚ functions; Denker et al.,
1987).
  In considering how units are connected, a major architectural distinction is between Ψfeed-
forward˚ and Ψrecurrent˚ networks. In a feed-forward network, unit layers can be partially ordered
such that units receive connections only from earlier layers. For a given input pattern, this restriction
allows the ↑nal state of each unit to be computed in a single pass through the network, from input
to output. However, for this very reason the extent that units in a feed-forward network can interact
is extremely limited. In particular, feed-forward networks cannot develop attractors because each
unit in the network only updates its state once�the network cannot reapply the unit non-linearities
to clean-up a pattern of activity over time. ΨRecurrent˚ networks have no restrictions on how units
are connected, enabling interactions between units within a layer, and from later to earlier layers.
When presented with input, units must repeatedly recompute their states, because changing the
state of a unit may change the input to earlier units. In this way, recurrent networks can gradually
settle into a stable set of unit states, called a Ψ↑xedpoint˚ or an Ψattractor,˚ in which unit inputs
(and hence outputs) remain constant.

                        7 Recurrent networks are particularly appropriate for temporal
domains, such as language processing (Elman, 1990) and motor control (Jordan, 1986). They are
also more effective at learning arbitrary associations because the reapplication of unit nonlinearities
at every iteration can magnify initially small state differences into quite large ones. Feed-forward
networks require very large weights (and hence very long training time) to map similar inputs to
  7In addition to Ψpoint˚ attractors, recurrent networks can be trained to settle into Ψlimit cycle˚ (Pearlmutter, 1989)
and Ψchaotic˚ attractors (Skarda & Freeman, 1987), but this type of behavior is not directly relevant for our purposes.

quite different outputs. As described in the Introduction, unit interactions in a recurrent network
can ↑ll-out and clean-up initially noisy or incomplete patterns�producing behavior in which the
initial pattern of activity Ψmoves˚ towards the nearest attractor state.
  The existence of attractors for word meanings forms the basis for H&S’s explanation of the
co-occurrence of visual and semantic errors in deep dyslexia. In order to allow such attractors to
develop, H&S introduce direct connections among closely related sememe units. However, these
connections only allow pairwise interactions�there is no way for combinations of sememes to
have direct in↓uences. For example, only the conjunction of Ψgreen˚ and Ψfound-woods˚ implies
Ψliving˚�neither feature alone does. These higher-order semantic Ψmicro-inferences˚ (Hinton,
1981) strengthen the attractors for words (i.e. increase the sizes and depth of their basins of attrac-
tion) by ↑lling-out the initially incomplete semantics generated bottom-up and with only pairwise
interactions. In order to implement them there must be hidden units that receive connections from
some sememe units and send connections to others. While H&S could have used the intermediate
units for this purpose by introducing feedback connections to them from semantics, they chose to
introduce a second set of hidden (clean-up) units as an approximation to the in↓uences of other
parts of the cognitive system on semantics. In addition, separating the groups of hidden units
allows them to specialize differently: one group can directly mediate between orthography and
semantics; the other can make inferences among semantic features.
  A ↑nal consideration in architecture design is the pattern of connectivity between layers of units.
The capacity of a network is largely determined by its number of connections since the weights
on these connections encode the long-term knowledge used to solve the task. For a given number
of weights, there is a trade-off between using many, sparsely connected units versus using fewer,
densely connected units. As described above, using many units results in a higher-dimensional
representation in a layer, allowing easier discrimination between similar patterns in earlier layers.
However, because each unit is only sparsely connected to layers providing input, the complexity of
the distinctions it can learn is limited. In particular, as connectivity density is reduced it becomes
harder for individual units to be sensitive to global structure in earlier layers and enforce global
coherence in later layers.
  Most connectionist networks use complete connectivity between layers, but this can result in a
large number of connections for networks with even a moderate number of units. Full connectivity
between layers in the H&S network would have resulted in almost 17,000 connections. Networks
with far more capacity than is required to learn a task tend to approximate a Ψtable-lookup˚ strategy
without capturing any interesting structure in the task. Accordingly, H&S chose to include only
a random quarter of the possible connections between layers, and intra-sememe connections only
among related semantic features, to reduce the network to a computational reasonable size (about
3300 connections). In addition, reduced connectivity made the bottom-up input from orthography
to semantics relatively impoverished, particularly because the usefulness of individual intermediate
units can be signi↑cantly constrained by the absence of individual G⇒I connections when input
letters are represented by single grapheme units. H&S argued that impoverished bottom-up input
to sememe units encouraged reliance on clean-up interactions, resulting in stronger semantic
attractors.
  Even among recurrent networks with hidden units that build strong attractors with a minimum
number of connections, there are a vast number of possible network architectures. H&S chose
one and demonstrated that its behavior under damage had interesting similarities with the reading
behavior of deep dyslexics. For computational reasons it is clearly not feasible to implement every
alternative architecture in order to investigate the generality of the H&S results. However, it is
important to gain a better understanding of the relevance of the particular aspects of their design. In
this section, we develop ↑ve alternative architectures which differ from the H&S model in terms of
numbers of hidden units, connectivity density, existence of intra-sememe connections, location of
clean-up pathway, and separation of intermediate and clean-up units. We then systematically lesion
each of these networks and compare their behavior using the response criteria as well as one of the
phonological output networks developed in the previous section, in order to better understand the
impact of architectural differences on behavior under damage.

3.1 Alternative architectures

Figure 3.1 depicts each of the ↑ve alternative architectures for mapping orthography to semantics.
The networks, and the main issues they are intended to address, are the following:

   40-60 Intra-sememe connections. This network most closely approximates the original
        H&S network, with 40 intermediate units, 60 clean-up units, and 25% connectivity
        density. However, it lacks any direct connections among sememe units, so it will
        allow us to investigate the importance of such connections. The network has 3252
        connections.

   10-15d Connectivity density. Rather than using 25% connectivity density, the 10-15d net-
        work has complete connectivity between layers. Lesions to this network will allow
        us to evaluate the impact of connectivity density (hence the Ψd˚ in the name). In
        order to keep the number of connections approximately the same as the other net-
        works, only 10 intermediate units and 15 clean-up units were used. The resulting
        network has 3134 connections.

   40-80i Location of clean-up. This network has clean-up prior to semantics, at the level
        of the intermediate units (hence the Ψi˚), rather than within semantics. We can
        thus evaluate the importance of the location of cleanup on behavior under damage,
        and whether the attractors must be semantic in order to produce the H&S results.
        Speci↑cally, the intermediate units are reciprocally interconnected with 80 clean-up
        units, as well as interconnected among themselves. All connection pathways have
        25% density, for a total of 3226 connections.

    80fb Separation of intermediate and clean-up units. Seidenberg & McClelland (1989)
        propose a framework for mapping among orthography, phonology, and seman-
        tics. Although they only implement a feed-forward version of the orthography-to-
        phonology mapping, the 80fb network is intended to approximate their proposed
        orthography-to-semantics pathway. Speci↑cally, 80 intermediate units both send
        connections to the sememe units, and receive feedback connections (hence the Ψfb˚)
        from the sememe units. There are no separate clean-up units, and so this network
        allows us to evaluate the importance of having separate groups of units for this
        function. The network has 25% connectivity density, resulting in 3550 connections.

  40-40fb Hybrid architecture. This network is a hybrid of the Seidenberg & McClelland
        architecture and the H&S architecture. The network includes both feedback con-

                                                 40-60

                                                10-15d

                                                 40-80i

                                                   80fb

                                               40-40fb

Figure 3.1: Five alternative network architectures for mapping orthography to semantics.

            A 0 1 0 1 0 1 1 0 J 1 1 1 0 0 0 0 0 S 0 0 1 0 0 0 0 1
            B 1 0 1 1 1 0 0 1 K 1 0 0 0 1 0 1 1 T 1 1 0 0 0 1 0 0
            C 0 0 1 0 1 0 0 0 L 1 1 0 0 0 0 0 1 U 1 0 1 0 0 1 0 0
            D 1 0 1 1 1 0 0 0 M 1 0 0 0 0 1 1 1 V 0 0 0 0 0 1 1 0
             E 1 1 0 0 1 0 0 0 N 1 0 0 0 0 0 1 0 W 0 0 0 0 0 1 1 1
             F 1 1 0 0 0 0 0 0 O 0 0 1 1 1 1 0 0 X 0 0 0 0 1 1 1 0
            G 0 1 1 0 0 0 0 1 P 1 0 1 1 0 0 0 0 Y 1 0 0 0 0 1 1 0
            H 1 1 0 0 1 1 0 1 Q 0 0 1 1 0 0 1 0 Z 0 1 0 0 0 0 1 1
             I 1 1 0 0 1 1 0 0 R 1 0 1 1 0 0 1 1

Table 3.1: The assignment of features to letters. The meanings of the features are roughly (1)
contains a vertical stroke; (2) contains a horizontal stroke; (3) contains a curved stroke; (4)
contains a closed part; (5) horizontally symmetric; (6) vertically symmetric; (7) contains diagonal
stroke; (8) discriminator between otherwise identical letters.

        nections from sememe to 40 intermediate units and a clean-up pathway with 40
        units. The intermediate units are also intra-connected. Our intention in developing
        this network was to investigate whether having these various means of develop-
        ing attractors would make them more robust. With 25% connectivity density, the
        network has 3626 connections.

3.2 The task

The task of each network is to generate the semantics and phonology of each of the 40 words used
by H&S when presented with its orthography. The representations of semantics and phonology
is the same as was described in Section 2.1.1. However, orthography is represented somewhat
differently, in order to be consistent with related research using other words (described in Section 5).
Instead of using a separate unit for each possible letter at a position, we describe each letter in
terms of a distributed code of eight features, shown in Table 3.1. The set of features was designed
to ensure that visually similar letters (e.g. E and F) have similar representations, while keeping the
number of features to a minimum. Since the H&S word set has some four-letter words, a total of
32 Ψorthographic˚ units will serve as the input layer of each network.

3.3 The training procedure

Each input network was trained in the same way as the H&S network, with two differences. The
↑rst is that, as described in Section 2.1.3, the network was allowed to run for eight instead of seven
iterations. The second difference is that the orthographic input presented to each network was
corrupted by independent gaussian noise with mean 0.0 and standard deviation 0.1. Section 2.2.2
explains how training with noisy input encourages the network to develop more robust attractors.
Training continued until each network could activate the correct semantic features for each word
to within 0.1 of its correct value. For each network, the following number of sweeps through the
set of words was required:

                          Network Sweeps
                            40-60 2640
                           10-15d 3625
                            40-80i 14008
                             80fb 7302
                           40-40fb 4083

Training required a few thousand sweeps for all but the 40-80i network. The reason that this latter
network took so much longer is that it lacks any interactions among sememe units, so these units
cannot clean themselves up into near-binary responses. They must rely on the clean-up at the
intermediate level to eliminate the in↓uences of noise and drive them appropriately. Driving units
into binary responses using only feed-forward connections typically involves traversing down the
bottom of a long, shallow ravine in weight space, which requires many sweeps through the training
set (see Plaut & Hinton, 1987).
  Once each input network had learned to correctly map from orthography to semantics, the
phonological output networks developed in Section 2 were combined with separate instances of
each. The weights in the output networks were then allowed to tune themselves while the weights
in each input network were held ↑xed. After this ↑nal training, which took at most a few hundred
additional training sweeps, each combined network would correctly derive the phonology (and
semantics) of each word from its orthography.

3.4 The effects of lesions

Twenty instances of lesions of a range of severity were applied to the main sets of connections
in each input network in isolation, as well as to each network combined with the noIP and IP
phonological output networks. Correct, omission, and error responses were accumulated using
the response criteria for the isolated networks, and using a minimum response probability of 0.6
for the combined networks. Each error response was categorized in terms of its visual, semantic,
and phonological similarity to the stimulus. The percentages of overall correct responses and
distributions of error types were then determined for each network. For reasons of space we
present here only a small selection of the results�for more details, see Plaut (1991). In particular,
we only present data using the output network without intra-phoneme connections because the
only differences between its pattern of results and that using the IP network are those previously
described in Section 2. In addition, we present only speci↑c examples of the more detailed analyses
of individual networks. For instance, the basic analyses of the type carried out by H&S are given
for two networks only, namely the 40-60 network (Figure 3.2) and the 40-80i network (Figure 3.3).

3.5 Summary of architecture comparisons

3.5.1 Generality of the H&S ↑ndings

There are a number of general conclusions that can be drawn from the properties of this set of
networks. The overall pattern of results with respect to correct performance and explicit error

Figure 3.2: Overall correct performance and error distributions for the 40-60 network using the
response criteria and the output network without intra-phoneme connections.

Figure 3.3: Overall correct performance and error distributions for the 40-80i network using the
response criteria and the output network without intra-phoneme connections.

                Direct pathway lesions Clean-up pathway lesions
                O⇒I I⇒S S⇒C or I⇒C C⇒S or C⇒I
     Network Correct Errors Correct Errors Correct Errors Correct Errors
       40-60 21.9 11.8 42.9 4.1 85.3 0.4 74.9 0.4
      10-15d 38.1 31.5 50.1 8.6 80.3 3.0 81.9 1.4
      40-80i 27.9 7.1 14.1 0.0 56.5 2.5 59.3 2.3
       80fb 29.4 13.3 9.6 1.4 91.0 0.3
     40-40fb 31.5 14.0 46.9 2.5 96.0 0.0 90.3 0.3

Table 3.2: Correct and error rates using the response criteria after lesions of severity p = 0.3 to

each set of connections in each network▷ For the 80fb network S⇒I lesions are listed under ΨS⇒C

or I⇒C,˚ and the I⇒S connections should be considered part of the clean-up pathway.

rates after lesioning is shown in Table 3.2. Two results are clearly apparent. First, as in the original
H&S simulations, lesions to the clean-up pathway are less deleterious than those to the direct
pathway. However, another aspect of the H&S ↑ndings does not generalize. For some networks,
I⇒S lesions are more damaging than O⇒I lesions, but for others the opposite effect holds.
  The most important ↑ndings are those that concern the generality of the theoretically critical
results obtained by H&S. These fall into two parts. H&S’s main conclusion was that all types of
error�visual, semantic, and mixed�occur with all locations of lesions. As illustrated in Table 3.3,
with a few minor exceptions concerning lesion sites that give rise to very low absolute error rates
(all of which are included in the Table), this ↑nding generalizes to all the other networks examined,
as well as to lesions to output connections (S⇒Ip and Ip⇒P, see Section 2.4). In particular,
the success of the 80fb network in replicating the H&S results demonstrates that those results
do not depend on having a separate set of clean-up units to perform semantic micro-inferences.
Intermediate units can learn both to convey information about orthography and to interact with
semantics to form attractors for word meanings. However, using intermediate units in this way has
implications for the distribution of error types�in particular, the rates of mixed visual-and-semantic
errors.
  A second ↑nding of H&S was that mixed visual-and-semantic errors occur more frequently
than one would expect given the independent rates of visual errors and of semantic errors. This
↑nding appears to be less general than the simple co-occurrence of error types. The replication
of the H&S network (described in Section 2), using the original input representation and trained
without noise, also exhibits higher than expected mixed rates (except when using the IP output
network, or for lesions to an output pathway). However, among networks using the distributed
letter representations and trained with noise, the effect is only found when the intermediate units
are directly involved in developing attractors�the 40-80i, 80fb, and 40-40fb networks, but not the
40-60 and 10-15d networks (see Figures 3.2 and 3.3).
  Why might these differing patterns of effects occur? One possibility is that the 40-60 and
10-15d networks form strong semantic attractors using the clean-up pathway, so that maximum
visual similarity effects occur at a considerably earlier stage of processing than maximum semantic
similarity effects. Thus the transformation from visual to semantic similarity is realized through
separable stages. The networks trained without noise form weaker semantic attractors using the

                           Overall Conditional probabilities
                          Error Rates Vis&
            Network Lesion n Rate Vis Sem Sem Other
                    O⇒I 7 7.3 46.7 14.9 16.9 21.5
              40-60 I⇒S 7 3.7 29.8 16.8 36.5 16.8
                    C⇒S 6 0.3 � 35.7 50.0 14.3
                    O⇒I 8 25.0 53.4 14.4 10.3 21.9
             10-15d S⇒C 6 3.6 35.1 32.2 27.0 5.7
                    C⇒S 6 0.5 � 60.0 36.0 4.0
                    O⇒I 6 5.3 45.3 22.8 21.3 10.6
              40-80i I⇒Ci 7 1.6 9.0 61.8 27.0 2.2
                    I⇒S 4 0.2 � 40.0 60.0 �
                    O⇒I 6 8.1 43.7 21.3 15.2 19.8
               80fb I⇒S 4 1.8 11.9 45.8 33.9 8.5
                    S⇒I 3 0.7 � 68.8 18.8 12.5
                    O⇒I 6 9.6 45.0 17.4 18.7 18.9
             40-40fb I⇒S 5 1.7 12.1 31.8 50.0 6.1
                    C⇒S 5 0.7 � 28.6 71.4 �
            Chance Distribution 29.9 6.2 11.8 52.2

Table 3.3: The distributions of error types produced by representative lesions that resulted in 25-
75% correct performance in each network using the response criteria. Ψn˚ refers to the number of
lesion severities producing performance falling within the 25-75% range, and ΨRate˚ is the average
percentage of word presentations producing explicit error responses for these lesions.

clean-up units, so that more of the work of mapping visual to semantic similarity is carried out
by the direct pathway. This compresses the stages over which visual and semantic similarity
operate, and therefore makes interactions between them in the stimulus set�the potential for
mixed errors�more critical. This is also true of the networks in which intermediate units are
involved in implementing attractors. In these networks, the attractors lie at a stage where visual
and semantic in↓uences cannot be separated. It should be pointed out that this account is somewhat
speculative�the main point is that the mixed error ↑ndings of H&S, while narrowly robust, do
not generalize to all lesion sites of all connectionist networks. It is a consequence of particular
characteristics of some network architectures.

3.5.2 The strength of attractors

At a more general theoretical level, the argument that H&S put forward of the importance of
attractors in the generation of errors is borne out. The robustness of a network to lesions of a set
of connections, measured by the rate of correct performance, increases with the strength of the
attractors at levels after the locus of damage. At the same time, the rates of explicit errors from
lesions to these connections also rise. In essence, the attractors serve to clean-up both correct and
incorrect responses, reducing the number of omissions caused by damage. In contrast, lesions at
or beyond the level of the last attractors in a network produce a very low rate of overt responses,
both correct and incorrect.
  This effect can be seen by comparing the 40-60 network with the 10-15d network. Both
networks use the same input and output representations, were trained identically, and develop
attractors at the semantic level. However, the overall correct performance and explicit error rates
of the 10-15d network are higher than for the 40-60 network for both O⇒I and I⇒S lesions,
using both the response criteria (see Table 3.2) and the noIP output network. The 10-15d network
develops stronger attractors because its full connectivity between layers makes it more effective
than the 40-60 network at implementing semantic micro-inferences that depend on the interaction
of two or more semantic features on a third. The probability that the semantic features involved
will be appropriately connected to some clean-up unit is 1.0 in the 10-15d network but quite small
in the 40-60 network due to its 25% connectivity density. The replication of the H&S network,
which it was argued above has weaker semantic attractors than the 40-60 network, is less robust
overall to lesions of the direct pathway (although the balance between O⇒I and I⇒S is reversed,
see Figure 2.5) and has lower explicit error rates.
  For the 40-80i and 80fb networks, correct and error rates are comparable to those of the 40-60
network for O⇒I lesions, which are before the level at which their attractors operate. A different
pattern is obtained from lesions to I⇒S connections, which are Ψpost-attractor˚ for the 40-80i
network, Ψwithin-attractor˚ for the 80fb network, and Ψpre-attractor˚ for the 40-60 network. Both
the correct and error rates are much lower (using the response criteria) for the ↑rst two networks
than for the 40-60 network (e.g. I⇒S(0.3), correct: 14.1% 40-80i and 9.6% 80fb vs. 42.9% 40-60;
errors: 0.2% 40-80i and 1.8% 80fb vs. 3.7% 40-60).

                                   8The very low error rate for the post-attractor
I⇒S lesions in the 40-80i network reinforces the arguments presented earlier that the occurrence
of explicit errors depends on damaged input being cleaned-up into an incorrect attractor.
  8Not surprisingly, the hybrid 40-40fb network shows hybrid characteristics.

3.5.3 Error types

For all networks, error rates are much higher for O⇒I lesions than for I⇒S ones, presumably
because the output of the undamaged I⇒S connections will be more likely to be closer to a word
representation than will their damaged output. In addition, for the networks that have attractors
only at the semantic level (H&S replication, 40-60, 10-15d), both the absolute and relative rates
of visual errors drop sharply between O⇒I and I⇒S lesions, and the absolute and relative rates
of semantic errors climb�the absolute rise is a modest one and limited to the criteria conditions.
This general trend is shown directly in the biases towards semantic instead of visual similarity in
errors (as compared with word pairs chosen at random) for Ψlate˚ compared with Ψearly˚ lesions in
the network (see Table 3.3). These ↑ndings are similar to those obtained by H&S and indicate that
such networks can give rise to the quantitative differences in the distribution of error types found
across deep dyslexic patients.

3.5.4 The nature of intermediate representations

Additional analyses of the nature of the intermediate representations, not undertaken by H&S, were
carried out with these networks. The representations at the level of the intermediate layer can be
thought of as ↑nding a compromise or Ψsplitting the difference˚ between the visual similarity of
the input and the semantic similarity of the output. It is informative to have a measure of the extent
that the representations in different parts of a network, or at different times during settling, are
structured visually vs. semantically. One way to do this is to run the network and determine the
pattern of activity that represents each word at a given layer and iteration. We can then compute
the similarity matrix for these representations�that is, the set of proximity values for all pairs
of patterns. If the representations are structured semantically, their pairwise proximities should
approximate those among the actual semantic representations (shown in Figure 1.2, p. 9). Thus the
degree of correlation of the two sets of proximity values (which we will call Ψsemantic˚ correlation)
provides a numeric measure of the extent that the patterns of activity for each word at a given layer
and iteration are structured semantically. An analogous Ψvisual˚ correlation re↓ects the degree to
which the representations are visually structured.
  To illustrate some of the important differences in the organization of intermediate represen-
tations in networks, Figure 3.4 presents the visual and semantic correlations of intermediate and
semantic layers representations across all eight iterations in the 40-60 and 40-80i networks. First
notice that the intermediate layer representations in the 40-60 network remain constant over the eight
iterations because this layer is prior to the level at which attractors operate. These representations
are much more visually than semantically organized (0.69 visual vs. 0.13 semantic correlation).
In fact, the intermediate layer representations in the 40-80i network are even less semantically
organized initially (0.04 correlation). However, interactions with clean-up units eventually gen-
erate intermediate layer representations that are more semantically than visually organized (0.49
semantic vs. 0.34 visual). In this way, intermediate units in the 40-80i network eventually perform
more of the task of converting from visual to semantic similarity than those in the 40-60 network.
  Interestingly, the initial semantic representations in the 40-60 network are much more semanti-
cally organized (0.50) than those in the 40-80i network (0.12). In the 40-60 network, the transition
to completely semantic organization is quite abrupt at iteration 4, when the clean-up units ↑rst pro-
vide strong input. In contrast, the conversion from visual to semantic organization at the semantic

          40-60 network 40-80i network

Figure 3.4: The visual and semantic correlations of representations at the intermediate and semantic
layers of the 40-60 network (left) and 40-80i network (right) across all eight iterations. Curves
for the semantic layer begin at iteration 2 because this is when the layer ↑rst receives input from
the direct pathway. Notice that a semantic correlation of 1.0 for the semantic layer over the last 3
iterations re↓ects the fact that the networks are performing the task accurately.

layer is much more gradual in the 40-80i network. These representations rely more heavily on
semantic organization at the intermediate layer because they have no separate clean-up units to
drive them into their appropriate ↑nal states.

  We now turn to an number of separate issues that concern more detailed aspects of the pattern
of correct and impaired performance shown to varying degrees by all of these networks. These
considerations serve both to verify that the general effects produced by the networks aren’t due to
idiosyncratic characteristics of the word set or interpretation procedure, and also to demonstrate
that the networks behave like deep dyslexics in terms of the pattern of responses after individual
lesions in addition to exhibiting a similar overall pattern of performance when averaged across
lesions.

3.6 Item- and category-speci↑c effects

The small size of the H&S word set raises the possibility that many of the effects arise from
idiosyncratic characteristics of the word set itself, and not to any real systematic relationship
between orthography and semantics. In particular, it is possible that only a handful of words
account for most of the errors. In this section we address the extent that the effects we have
demonstrated are distributed across the entire word set.
  Considering correct performance ↑rst, although there is a reasonable amount of variability
among words, it is not the case that some words are always impaired or intact regardless of the
type of damage. Thus for the 40-60 network using the response criteria, overall correct rates per
word vary between 34.6% (LOG) and 81.5% (CAT). The pattern of overall correct performance is
somewhat different depending on how output is generated, although the correlation between the
correct rates using the response criteria and those using the noIP output network is moderate but
signi↑cant (0.47, p < .005↽▷

There are also some systematic differences in correct performance across categories▷ In fact particular lesions in some networks can produce quite dramatic category effects that are even more pronounced than those observed by HςS ↼see Figure 3▷5↽▷ For example C⇒S(0.7) lesions in the

10-15d network produce a striking selective preservation of Ψanimals˚ and selective impairment
of Ψbody parts˚ relative to the other categories, as well as relative to other lesions yielding similar
overall correct performance, such as I⇒S(0.4). Interestingly, the 40-40fb network also shows a
selective preservation of Ψanimals˚ with C⇒S(0.7) lesions, but now Ψfoods˚ and Ψoutdoor objects˚
rather than Ψbody parts˚ are selectively impaired. The nature of the selective de↑cits observed after
damage appears to have as much to do with the particular characteristics of individual networks
as with the relationships among semantic representations. In fact, the selective preservation of
Ψfoods˚ found by H&S did not arise in a second network that only differed from the ↑rst in its
initial random weights�a type of variation typically not considered important (but see Kolen &
Pollack, 1991). Clearly more research is required to understand these effects.
  Turning to a consideration of item effects in error responses, we will take the 40-60 network as
an example, as it is the closest to the original H&S model. Visual errors are distributed throughout
the word set. Only four of the words, BED, PIG, RAT, and HIP, produce no visual errors for any of the
lesions. For the rest of the words there is a wide range of rates, with the highest being for COT and
PORE, both having about four times the average rate. In fact, there is a signi↑cant correlation (0.49,

p < .005↽ between the observed visual error rates and the expected rates given the distribution of

1015d network ↼response criteria↽ 4040fb network ↼response criteria↽ Figure 3▷5. Correct performance for words in each category after lesions of I⇒S(0.4) and C⇒S(0.7)

in the 10-15d network (left), and I⇒S(0.3) and C⇒S(0.7) in the 40-40fb network (right).

visual similarity throughout the word set. Thus the distribution of visual errors across words is
relatively unbiased with respect to visual similarity.
  Semantic errors are somewhat less uniformly distributed. Nine of the words produce no
semantic errors, while DOG produces almost twice as many as the word with the next highest rate,
GEM. ΨOutdoor objects˚ have a uniformly low rate of semantic errors, while the rates for Ψbody
parts˚ are relatively high and distributed throughout the category. While the seven words with the
highest rates account for 56% of the semantic errors, the remaining errors are spread across all but
9 of the 33 remaining words. The correlation of the distribution semantic errors with that expected
from the semantic similarity of the word set is marginally signi↑cant (0.30, p < .06↽▷

In contrast the network shows a strong bias to produce mixed visualandsemantic errors for particular pairs of words▷ Almost half ↼18↽ of the words do not produce any mixed errors▷ Of the remaining words the top three ↼PAN HIP and LIP↽ account for 45ϱ of the errors, the top six over 65ϱ▷ There is virtually no correlation ↼0▷09↽ between the distribution of mixed errors across words and the distribution of visualandsemantic similarity▷ Overall the variation of the rates of various types of errors across words demonstrates that the effects in error patterns produced under damage do not arise from idiosyncratic characteristics of a few words▷ A possible exception is the mixed visualandsemantic errors�the one theoretically important topic where the original HςS αndings did not generalize consistently▷ However the considerable degree of variability of error types across categories raises a concern about the use of these categories in deαning semantic similarity▷ In the next section we address this issue directly▷ 3▷7 Deαnitions of visual and semantic similarity Following HςS and as described in Section 1▷3▷4 we have considered a pair of words to be visually similar if they overlap in at least one letter and semantically similar if they come from the same category▷ These deαnitions are intended to approximate the criteria used in categorizing the reading responses of patients▷ However they are at best only coarse approximations▷ Thus our deαnition of visual similarity is somewhat more lax than that used for patients where typically a stimulus and response must share at least 50ϱ of their letters to be considered a visual error ↼Morton ς Patterson 1980↽▷ In order to ensure that our results are not biased by the particular deαnitions of similarity we used we reclassiαed the errors produced by the 4060 network using criteria for visual and semantic similarity based on the actual proximity values of each stimulusresponse pair▷ For ease of comparison the values of these criteria were deαned so that the incidence of error types among all word pairs occurring by chance approximated that for the original deαnitions▷ Speciαcally a pair of words were considered visually similar if the proximity of their orthographic representations was greater than 0▷55 and semantically similar if the proximity of their semantic representations was greater than 0▷47▷ While these criteria result in only a 0▷5ϱ decrease in the incidence of visual similarity and a 1▷3ϱ increase in the incidence of semantic similarity they signiαcantly change the distributions of these similarities over word pairs▷ This is because proximity is based on shared features so that letters can resemble other letters without being identical and words can be semantically related without being in the same category▷ As a result there is only a 0▷64 correlation between the assignment of visual similarity using letter overlap and using the proximity criterion▷ The correlation for semantic similarity is only 0▷72▷ For both only about threefourths of the word pairs that are similar using the original deαnitions remain so using the proximity criteria▷

In fact for lesions to the 4060 network the distribution of error types using the proximitybased deαnitions of visual and semantic similarity is remarkably similar to the distribution obtained with the original deαnitions ↼shown in the right side of Figure 3▷2 p▷ 42↽▷ When the response criteria are used the only signiαcant difference is that the proximitybased deαnitions result in a lower rate of Ψotherν errors for lesions of the direct pathway▷ Thus many of the error responses that are considered unrelated to the stimulus when using the original deαnitions do actually reβect the inβuences of visual or semantic similarity when measured more accurately▷ However it should be noted that Ψotherν errors still occur as they do in patients▷ This effect is not apparent when using the noIP output network although O⇒I lesions do produce a slightly higher rate of semantic errors

with the proximity-based de↑nitions. Overall, the similarity of the pattern of results indicates that
the use of the original de↑nitions for visual and semantic similarity, in terms of letter overlap and
category membership, does not signi↑cantly bias the results.

3.8 Visual-then-semantic errors

In addition to producing error responses that are directly related to the stimulus either visually
or semantically, deep dyslexics occasionally produce errors in which the relationship between
stimulus and response is more complex. For example, Marshall & Newcombe’s (1966) patient GR
read SYMPATHY as Ψorchestra.˚ They considered this a visual error, SYMPATHY ⇒ ⊖∫†⇕√⟨≀\†⪰⇔

{≀↕↕≀⊒⌉⌈ ⌊† ⊣ ∫⌉⇕⊣\⊔⟩⌋ ⌉∇∇≀∇⇔ SYMPHONY ⇒ ⊖≀∇⌋⟨⌉∫⊔∇⊣⪰⇔ ⊣\⌈ ∫≀ ⊔⌉∇⇕⌉⌈ ⟩⊔ ⊣ ⊖⊑⟩∫⊓⊣↕↖⊔⟨⌉\↖∫⌉⇕⊣\⊔⟩⌋⪰ ⌉∇∇≀∇↙ S⊓⌊∫⌉∐⊓⌉\⊔↕†⇔ ⊔⟨⟩∫ ⊔†√⌉ ≀{ ⌉∇∇≀∇ ⟨⊣∫ ⌊⌉⌉\ ≀⌊∫⌉∇⊑⌉⌈ ⟩\ ⊣ \⊓⇕⌊⌉∇ ≀{ ≀⊔⟨⌉∇ ⌈⌉⌉√ ⌈†∫↕⌉§⟩⌋ √⊣⊔⟩⌉\⊔∫ ⇐∫⌉⌉ C≀↕⊔⟨⌉⊣∇⊔⇔ ∞∃∀′⊣⇒�≀⊔⟨⌉∇ ⌉§⊣⇕√↕⌉∫ ⟩\⌋↕⊓⌈⌉ STREAM ⇒ ⇐∫⊔⌉⊣⇕⇒ ⇒ ⊖⊔∇⊣⟩\⪰ ⌊† HT ⇐S⊣{{∇⊣\ ⌉⊔ ⊣↕↙⇔ ∞∃⇏⇔ FAVOUR ⇒ ⇐⊙⊣⊑≀⊓∇⇒ ⇒ ⊖⊔⊣∫⊔⌉⪰ ⌊† DE ⊣\⌈ COPIOUS ⇒ ⇐⌋≀√⟩⌉∫⇒ ⇒ ⊖⌋⊣∇⌊≀\⪰ ⌊† PW ⇐P⊣⊔⊔⌉∇∫≀\⇔ ∞∃∃⇒↙ A↕⊔⟨≀⊓}⟨ ⊑⟩∫⊓⊣↕↖⊔⟨⌉\↖∫⌉⇕⊣\⊔⟩⌋ ⌉∇∇≀∇∫ ⊣∇⌉ ∐⊓⟩⊔⌉ ∇⊣∇⌉⇔ ⊔⟨⌉ √≀∫∫⟩⌊⟩↕⟩⊔† ≀{ ⊔⟨⌉⟩∇ ≀⌋⌋⊓∇∇⌉\⌋⌉ ⊣⊔ ⊣↕↕ ⟩∫ ∇⊣⊔⟨⌉∇ √⌉∇√↕⌉§⟩\}⇔ ⊣\⌈ ⌋⌉∇⊔⊣⟩\↕† ⊔⟨⌉≀∇⌉⊔⟩⌋⊣↕↕† ∇⌉↕⌉⊑⊣\⊔↙ W⌉ ‖\≀⊒ ≀{ \≀ ⊣⊔⊔⌉⇕√⊔ ⊔≀ ⌉§√↕⊣⟩\ ⊔⟨⌉⇕ ≀⊔⟨⌉∇ ⊔⟨⊣\ M⊣∇∫⟨⊣↕↕ ↘ N⌉⊒⌋≀⇕⌊⌉≃∫ ⇐∞∃∋⇒ ∇⌉⇕⊣∇‖ ⊔⟨⊣⊔ ⊔⟨⌉† ⊣∇⌉ ↑⌋≀⇕√≀⊓\⌈ ⇕⟩∫⊔⊣‖⌉∫ ⊒⟨⟩⌋⟨ ⊣∇⌉ ⊣ {⊓\⌋⊔⟩≀\ ≀{ ⇕⟩∫√⌉∇⌋⌉√⊔⟩≀\ √↕⊓∫ ∫⌉⇕⊣\⊔⟩⌋ ∫⊓⌊∫⊔⟩⊔⊓⊔⟩≀\↑ ⇐√↙ ∞∀⇏↙ T⟨⌉† ∫⌉⌉⇕ ⊔≀ ⌊⌉ }⌉\⌉∇⊣↕↕† ⊣∫∫⊓⇕⌉⌈ ⊔≀ ⊣∇⟩∫⌉ {∇≀⇕ ⌋≀⇕⌊⟩\⟩\} ⊔⊒≀ ∫⌉√⊣∇⊣⊔⌉ ⌉∇∇≀∇∫↙ G⟩⊑⌉\ ⊔⟨⊣⊔ ⊑⟩∫⊓⊣↕↖⊔⟨⌉\↖∫⌉⇕⊣\⊔⟩⌋ ⌉∇∇≀∇∫ ⊣∇⌉ ⊣\ ⊣⌋‖\≀⊒↕⌉⌈}⌉⌈ ⌋⟨⊣∇⊣⌋⊔⌉∇⟩∫⊔⟩⌋ ≀{ ⌈⌉⌉√ ⌈†∫↕⌉§⟩⌋ ∇⌉⊣⌈⟩\}⇔ ⊔⟨⌉ ∐⊓⌉∫⊔⟩≀\ ⊣∇⟩∫⌉∫ ⊣∫ ⊔≀ ⊒⟨⌉⊔⟨⌉∇ ⊔⟨⌉† ≀⌋⌋⊓∇ ⊣{⊔⌉∇ ∫⟩\}↕⌉ ↕⌉∫⟩≀\∫ ⊔≀ ≀⊓∇ \⌉⊔⊒≀∇‖∫↙ B⌉⌋⊣⊓∫⌉ ⊔⟨⌉ ∫⊔⟩⇕⊓↕⊓∫ ⊣\⌈ ∇⌉∫√≀\∫⌉ ≀{ ⊣ ⊑⟩∫⊓⊣↕↖⊔⟨⌉\↖∫⌉⇕⊣\⊔⟩⌋ ⌉∇∇≀∇ ⊣∇⌉ \⌉⟩⊔⟨⌉∇ ⊑⟩∫⊓⊣↕↕† \≀∇ ∫⌉⇕⊣\⊔⟩⌋⊣↕↕† ∇⌉↕⊣⊔⌉⌈⇔ ⊓√ ⊓\⊔⟩↕ \≀⊒ ⊒⌉ ⊒≀⊓↕⌈ ⌋↕⊣∫∫⟩{† ∫⊓⌋⟨ ⌉∇∇≀∇∫ ⊣∫ ⊖≀⊔⟨⌉∇↙⪰ H⌉\⌋⌉⇔ ⊒⌉ ⊣\⊣↕†‡⌉⌈ ⊔⟨⌉ ⊖≀⊔⟨⌉∇⪰ ⌉∇∇≀∇∫ √∇≀⌈⊓⌋⌉⌈ ⌊† ⊔⟨⌉ △′↖′̸ \⌉⊔⊒≀∇‖ ⊔≀ ⌈⌉⊔⌉∇⇕⟩\⌉ ⊒⟨⌉⊔⟨⌉∇ ∫≀⇕⌉ ≀{ ⊔⟨⌉⇕ ⊣∇⌉ ⇕≀∇⌉ ⊣√√∇≀√∇⟩⊣⊔⌉↕† ⌋↕⊣∫∫⟩⊘⌉⌈ ⊣∫ ⊑⟩∫⊓⊣↕↖⊔⟨⌉\↖∫⌉⇕⊣\⊔⟩⌋↙ A ⊑⟩∫⊓⊣↕↖⊔⟨⌉\↖∫⌉⇕⊣\⊔⟩⌋ ⌉∇∇≀∇ ≀⌋⌋⊓∇∫ ⊒⟨⌉\ ⊔⟨⌉ ∫⊔⟩⇕⊓↕⊓∫ ⊣\⌈ ∇⌉∫√≀\∫⌉ ⊣∇⌉ ⊓\∇⌉↕⊣⊔⌉⌈⇔ ⌊⊓⊔ ⊔⟨⌉∇⌉ ⟩∫ ⊣ ⊔⟨⟩∇⌈ ⊒≀∇⌈⇔ ⊒⟨⟩⌋⟨ ⊒⌉ ⊒⟩↕↕ ⌋⊣↕↕ ⊔⟨⌉ ⊖⌊∇⟩⌈}⌉⇔⪰ ⊔⟨⊣⊔ ⟩∫ ⊑⟩∫⊓⊣↕↕† ∇⌉↕⊣⊔⌉⌈ ⊔≀ ⊔⟨⌉ ∫⊔⟩⇕⊓↕⊓∫⇔ ∫⌉⇕⊣\⊔⟩⌋⊣↕↕† ∇⌉↕⊣⊔⌉⌈ ⊔≀ ⊔⟨⌉ ∇⌉∫√≀\∫⌉⇔ ⊣\⌈ ⊒⊣∫ ⌈⟩∇⌉⌋⊔↕† ⟩\⊑≀↕⊑⌉⌈ ⟩\ √∇≀⌈⊓⌋⟩\} ⊔⟨⌉ ⌉∇∇≀∇↙ T⟨⟩∫ ↕⊣∫⊔ √≀⟩\⊔ ⟩∫ ⊣∫∫⊓⇕⌉⌈ {≀∇ √⊣⊔⟩⌉\⊔ ⌉∇∇≀∇∫ ⌊⌉⌋⊣⊓∫⌉ ⊔⟨⌉ ↕⟩‖⌉↕⟩⟨≀≀⌈ ≀{ ⊣ ∇⌉∫√≀\∫⌉ ⌊⌉⟩\} ⊣√√∇≀√∇⟩⊣⊔⌉↕† ∇⌉↕⊣⊔⌉⌈ ⊔≀ ⊔⟨⌉ ∫⊔⟩⇕⊓↕⊓∫ ⌊† ⌋⟨⊣\⌋⌉ ⟩∫ ⊣∫∫⊓⇕⌉⌈ ⊔≀ ⌊⌉ \⌉}↕⟩}⟩⌊↕⌉↙ H≀⊒⌉⊑⌉∇⇔ ⟩\ ⊔⟨⌉ ∫⟩⇕⊓↕⊣⊔⟩≀\∫ ⊔⟨⌉ ∫⇕⊣↕↕ ∫⟩‡⌉ ≀{ ⊔⟨⌉ ⊒≀∇⌈ ∫⌉⊔ ⊣\⌈ ⟨⟩}⟨ ⌋⟨⊣\⌋⌉ ∇⊣⊔⌉ ≀{ ⊑⟩∫⊓⊣↕ ⊣\⌈ ∫⌉⇕⊣\⊔⟩⌋ ∫⟩⇕⟩↕⊣∇⟩⊔† ⇕⊣‖⌉ ⟩⊔ \⌉⌋⌉∫∫⊣∇† ⊔≀ ⌈⌉⇕≀\∫⊔∇⊣⊔⌉ ⊔⟨⊣⊔ ⊔⟨⌉ ∇⌉↕⊣⊔⟩≀\ ≀{ ⊔⟨⌉ √∇⌉∫⊓⇕⌉⌈ ⌊∇⟩⌈}⌉ ⊒≀∇⌈ ⊔≀ ⊔⟨⌉ ∫⊔⟩⇕⊓↕⊓∫ ⊣\⌈ ∇⌉∫√≀\∫⌉ ⌈≀⌉∫ \≀⊔ ⊣∇⟩∫⌉ ⇕⌉∇⌉↕† ⌊† ∇⊣\⌈≀⇕ ∫⌉↕⌉⌋⊔⟩≀\ {∇≀⇕ ⊔⟨⌉ ⊒≀∇⌈ ∫⌉⊔↙ W⟨⌉\ ⊓∫⟩\} ⊔⟨⌉ ⌋∇⟩⊔⌉∇⟩⊣ ⊔≀ }⌉\⌉∇⊣⊔⌉ ∇⌉∫√≀\∫⌉∫⇔ {≀∇ ⌉⊣⌋⟨ ⊖≀⊔⟨⌉∇⪰ ⌉∇∇≀∇ ⊒⌉ ⟩⌈⌉\⊔⟩⊘⌉⌈ ⊔⟨⌉ √≀⊔⌉\⊔⟩⊣↕ ⌊∇⟩⌈}⌉ ⊒≀∇⌈ ⊣∫ ⊔⟨⌉ ≀\⌉ ⊒⟨≀∫⌉ ∫⌉⇕⊣\⊔⟩⌋∫ ⟨⊣⌈ ⊔⟨⌉ ∫⌉⌋≀\⌈↖⌊⌉∫⊔ ⇕⊣⊔⌋⟨ ⊔≀ ⊔⟨≀∫⌉ }⌉\⌉∇⊣⊔⌉⌈ ⌊† ⊔⟨⌉ \⌉⊔⊒≀∇‖ ⊓\⌈⌉∇ ⌈⊣⇕⊣}⌉ ⇐⊔⟨⌉ ⌊⌉∫⊔ ⇕⊣⊔⌋⟨⟩\} ⊒≀∇⌈ ⟩∫ ⊔⟨⌉ ∇⌉∫√≀\∫⌉⇒↙ I{ ⊔⟨⟩∫ ⊒≀∇⌈ ⊒⊣∫ ⊑⟩∫⊓⊣↕↕† ∇⌉↕⊣⊔⌉⌈ ⊔≀ ⊔⟨⌉ ∫⊔⟩⇕⊓↕⊓∫ ⊣\⌈ ∫⌉⇕⊣\⊔⟩⌋⊣↕↕† ∇⌉↕⊣⊔⌉⌈ ⊔≀ ⊔⟨⌉ ∇⌉∫√≀\∫⌉⇔ ⊒⌉ ⌋≀\∫⟩⌈⌉∇⌉⌈ ⊔⟨⌉ ⌉∇∇≀∇ ⊔≀ ⌊⌉ ⊑⟩∫⊓⊣↕↖

∋ THE RELEVANCE OF NETWORK ARCHITECTURE ▽∋ ⊔⟨⌉\↖∫⌉⇕⊣\⊔⟩⌋↙ O{ ⊔⟨⌉ ∞∞△ ⊖≀⊔⟨⌉∇⪰ ⌉∇∇≀∇∫ √∇≀⌈⊓⌋⌉⌈ ⌊† ⊔⟨⌉ △′↖′̸ \⌉⊔⊒≀∇‖⇔ △∃ ⇐△∋↙′↗⇒ ∫⊣⊔⟩∫⊘⌉⌈ ⊔⟨⌉∫⌉ ⌋∇⟩⊔⌉∇⟩⊣↙ T⟨⌉ ⌋⟨⊣\⌋⌉ ∇⊣⊔⌉ ≀{ ⊑⟩∫⊓⊣↕↖⊔⟨⌉\↖∫⌉⇕⊣\⊔⟩⌋ ⌉∇∇≀∇∫ ⌋⊣\ ⌊⌉ ⌋⊣↕⌋⊓↕⊣⊔⌉⌈ ⌊† ⌉∫⊔⟩⇕⊣⊔⟩\} ⟨≀⊒ ≀{⊔⌉\ ⊔⟨⌉ \⌉§⊔↖⌊⌉∫⊔ ⇕⊣⊔⌋⟨⟩\} ⊒≀∇⌈ ⊒≀⊓↕⌈ ⇕⌉⌉⊔ ⊔⟨⌉ ⌋∇⟩⊔⌉∇⟩⊣ ⌉⊑⌉\ ⟩{ ⟩⊔ ⟨⊣⌈ \≀ ⟩\⊙⊓⌉\⌋⌉ ≀\ ⊔⟨⌉ ⌉∇∇≀∇↙ T⟨⟩∫ ∇⊣⊔⌉ ⟩∫ |⊓∫⊔ ⊔⟨⌉ ⌋⟨⊣\⌋⌉ ∇⊣⊔⌉ ⊔⟨⊣⊔ ⊔⟨⌉ ⌊∇⟩⌈}⌉ ⟩∫ ⊑⟩∫⊓⊣↕↕† ∇⌉↕⊣⊔⌉⌈ ⊔≀ ⊔⟨⌉ ∫⊔⟩⇕⊓↕⊓∫ ⊔⟩⇕⌉∫ ⊔⟨⌉ ⌋⟨⊣\⌋⌉ ∇⊣⊔⌉ ⊔⟨⊣⊔ ⟩⊔ ⟩∫ ∫⌉⇕⊣\⊔⟩⌋⊣↕↕† ∇⌉↕⊣⊔⌉⌈ ⊔≀ ⊔⟨⌉ ∇⌉∫√≀\∫⌉⇔ }⟩⊑⌉\ ⊔⟨⊣⊔ ⊔⟨⌉ ∇⌉∫√≀\∫⌉ ⟩∫ \⌉⟩⊔⟨⌉∇ ⊑⟩∫⊓⊣↕↕† \≀∇ ∫⌉⇕⊣\⊔⟩⌋⊣↕↕† ∇⌉↕⊣⊔⌉⌈ ⊔≀ ⊔⟨⌉ ∫⊔⟩⇕⊓↕⊓∫↙ T⟨⌉ ⊘∇∫⊔ ⊔⌉∇⇕ ⟩∫ |⊓∫⊔ ⊔⟨⌉ ≀⊑⌉∇⊣↕↕ ∇⊣⊔⌉ ≀{ ⊑⟩∫⊓⊣↕ ∫⟩⇕⟩↕⊣∇⟩⊔† {≀∇ ⊒≀∇⌈ √⊣⟩∇∫ ≀⊔⟨⌉∇ ⊔⟨⊣\ ⊔⟨⌉ ∫⊔⟩⇕⊓↕⊓∫ ⊣\⌈ ∇⌉∫√≀\∫⌉ ⇐∈∃↙∃↗⇒↙ T⟨⌉ ∇⊣⊔⌉ ⊔⟨⊣⊔ ⊔⟨⌉ ⌊∇⟩⌈}⌉ ⊣\⌈ ∇⌉∫√≀\∫⌉ ⊣∇⌉ ∫⌉⇕⊣\⊔⟩⌋⊣↕↕† ∇⌉↕⊣⊔⌉⌈ ⌊† ⌋⟨⊣\⌋⌉ ⟩∫ ⇕⊓⌋⟨ ⟨⟩}⟨⌉∇ ⊔⟨⊣\ ⊔⟨⌉ ≀⊑⌉∇⊣↕↕ ∇⊣⊔⌉ ≀{ ∫⌉⇕⊣\⊔⟩⌋ ∫⟩⇕⟩↕⊣∇⟩⊔† ⌊⌉⌋⊣⊓∫⌉ ⊔⟨⌉ ⌊∇⟩⌈}⌉ ⊒≀∇⌈ ⊒⊣∫ ∫⌉↕⌉⌋⊔⌉⌈ ≀\ ⊔⟨⌉ ⌊⊣∫⟩∫ ≀{ ⟨≀⊒ ⊒⌉↕↕ ⟩⊔∫ ∫⌉⇕⊣\⊔⟩⌋∫ ⇕⊣⊔⌋⟨ ⊔⟨≀∫⌉ }⌉\⌉∇⊣⊔⌉⌈ ⌊† ⊔⟨⌉ \⌉⊔⊒≀∇‖ ⇐⊒⟨⟩⌋⟨ ⇕⊣⊔⌋⟨ ⊔⟨⌉ ∇⌉∫√≀\∫⌉ ⌊⌉∫⊔⇒↙ W⌉ ⌋⊣\ ⊓∫⌉ ⊣∫ ⊣\ ⌉∫⊔⟩⇕⊣⊔⌉ ⊔⟨⌉ ∇⊣⊔⌉ ⊣⊔ ⊒⟨⟩⌋⟨ ⊔⟨⌉ ∇⌉∫√≀\∫⌉ ⊣\⌈ ⌊∇⟩⌈}⌉ ⊒≀∇⌈∫ ⊣∇⌉ ∫⌉⇕⊣\⊔⟩⌋⊣↕↕† ∇⌉↕⊣⊔⌉⌈ ≀⊑⌉∇ ⊣↕↕ ⊖≀⊔⟨⌉∇⪰ ⌉∇∇≀∇∫ √∇≀⌈⊓⌋⌉⌈ ⌊† ⊔⟨⌉ \⌉⊔⊒≀∇‖⇔ ⊒⟨⟩⌋⟨ ⟩∫ ∀∋↙∋↗↙ T⟨⊓∫ ⊔⟨⌉ ⌋⟨⊣\⌋⌉ ∇⊣⊔⌉ ≀{ ⊑⟩∫⊓⊣↕↖⊔⟨⌉\↖∫⌉⇕⊣\⊔⟩⌋ ⌉∇∇≀∇∫ ⟩∫ ⊣√√∇≀§⟩⇕⊣⊔⌉↕† ∈△↙∃↗⇔ ⊒⟨⟩⌋⟨ ⟩∫ ≀\↕† ∫↕⟩}⟨⊔↕† ⇕≀∇⌉ ⊔⟨⊣\ ⟨⊣↕{ ⊔⟨⌉ ≀⌊∫⌉∇⊑⌉⌈ ∇⊣⊔⌉↙ W⟨⌉\ ⊓∫⟩\} ⊣\ ≀⊓⊔√⊓⊔ \⌉⊔⊒≀∇‖⇔ ⟩⊔ ⟩∫ √≀∫∫⟩⌊↕⌉ {≀∇ ⊔⟨⌉ ∇⌉∫√≀\∫⌉ }⌉\⌉∇⊣⊔⌉⌈ ⊣⊔ ⊔⟨⌉ √⟨≀\≀↕≀}⟩⌋⊣↕ ↕⊣†⌉∇ ⊔≀ ⌈⟩{{⌉∇ {∇≀⇕ ⊔⟨⌉ ⌊⌉∫⊔ ⇕⊣⊔⌋⟨⟩\} ⊒≀∇⌈ ⊣⊔ ⊔⟨⌉ ∫⌉⇕⊣\⊔⟩⌋ ↕⊣†⌉∇ ⇐⌉⊑⌉\ ⊒⟩⊔⟨ ⊔⟨⌉ ≀⊓⊔√⊓⊔ \⌉⊔⊒≀∇‖ ⟩\⊔⊣⌋⊔⇒↙ U\⌈⌉∇ ⊔⟨⌉∫⌉ ⌋≀\⌈⟩⊔⟩≀\∫ ⊒⌉ ⌋⊣\ ⊣√√↕† ⊣ ⇕≀∇⌉ ⌋≀\∫⌉∇⊑⊣⊔⟩⊑⌉⇔ ⌊⊓⊔ ⊣↕∫≀ ⇕≀∇⌉ ⟩\{≀∇⇕⊣⊔⟩⊑⌉⇔ ⌈⌉⊘\⟩⊔⟩≀\ ≀{ ⊑⟩∫⊓⊣↕↖⊔⟨⌉\↖∫⌉⇕⊣\⊔⟩⌋ ⌉∇∇≀∇∫↙ S√⌉⌋⟩⊘⌋⊣↕↕†⇔ {≀∇ ⌉⊣⌋⟨ ⌉∇∇≀∇ ⟩\ ⊒⟨⟩⌋⟨ ⊔⟨⌉ ∫⊔⟩⇕⊓↕⊓∫ ⊣\⌈ ∇⌉∫√≀\∫⌉ ⊣∇⌉ ⊓\∇⌉↕⊣⊔⌉⌈⇔ ⊒⌉ ⌋⊣\ ⊓∫⌉ ⊔⟨⌉ ⌊⌉∫⊔↖⇕⊣⊔⌋⟨⟩\} ⊒≀∇⌈ ⊣⊔ ⊔⟨⌉ ∫⌉⇕⊣\⊔⟩⌋ ↕⊣†⌉∇ ⊣∫ ⊔⟨⌉ √≀⊔⌉\⊔⟩⊣↕ ⌊∇⟩⌈}⌉ ⊒≀∇⌈↙ I{ ⊔⟨⟩∫ ⊒≀∇⌈ ⟩∫ ⊑⟩∫⊓⊣↕↕† ∇⌉↕⊣⊔⌉⌈ ⊔≀ ⊔⟨⌉ ∫⊔⟩⇕⊓↕⊓∫ ⊣\⌈ ∫⌉⇕⊣\⊔⟩⌋⊣↕↕† ∇⌉↕⊣⊔⌉⌈ ⊔≀ ⊔⟨⌉ ∇⌉∫√≀\∫⌉ ⇐⌊⊓⊔ \≀⊔ ⟩⌈⌉\⊔⟩⌋⊣↕ ≀∇ ⟩⊔ ⊒≀⊓↕⌈ ⌊⌉ ⊣ ⊑⟩∫⊓⊣↕ ⌉∇∇≀∇⇒⇔ ⊔⟨⌉ ⊖≀⊔⟨⌉∇⪰ ⌉∇∇≀∇ ⟩∫ ⌋≀\∫⟩⌈⌉∇⌉⌈ ⊔≀ ⌊⌉ ⊑⟩∫⊓⊣↕↖⊔⟨⌉\↖∫⌉⇕⊣\⊔⟩⌋↙ I⊔ ⟩∫ ⌋↕⌉⊣∇ ⊔⟨⊣⊔ ⊔⟨⌉ ⌊∇⟩⌈}⌉ ⊒≀∇⌈ ⟩∫ √↕⊣†⟩\} ⊣ ∇≀↕⌉ ⟩\ ⊔⟨⌉ ⌉∇∇≀∇ ⌊⌉⌋⊣⊓∫⌉ ⊔⟨⌉ √⟨≀\≀↕≀}⟩⌋⊣↕ ∇⌉∫√≀\∫⌉ ⟩∫ ⌊⊣∫⌉⌈ ∫≀↕⌉↕† ≀\ ⊔⟨⌉ }⌉\⌉∇⊣⊔⌉⌈ √⊣⊔⊔⌉∇\ ≀{ ∫⌉⇕⊣\⊔⟩⌋ ⊣⌋⊔⟩⊑⟩⊔†⇔ ⊒⟨⟩⌋⟨ ⟩∫ ⇕≀∫⊔ ∫⟩⇕⟩↕⊣∇ ⊔≀ ⊔⟨⊣⊔ ≀{ ⊔⟨⌉ ⌊∇⟩⌈}⌉ ⊒≀∇⌈↙ O{ ⊔⟨⌉ ∃ ⊖≀⊔⟨⌉∇⪰ ⌉∇∇≀∇∫ √∇≀⌈⊓⌋⌉⌈ ⌊† ↕⌉∫⟩≀\∫ ⊔≀ ⊔⟨⌉ △′↖′̸ \⌉⊔⊒≀∇‖ ⊒⟩⊔⟨ ⊔⟨⌉ \≀IP ≀⊓⊔√⊓⊔ \⌉⊔⊒≀∇‖ }⌉\⌉∇⊣⊔⟩\} ∇⌉∫√≀\∫⌉∫⇔ ∞∈ ⇐∞∈↙△↗⇒ ∫⊣⊔⟩∫{† ⊔⟨⌉ ⌋∇⟩⊔⌉∇⟩⊣ {≀∇ ⊑⟩∫⊓⊣↕↖⊔⟨⌉\↖∫⌉⇕⊣\⊔⟩⌋ ⌉∇∇≀∇∫ ⇐⌉↙}↙ BOG ⇒ ⇐⌈≀}⇒ ⇒ ⊖∇⊣⊔⪰⇒↙ I\ ⌋≀\⊔∇⊣∫⊔⇔ ≀\↕† {≀⊓∇ ≀{ ⊔⟨⌉ ⊖≀⊔⟨⌉∇⪰ ⌉∇∇≀∇∫ ⇐△↙∞↗⇒ ⟩\⊑≀↕⊑⌉ ∫⌉⇕⊣\⊔⟩⌋ ∫⟩⇕⟩↕⊣∇⟩⊔† {≀↕↕≀⊒⌉⌈ ⌊† ⊑⟩∫⊓⊣↕∝√⟨≀\≀↕≀}⟩⌋⊣↕ ∫⟩⇕⟩↕⊣∇⟩⊔† ⇐⌉↙}↙ COW ⇒ ⇐√⟩}⇒ ⇒ ⊖√⊣\⪰⇒↙ A↕⊔⟨≀⊓}⟨ ⊔⟨⌉ ⌋⟨⊣\⌋⌉ ∇⊣⊔⌉ ≀{ ⊔⟨⟩∫ ⊔†√⌉ ≀{ ⌉∇∇≀∇ ⟩∫ ⊔⟨⌉ ∫⊣⇕⌉ ⊣∫ {≀∇ ⊑⟩∫⊓⊣↕↖⊔⟨⌉\↖∫⌉⇕⊣\⊔⟩⌋ ⌉∇∇≀∇∫⇔ ⟩⊔ ⟩∫ ≀⌊∫⌉∇⊑⌉⌈ ⇕⊓⌋⟨ ↕⌉∫∫ {∇⌉∐⊓⌉\⊔↕†⇔ ⌊≀⊔⟨ ⟩\ √⊣⊔⟩⌉\⊔∫ ⊣\⌈ ⟩\ ⊔⟨⌉ \⌉⊔⊒≀∇‖↙ F≀∇ ∫≀⇕⌉ ≀{ ⊔⟨⌉ ⊑⟩∫⊓⊣↕↖⊔⟨⌉\↖∫⌉⇕⊣\⊔⟩⌋ ⌉∇∇≀∇∫ ⇐⌉↙}↙ BOG ⇒ ⇐√⟩}¬ √∇≀§ ′↙∃∞⇔ }⊣√ ′↙∞′⇒ ⇒ ⊖∇⊣⇕⪰⇒ ⊔⟨⌉ }⌉\⌉∇⊣⊔⌉⌈ ∫⌉⇕⊣\⊔⟩⌋∫ ⇕⊣⊔⌋⟨ ⊔⟨≀∫⌉ ≀{ ⊔⟨⌉ ⌊∇⟩⌈}⌉ ⊒≀∇⌈ ⊒⌉↕↕ ⌉\≀⊓}⟨ ⊔≀ ∫⊣⊔⟩∫{† ⊔⟨⌉ ∇⌉∫√≀\∫⌉ ⌋∇⟩⊔⌉∇⟩⊣ ⇐{≀∇ ⊣ ⊑⟩∫⊓⊣↕ ⌉∇∇≀∇⇒↙ E⊑⌉\ ∫≀⇔ ⊔⟨⌉ ∫⌉⇕⊣\⊔⟩⌋∫ ⊣∇⌉ ∫⊓{⊘⌋⟩⌉\⊔↕† ⟩\⊣⌋⌋⊓∇⊣⊔⌉ ⊔⟨⊣⊔ ⊔⟨⌉ ⇐⟩\⊔⊣⌋⊔⇒ ≀⊓⊔√⊓⊔ \⌉⊔⊒≀∇‖ √∇≀⌈⊓⌋⌉∫ ⊣ ∫⌉⇕⊣\⊔⟩⌋ ⌉∇∇≀∇↙ A↕↕ ⌊⊓⊔ ≀\⌉ ≀{ ⊔⟨⌉ ⊑⟩∫⊓⊣↕↖⊔⟨⌉\↖∫⌉⇕⊣\⊔⟩⌋ ⌉∇∇≀∇∫ ⊒⌉∇⌉ ⌋⊣⊓∫⌉⌈ ⌊† ⌈⊣⇕⊣}⌉ ⊔≀ ⊔⟨⌉ ⌈⟩∇⌉⌋⊔ √⊣⊔⟨⊒⊣†⇔ ⊒⟩⊔⟨ ⇕≀∫⊔ ⊣∇⟩∫⟩\} {∇≀⇕ O⇒I lesions. This makes sense given that, under our

de↑nition, visual-then-semantic errors consist of a visual confusion in the input network followed
by a semantic confusion in the output network. In a sense, we interpret visual-then-semantic errors
as visual errors gone awry under semantic in↓uences. Because the damaged input network fails to
clean up the visual error completely, the output network is given somewhat corrupted input. Even
though it is intact, it may misinterpret this input as a semantically related word.

3.9 Effects of lesion severity on error type

To this point, all of the data we have presented on the relationship between types of errors have
averaged over a range of lesion severities, typically over those producing correct performance
between 20¡80%. However, it is possible that the distribution of error types changes with lesion
severity. In addition, the extent of this effect may be in↓uenced by the nature of the output system

Figure 3.6: Rates of each error type across lesion severities for O⇒I lesions in the 40-60 network,
using the response criteria and the noIP output network.

employed. Rather than address these issues for all of the network architectures, we present data
from only the 40-60 network. Similar results obtain for the other networks.
  Figure 3.6 presents the rates of each type of error as a function of lesion severity for O⇒I lesions
in the 40-60 network, using both the response criteria and the noIP output network. The plots are
somewhat dif↑cult to interpret due to the variability of the data�however, a number of overall
effects are present. The ↑rst most obvious effect is that error rates increase with lesion severity.
Our main motivation for averaging only over lesions producing 20¡80% correct performance in
previously reported results is that otherwise the results would be dominated by effects from the
most severe lesions, which often do not show the typical distribution of error types. It is also
the case that the correct performance of most of the patients we are considering falls within this
range. The most interesting effect is that the rates of visual and other errors rise more quickly
with increasing lesion severity than the rates of semantic and mixed visual-and-semantic errors.
If the same data is reinterpreted in terms of the proportion of each error type, then the proportion
of error responses that are unrelated to the stimulus increases steadily as performance gets worse.
The proportions of the remaining error types all decrease at about the same rate, both when using
the response criteria and the noIP output network. Thus for the moderate lesions we consider the
relative proportions of the various error types do not change drastically with lesion severity, and so
our decision to average over lesions producing moderate correct performance appears warranted.

3.10 Error patterns for individual lesions

Our procedure for lesioning a set of connections involves randomly selecting some proportion of
the connections and removing them from the network. In order to ensure that the ensuing effects
are not peculiar to the particular connections removed, we carry out 20 instances of each type of
lesion and average the results across them. On the other hand, it must be kept in mind that the
model is compared with individual patients, each of whom have a particular lesion. In a sense,
for a given simulation experiment with four locations of nine severities of lesion, we are creating
720 simulated patients, with a relatively high proportion of them displaying the characteristics
of deep dyslexia. However, there are some issues in deep dyslexia, involving the relationship of
performance on individual words for the same lesion, that to this point we have been unable to
address.
  One issue concerns the correct performance on words that are given as responses in errors.
Some theories of reading errors in deep dyslexia (e.g. Morton & Patterson, 1980) assume that a
word produces an error when its lexical entry is missing from some lexicon, with a closely-matching
word whose lexical entry is present being given as the response. If we also assume that words are
read correctly when their entries are present in the lexicon, such a theory predicts that words given
as responses in errors should always be read correctly.
  In fact, patients usually, but not always, adhere to this pattern. For example, DE read SWEAR
as Ψcurse˚ but then gave the response ΨI don’t know˚ to CURSE as stimulus (K. Patterson, personal
communication). GR gave no response to SHORT or GOOD, but produced the errors LITTLE ⇒

⊖∫⟨≀∇⊔⪰ ⊣\⌈ BRIGHT ⇒ ⊖}≀≀⌈⪰⇔ ⊣∫ ⊒⌉↕↕ ⊣∫ ⊔⟨⌉ ⌉∇∇≀∇∫ BLUE ⇒ ⊖}∇⌉⌉\⪰ ⊣\⌈ GREEN ⇒ ⊖√⌉⊣∫⪰ ⇐B⊣∇∇† ↘ R⟩⌋⟨⊣∇⌈∫≀\⇔ ∞∃∀∀⇒↙ I\ {⊣⌋⊔⇔ ⊣⊔ ⊣\≀⊔⟨⌉∇ ⊔⟩⇕⌉ GR ∇⌉⊣⌈ ⌋≀∇∇⌉⌋⊔↕† ≀\↕† ▽△↗ ≀{ ⊒≀∇⌈∫ ⟨⌉ ⟨⊣⌈ √∇⌉⊑⟩≀⊓∫↕† }⟩⊑⌉\ ⊣∫ ∇⌉∫√≀\∫⌉∫ ⟩\ ∫⌉⇕⊣\⊔⟩⌋ ⌉∇∇≀∇∫�|⊓∫⊔ ∫↕⟩}⟨⊔↕† ⌊⌉⊔⊔⌉∇ ⊔⟨⊣\ ⟨⟩∫ ≀∇⟩}⟩\⊣↕ ⌋≀∇∇⌉⌋⊔ √⌉∇{≀∇⇕⊣\⌋⌉ ≀{ △▽↗ ⇐M⊣∇∫⟨⊣↕↕ ↘ N⌉⊒⌋≀⇕⌊⌉⇔ ∞∄⇒↙ I{ ⊒⌉ ⌉§⊣⇕⟩\⌉ ⊔⟨⌉ √⊣⊔⊔⌉∇\ ≀{ ⌋≀∇∇⌉⌋⊔ ⊣\⌈ ⟩\⌋≀∇∇⌉⌋⊔ √⌉∇{≀∇⇕⊣\⌋⌉ {≀∇ ⟩\⌈⟩⊑⟩⌈⊓⊣↕ ↕⌉∫⟩≀\∫ ≀{ ⊔⟨⌉ △′↖′̸ \⌉⊔⊒≀∇‖ ⊒⟨⌉\ ⊓∫⟩\} ⊔⟨⌉ ∇⌉∫√≀\∫⌉ ⌋∇⟩⊔⌉∇⟩⊣⇔ ⊒⌉ ⊘\⌈ ⊔⟨⊣⊔ ≀\↕† △̸↙∞↗ ≀{ ⊔⟨⌉ ⊒≀∇⌈∫ }⟩⊑⌉\ ⊣∫ ⊔⟨⌉ ∇⌉∫√≀\∫⌉ ⟩\ ⊣\ ⌉∇∇≀∇ ⊣∇⌉ ∇⌉⊣⌈ ⌋≀∇∇⌉⌋⊔↕†↙ ∋∞↙∈↗ ≀{ ⌉∇∇≀∇ ∇⌉∫√≀\∫⌉∫ √∇≀⌈⊓⌋⌉ ⊣\ ≀⇕⟩∫∫⟩≀\ ⊒⟨⟩↕⌉ △↙↗̸ ↕⌉⊣⌈ ⊔≀ ⊣\≀⊔⟨⌉∇ ⌉∇∇≀∇↙ T⟨⌉ ⟨⟩}⟨ ∇⊣⊔⌉ ≀{ ≀⇕⟩∫∫⟩≀\∫ ⇕⊣† ∫⟩⇕√↕† ⌊⌉ ⌈⊓⌉ ⊔≀ ≀⊓∇ ∫⊔∇⟩\}⌉\⊔ ⌋∇⟩⊔⌉∇⟩⊣ {≀∇ ≀⊑⌉∇⊔ ∇⌉∫√≀\∫⌉∫↙ H≀⊒⌉⊑⌉∇⇔ ⊔⟨⌉ {⊣⌋⊔ ⊔⟨⊣⊔ △↙↗̸ ≀{ ⌉∇∇≀∇ ∇⌉∫√≀\∫⌉∫ √∇≀⌈⊓⌋⌉ ≀⊔⟨⌉∇ ⌉∇∇≀∇∫ ⊒⟨⌉\ √∇⌉∫⌉\⊔⌉⌈ ⊣∫ ∫⊔⟩⇕⊓↕⟩ ⌋↕⌉⊣∇↕† ⊑⟩≀↕⊣⊔⌉∫ ⊔⟨⌉ √∇⌉⌈⟩⌋⊔⟩≀\ ≀{ ⊣ ⊔⟨⌉≀∇† ⊔⟨⊣⊔ ⌉§√↕⊣⟩\∫ ⌉∇∇≀∇∫ ⟩\ ⊔⌉∇⇕∫ ≀{ ⇕⟩∫∫⟩\} ↕⌉§⟩⌋⊣↕ ⌉\⊔∇⟩⌉∫↙ I\ ⊔⟨⌉ ⌈⊣⇕⊣}⌉⌈ \⌉⊔⊒≀∇‖⇔ ⊔⟨⌉ ⊣⊔⊔∇⊣⌋⊔≀∇ {≀∇ ⊣ ⊒≀∇⌈ ⟩∫ \≀⊔ ⌉⟩⊔⟨⌉∇ √∇⌉∫⌉\⊔ ≀∇ ⊣⌊∫⌉\⊔⇔ ⌊⊓⊔ ∇⊣⊔⟨⌉∇ ⌋⊣\ ⌉{{⌉⌋⊔⟩⊑⌉↕† ≀√⌉∇⊣⊔⌉ ⊔≀ √∇≀⌈⊓⌋⌉ ⊣ ∇⌉∫√≀\∫⌉ }⟩⊑⌉\ ∫≀⇕⌉ ⟩\√⊓⊔∫ ⌊⊓⊔ \≀⊔ ≀⊔⟨⌉∇∫↙ I⊔ ⟩∫ √≀∫∫⟩⌊↕⌉ {≀∇ ⊣\ ⌉⊑⌉\ ⇕≀∇⌉ √⌉∇√↕⌉§⟩\} ∇⌉↕⊣⊔⟩≀\∫⟨⟩√ ⊔≀ ⟨≀↕⌈ ⊣⇕≀\} ⊔⟨⌉ ⊒≀∇⌈∫ √∇≀⌈⊓⌋⟩\} ⌉∇∇≀∇∫ ⟩\ ⊣ √⊣⊔⟩⌉\⊔↙ I⊔ ⟨⊣∫ ⌊⌉⌉\ ≀⌊∫⌉∇⊑⌉⌈ ⊔⟨⊣⊔ ⊣ √⊣⟩∇ ≀{ ⊒≀∇⌈∫ ⇕⊣† √∇≀⌈⊓⌋⌉ ⌉⊣⌋⟨ ≀⊔⟨⌉∇ ⊣∫ ⌉∇∇≀∇ ∇⌉∫√≀\∫⌉∫↙ F≀∇ ⌉§⊣⇕√↕⌉⇔ GR √∇≀⌈⊓⌋⌉⌈ THUNDER ⇒ ⊖∫⊔≀∇⇕⪰ ⊣\⌈ STORM ⇒ ⊖⊔⟨⊓\⌈⌉∇⪰ ⇐M⊣∇∫⟨⊣↕↕ ↘ N⌉⊒⌋≀⇕⌊⌉⇔ ∞∄⇒⇔ ⊒⟨⟩↕⌉ DE √∇≀⌈⊓⌋⌉⌈ ANSWER ⇒ ⊖⊣∫‖⪰ ⊣\⌈ ASKED ⇒ ⊖⊣\∫⊒⌉∇⪰ ⇐K↙ P⊣⊔⊔⌉∇∫≀\⇔ √⌉∇∫≀\⊣↕ ⌋≀⇕⇕⊓\⟩⌋⊣⊔⟩≀\⇒↙ I⊔ ⟩∫ ⟨⊣∇⌈ ⊔≀ ⟩⇕⊣}⟩\⌉ ⟨≀⊒ ⊣ ⇕⌉⌋⟨⊣\⟩∫⇕ ⊔⟨⊣⊔ ⇕⊣√∫ ↕⌉⊔⊔⌉∇ ∫⊔∇⟩\}∫ ⊔≀ √∇≀\⊓\⌋⟩⊣⊔⟩≀\∫ ⊑⟩⊣ ⇕⌉⊣\⟩\} ⇕⟩}⟨⊔ √≀∫∫⟩⌊↕† √∇≀⌈⊓⌋⌉ ∫⊓⌋⟨ ⌊⌉⟨⊣⊑⟩≀∇ ⊓\⌈⌉∇ ⌈⊣⇕⊣}⌉↙ S⊓⌋⟨ ∇⌉∫√≀\∫⌉ ∇⌉⊑⌉∇∫⊣↕∫ ≀⌋⌋⊓∇ ⟩\ ≀⊓∇ ∫⟩⇕⊓↕⊣⊔⟩≀\∫⇔ ⌊⊓⊔ ⊔⟨⌉† ⊣∇⌉ ⊑⌉∇† ∇⊣∇⌉↙ N≀\⌉ ⊣∇⌉ {≀⊓\⌈ ⟩\ ⊔⟨⌉ ⌋≀∇√⊓∫ ≀{ ⌉∇∇≀∇∫ √∇≀⌈⊓⌋⌉⌈ ⌊† ⊔⟨⌉ △′↖′̸ \⌉⊔⊒≀∇‖↙ H≀⊒⌉⊑⌉∇⇔ ⌊≀⊔⟨ ⊔⟨⌉ ∞′↖∞▽⌈ ⊣\⌈ △′↖∀′⟩ \⌉⊔⊒≀∇‖∫ √∇≀⌈⊓⌋⌉ ⊣ {⌉⊒ ≀{ ⊔⟨⌉⇕ ⊒⟨⌉\ ⊓∫⟩\} ⊔⟨⌉ ∇⌉∫√≀\∫⌉ ⌋∇⟩⊔⌉∇⟩⊣↙ F≀∇ ⌉§⊣⇕√↕⌉⇔ ⊣ O⇒I(0.1) lesion to the

10-15d network resulted in the visual errors MAT ⇒ ⊖⇕⊓⌈⪰ ⊣\⌈ MUD ⇒ ⊖⇕⊣⊔⪰⇔ ⊒⟨⟩↕⌉ ⊣ O⇒I(0.7)
lesion produced the visual errors MUG ⇒ ⊖\⊓⊔⪰ ⊣\⌈ NUT ⇒ ⊖⇕⊓}⪰↙ S⟩⇕⟩↕⊣∇↕† ⟩\ ⊔⟨⌉ △′↖∀′⟩ \⌉⊔⊒≀∇‖⇔

⊣ O⇒I(0.3) produced the Ψother˚ errors MUG ⇒ ⊖⟨≀⌋‖⪰ ⊣\⌈ HOCK ⇒ ⊖⇕⊓}⪰⇔ ⊒⟨⟩↕⌉ ⊣ O⇒I(0.7)

lesion produced the mixed visual-and-semantic errors HIP ⇒ ⊖↕⟩√⪰ ⊣\⌈ LIP ⇒ ⊖⟨⟩√⪰↙

H≀⊒ ⇕⟩}⟨⊔ ⊣ \⌉⊔⊒≀∇‖ √∇≀⌈⊓⌋⌉ ∫⊓⌋⟨ ∇⌉∫√≀\∫⌉ ∇⌉⊑⌉∇∫⊣↕∫⊥ R⌉⌋⊣↕↕⟩\} F⟩}⊓∇⌉ ∞↙△ ⇐√↙ ∞▽⇒⇔ ⊒⌉ ⌋⊣\ ⟩\⊔⌉∇√∇⌉⊔ ⌈⊣⇕⊣}⌉ ⊔≀ ⊔⟨⌉ ⌈⟩∇⌉⌋⊔ √⊣⊔⟨⊒⊣† ⊣∫ ⌋≀∇∇⊓√⊔⟩\} ⊔⟨⌉ ⟩\⟩⊔⟩⊣↕ √⊣⊔⊔⌉∇\ ≀{ ∫⌉⇕⊣\⊔⟩⌋ ⊣⌋⊔⟩⊑⟩⊔† ⌈⌉∇⟩⊑⌉⌈ {∇≀⇕ ≀∇⊔⟨≀}∇⊣√⟨†↙ O\⌉ ⌉§√↕⊣\⊣⊔⟩≀\ {≀∇ ⊔⟨⌉ ⌉§⟩∫⊔⌉\⌋⌉ ≀{ ∇⌉∫√≀\∫⌉ ∇⌉⊑⌉∇∫⊣↕∫ ⟩∫ ⊔⟨⊣⊔ ⊔⟨⌉ ⊣⊔⊔∇⊣⌋⊔≀∇∫ {≀∇ ⊒≀∇⌈∫ ⊣∇⌉ ∫⌉\∫⟩⊔⟩⊑⌉ ⊔≀ ⌈⟩{{⌉∇⌉\⊔ ⊣∫√⌉⌋⊔∫ ≀{ ⊔⟨⟩∫ √⊣⊔⊔⌉∇\↙ F≀∇ ⌉§⊣⇕√↕⌉⇔ ∫⊓√√≀∫⌉ ⊔⟨⊣⊔ ⊔⟨⌉ ⊣⊔⊔∇⊣⌋⊔≀∇ {≀∇

∋ THE RELEVANCE OF NETWORK ARCHITECTURE ▽ HIP ⌈⌉√⌉\⌈∫ ≀\ ∫≀⇕⌉ √⊣∇⊔⟩⌋⊓↕⊣∇ ∫⌉⊔ ≀{ ⟩\⟩⊔⟩⊣↕ ∫⌉⇕⊣\⊔⟩⌋ {⌉⊣⊔⊓∇⌉∫ ⊔≀ ⌈⟩∫⊔⟩\}⊓⟩∫⟨ ⟩⊔ {∇≀⇕ LIP⇔ ⌊⊓⊔ ⊔⟨⌉ ⊣⊔⊔∇⊣⌋⊔≀∇ {≀∇ LIP ⌈⌉√⌉\⌈∫ ≀\ ⊣ ⌈⟩{{⌉∇⌉\⊔ ∫⌉⊔ ⊔≀ ⌈⟩∫⊔⟩\}⊓⟩∫⟨ ⟩⊔ {∇≀⇕ HIP ⇐⊔⟨⟩∫ ⌋⊣\\≀⊔ ⌊⌉ ∇⌉√∇⌉∫⌉\⊔⌉⌈ ⟩\ ⊣ ⊔⊒≀↖⌈⟩⇕⌉\∫⟩≀\⊣↕ ∇⌉\⌈⟩⊔⟩≀\ ≀{ ∫⌉⇕⊣\⊔⟩⌋ {⌉⊣⊔⊓∇⌉ ∫√⊣⌋⌉ ↕⟩‖⌉ ⊔⟨⊣⊔ ⟩\ F⟩}⊓∇⌉ ∞↙△⇒↙ I{ ⌊≀⊔⟨ ≀{ ⊔⟨⌉∫⌉ ∫⌉⊔∫ ≀{ {⌉⊣⊔⊓∇⌉∫ ⊣∇⌉ ↕≀∫⊔ ⌈⊓⌉ ⊔≀ ⊣ √⊣∇⊔⟩⌋⊓↕⊣∇ ↕⌉∫⟩≀\⇔ ⊔⟨⌉ ⌉∇∇≀∇∫ HIP ⇒ ⊖↕⟩√⪰ ⊣\⌈ LIP ⇒ ⊖⟨⟩√⪰ ⊣∇⌉ ⌊≀⊔⟨ √≀∫∫⟩⌊↕⌉↙ I\ ⌉∫∫⌉\⌋⌉⇔ ⊣\ ⌉§√↕⊣\⊣⊔⟩≀\ {≀∇ ∇⌉∫√≀\∫⌉ ∇⌉⊑⌉∇∫⊣↕∫ ⇕⊓∫⊔ ⊣↕↕≀⊒ ⊣ ⇕≀∇⌉ ⌋≀⇕√↕⟩⌋⊣⊔⌉⌈ ⟩\⊔⌉∇⊣⌋⊔⟩≀\ ⌊⌉⊔⊒⌉⌉\ ≀∇⊔⟨≀}∇⊣√⟨⟩⌋ ⊣\⌈ ∫⌉⇕⊣\⊔⟩⌋ ⟩\{≀∇⇕⊣⊔⟩≀\ ⊔⟨⊣\ ⟩∫ ⊔†√⟩⌋⊣↕↕† √∇≀⊑⟩⌈⌉⌈ ⟩\ ⊔⟨⌉≀∇⟩⌉∫ ⌊⊣∫⌉⌈ ≀\ ⌈⟩∫⌋∇⌉⊔⌉ ↕⌉§⟩⌋⊣↕ ⌉\⊔∇⟩⌉∫ {≀∇ ⊒≀∇⌈∫↙ ∋↙∞∞ S⊓⇕⇕⊣∇† A\ ⌉§⊣⇕⟩\⊣⊔⟩≀\ ≀{ ⊔⟨⌉ ⌉{{⌉⌋⊔∫ ≀{ ↕⌉∫⟩≀\∫ ≀\ ⊘⊑⌉ ⊣↕⊔⌉∇\⊣⊔⟩⊑⌉ ⊣∇⌋⟨⟩⊔⌉⌋⊔⊓∇⌉∫ {≀∇ ⇕⊣√√⟩\} ≀∇⊔⟨≀}∇⊣√⟨† ⊔≀ ∫⌉⇕⊣\⊔⟩⌋∫ ⟨⊣∫ ∫⌉∇⊑⌉⌈ ⌊≀⊔⟨ ⊔≀ ⌈⌉⇕≀\∫⊔∇⊣⊔⌉ ⊔⟨⌉ }⌉\⌉∇⊣↕⟩⊔† ≀{ ⊔⟨⌉ ⌊⊣∫⟩⌋ H↘S ∇⌉∫⊓↕⊔∫ ⊣∫ ⊒⌉↕↕ ⊣∫ ⊔≀ ⌋↕⊣∇⟩{† ⊔⟨⌉ ⟩\⊙⊓⌉\⌋⌉∫ ≀{ ⊣∫√⌉⌋⊔∫ ≀{ \⌉⊔⊒≀∇‖ ⊣∇⌋⟨⟩⊔⌉⌋⊔⊓∇⌉ ≀\ ⊔⟨⌉ ⌈⌉⊔⊣⟩↕⌉⌈ √⊣⊔⊔⌉∇\ ≀{ ⌉∇∇≀∇∫↙ A ⌋≀\∫⟩⌈⌉∇⊣⊔⟩≀\ ≀{ ⇕≀∇⌉ ∫√⌉⌋⟩⊘⌋ ⌉{{⌉⌋⊔∫ ⊣⊔ ⊔⟨⌉ ↕⌉⊑⌉↕ ≀{ ⟩\⌈⟩⊑⟩⌈⊓⊣↕ ↕⌉∫⟩≀\∫⇔ ⌉∇∇≀∇ ⊔†√⌉∫⇔ ⊣\⌈ ⊒≀∇⌈∫ ∇⌉⟩\{≀∇⌋⌉⌈ ⊔⟨⌉ ⌋≀∇∇⌉∫√≀\⌈⌉\⌋⌉ ≀{ \⌉⊔⊒≀∇‖ ⊣\⌈ √⊣⊔⟩⌉\⊔ ⌊⌉⟨⊣⊑⟩≀∇↙ P⌉∇⟨⊣√∫ ⊔⟨⌉ ⇕≀∫⊔ }⌉\⌉∇⊣↕ √∇⟩\⌋⟩√↕⌉ ⊔≀ ⌉⇕⌉∇}⌉ {∇≀⇕ ⊔⟨⌉∫⌉ ⌉§√⌉∇⟩⇕⌉\⊔∫ ⟩∫ ⊔⟨⌉ ⟩⇕√≀∇⊔⊣\⌋⌉ ≀{ ⊔⟨⌉ \⊣⊔⊓∇⌉ ≀{ ⊔⟨⌉ ⊣⊔⊔∇⊣⌋⊔≀∇∫ ⌈⌉⊑⌉↕≀√⌉⌈ ⌊† ⊔⟨⌉ \⌉⊔⊒≀∇‖↙ A↕⊔⟨≀⊓}⟨ \⌉⊔⊒≀∇‖ ⊣∇⌋⟨⟩⊔⌉⌋⊔⊓∇⌉ ⌋⊣\ ⟨⊣⊑⌉ ⊣ ∫⊔∇≀\} ⟩\⊙⊓⌉\⌋⌉ ≀\ ⊔⟨⟩∫ √∇≀⌋⌉∫∫⇔ ⊓↕⊔⟩⇕⊣⊔⌉↕† ⟩⊔ ⟩∫ ⊔⟨⌉ ↕⌉⊣∇\⟩\} √∇≀⌋⌉⌈⊓∇⌉ ⊒⟨⟩⌋⟨ ⌈⌉∇⟩⊑⌉∫ ⊔⟨⌉ ⊣⌋⊔⊓⊣↕ ⌋≀\\⌉⌋⊔⟩≀\ ⊒⌉⟩}⟨⊔∫ ⊔⟨⊣⊔ ⟩⇕√↕⌉⇕⌉\⊔ ⊔⟨⌉ ⊣⊔⊔∇⊣⌋⊔≀∇∫↙ T⟨⊓∫ ⟩⊔ ⟩∫ ⟩⇕√≀∇⊔⊣\⊔ ⊔⟨⊣⊔ ⊒⌉ ⌉⊑⊣↕⊓⊣⊔⌉ ⊒⟨⌉⊔⟨⌉∇ ⊔⟨⌉ \⊣⊔⊓∇⌉ ≀{ ⊔⟨⌉ ⊣⊔⊔∇⊣⌋⊔≀∇∫⇔ ⊣\⌈ ⟨⌉\⌋⌉ ⊔⟨⌉ ⌊⌉⟨⊣⊑⟩≀∇ ⊔⟨⌉† ⌉§⟨⟩⌊⟩⊔ ⊓\⌈⌉∇ ⌈⊣⇕⊣}⌉⇔ ⊣∇⌉ ⊔⟨⌉ ∇⌉∫⊓↕⊔ ≀{ ∫√⌉⌋⟩⊘⌋ ⌋⟨⊣∇⊣⌋⊔⌉∇⟩∫⊔⟩⌋∫ ≀{ ⊔⟨⌉ ⌊⊣⌋‖↖√∇≀√⊣}⊣⊔⟩≀\ ↕⌉⊣∇\⟩\} √∇≀⌋⌉⌈⊓∇⌉⇔ ≀∇ ⊒⟨⌉⊔⟨⌉∇ ⊔⟨⌉ ∇⌉∫⊓↕⊔∫ ⊒≀⊓↕⌈ }⌉\⌉∇⊣↕⟩‡⌉ ⊔≀ ≀⊔⟨⌉∇ ⊔†√⌉∫ ≀{ ⊣⊔⊔∇⊣⌋⊔≀∇ \⌉⊔⊒≀∇‖∫↙ T⟨⌉ \⌉§⊔ ∫⌉⌋⊔⟩≀\ ⊣⌈⌈∇⌉∫∫⌉∫ ⊔⟨⟩∫ ⟩∫∫⊓⌉ ⌊† ⊣⊔⊔⌉⇕√⊔⟩\} ⊔≀ ∇⌉√↕⟩⌋⊣⊔⌉ ⊣\⌈ ⌉§⊔⌉\⌈ ⊔⟨⌉ ∇⌉∫⊓↕⊔∫ ≀⌊⊔⊣⟩\⌉⌈ ⊔⟨⊓∫ {⊣∇ ⊓∫⟩\} ⊣ ⌈⌉⊔⌉∇⇕⟩\⟩∫⊔⟩⌋ B≀↕⊔‡⇕⊣\\ M⊣⌋⟨⟩\⌉↙

△ THE RELEVANCE OF LEARNING PROCEDURE ▽ △ T⟨⌉ ∇⌉↕⌉⊑⊣\⌋⌉ ≀{ ↕⌉⊣∇\⟩\} √∇≀⌋⌉⌈⊓∇⌉ L⌉⊣∇\⟩\} √↕⊣†∫ ⊣ ⌋⌉\⊔∇⊣↕ ∇≀↕⌉ ⟩\ ⌋≀\\⌉⌋⊔⟩≀\⟩∫⊔ ∇⌉∫⌉⊣∇⌋⟨↙ T⟨⌉ ‖\≀⊒↕⌉⌈}⌉ \⌉⌉⌈⌉⌈ ⊔≀ √⌉∇{≀∇⇕ ⊣ ⊔⊣∫‖ ⇕⊓∫⊔ ⌊⌉ ⌉\⌋≀⌈⌉⌈ ⟩\ ⊔⌉∇⇕∫ ≀{ ⊒⌉⟩}⟨⊔∫ ≀\ ⌋≀\\⌉⌋⊔⟩≀\∫ ⌊⌉⊔⊒⌉⌉\ ⊓\⟩⊔∫ ⟩\ ⊣ \⌉⊔⊒≀∇‖↙ F≀∇ ⊔⊣∫‖∫ ⊔⟨⊣⊔ ⟩\⊑≀↕⊑⌉ {⊣⟩∇↕† ∫⟩⇕√↕⌉ ⌋≀\∫⊔∇⊣⟩\⊔∫ ⌊⌉⊔⊒⌉⌉\ ⟩\√⊓⊔∫ ⊣\⌈ ≀⊓⊔√⊓⊔∫⇔ ⟩⊔ ⟩∫ ∫≀⇕⌉⊔⟩⇕⌉∫ √≀∫∫⟩⌊↕⌉ ⊔≀ ⊣\⊣↕†⊔⟩⌋⊣↕↕† ⌈⌉∇⟩⊑⌉ ⊣ ∫⌉⊔ ≀{ ⊒⌉⟩}⟨⊔∫ ⊔⟨⊣⊔ ⟩∫ }⊓⊣∇⊣\⊔⌉⌉⌈ ⊔≀ ⌋⊣⊓∫⌉ ⊔⟨⌉ \⌉⊔⊒≀∇‖ ⊔≀ ∫⌉⊔⊔↕⌉ ⟩\⊔≀ }≀≀⌈ ∫≀↕⊓⊔⟩≀\∫ ⇐H≀√⊘⌉↕⌈⇔ ∞∃∀∈∅ H≀√⊘⌉↕⌈ ↘ T⊣\‖⇔ ∞∃∀▽⇒↙ H≀⊒⌉⊑⌉∇⇔ {≀∇ ⊔⊣∫‖∫ ⟩\⊑≀↕⊑⟩\} ⇕≀∇⌉ ⌋≀⇕√↕⌉§ ∇⌉↕⊣⊔⟩≀\∫⟨⟩√∫ ⌊⌉⊔⊒⌉⌉\ ⟩\√⊓⊔∫ ⊣\⌈ ≀⊓⊔√⊓⊔∫⇔ ∫⊓⌋⟨ ⊣∫ ⇕⊣√√⟩\} ≀∇⊔⟨≀}∇⊣√⟨† ⊔≀ √⟨≀\≀↕≀}† ⊑⟩⊣ ∫⌉⇕⊣\⊔⟩⌋∫⇔ ⌋≀∇∇⌉⌋⊔ ⌊⌉⟨⊣⊑⟩≀∇ ∇⌉∐⊓⟩∇⌉∫ ∫⊓⌋⟨ ⟨⟩}⟨↕†↖⌋≀⇕√↕⌉§ ⟩\⊔⌉∇⊣⌋⊔⟩≀\∫ ⊣⇕≀\} ⊒⌉⟩}⟨⊔∫ ⊔⟨⊣⊔ ⟩⊔ ⌊⌉⌋≀⇕⌉∫ ⟩\{⌉⊣∫⟩⌊↕⌉ ⊔≀ ⟨⊣\⌈↖∫√⌉⌋⟩{† ⊔⟨⌉⇕↙ I\ ⊔⟨⟩∫ ⌋⊣∫⌉⇔ ⟩⊔ ⟩∫ \⌉⌋⌉∫∫⊣∇† ⊔≀ ∇⌉↕† ≀\ ⊣ ↕⌉⊣∇\⟩\} √∇≀⌋⌉⌈⊓∇⌉ ⊔⟨⊣⊔ ⊔⊣‖⌉∫ ⊔⟨⌉∫⌉ ⟩\⊔⌉∇⊣⌋⊔⟩≀\∫ ⟩\⊔≀ ⊣⌋⌋≀⊓\⊔ ⟩\ ⌈⌉∇⟩⊑⟩\} ⊣\ ⊣√√∇≀√∇⟩⊣⊔⌉ ∫⌉⊔ ≀{ ⊒⌉⟩}⟨⊔∫↙ A↕⊔⟨≀⊓}⟨ ⊔⟨⌉ ⌉∇∇≀∇ ≀\ ⊣ ⊔⊣∫‖ ⟩∫ ⊔⟨⌉ ∇⌉∫⊓↕⊔ ≀{ ⊔⟨⌉ ⟩\⊔⌉∇⊣⌋⊔⟩≀\ ≀{ ⊣↕↕ ⊔⟨⌉ ⊒⌉⟩}⟨⊔∫⇔ ⊔⟨⌉ ⌋∇⊓§ ≀{ ⇕≀∫⊔ ↕⌉⊣∇\⟩\} √∇≀⌋⌉⌈⊓∇⌉∫ ⟩∫ ⊣ ∫⟩⇕√↕⟩⊘⌋⊣⊔⟩≀\ ⊔⟨⊣⊔ ⌋⊣↕⌋⊓↕⊣⊔⌉∫ ⟨≀⊒ ⌉⊣⌋⟨ ⊒⌉⟩}⟨⊔ ⟩\ ⊔⟨⌉ \⌉⊔⊒≀∇‖ ∫⟨≀⊓↕⌈ ⌊⌉ ⌋⟨⊣\}⌉⌈ ⊔≀ ∇⌉⌈⊓⌋⌉ ⊔⟨⌉ ⌉∇∇≀∇ ⊣∫∫⊓⇕⟩\} ⊔⟨⌉ ∇⌉∫⊔ ≀{ ⊔⟨⌉ ⊒⌉⟩}⟨⊔∫ ∇⌉⇕⊣⟩\ ⊘§⌉⌈↙ A \⊣⊔⊓∇⊣↕ ⊒⊣† ⊔≀ ⌋⟨⊣\}⌉ ⊔⟨⌉ ⊒⌉⟩}⟨⊔ ⟩∫ ⟩\ √∇≀√≀∇⊔⟩≀\ ⊔≀ ⟩⊔∫ ⟩\⊙⊓⌉\⌋⌉ ≀\ ⊔⟨⌉ ⌉∇∇≀∇�⊔⟨⊣⊔ ⟩∫⇔ ⟩\ √∇≀√≀∇⊔⟩≀\ ⊔≀ ⊔⟨⌉ √⊣∇⊔⟩⊣↕ ⌈⌉∇⟩⊑⊣⊔⟩⊑⌉ ≀{ ⊔⟨⌉ ⌉∇∇≀∇ ⊒⟩⊔⟨ ∇⌉∫√⌉⌋⊔ ⊔≀ ⊔⟨⌉ ⊒⌉⟩}⟨⊔↙ A↕⊔⟨≀⊓}⟨ ⊔⟨⌉ ⊒⌉⟩}⟨⊔ ⌋⟨⊣\}⌉∫ ⊣∇⌉ ⌋⊣↕⌋⊓↕⊣⊔⌉⌈ ⊣∫ ⟩{ ≀⊔⟨⌉∇ ⊒⌉⟩}⟨⊔∫ ⊒⟩↕↕ \≀⊔ ⌋⟨⊣\}⌉⇔ ⟩{ ⊔⟨⌉† ⊣∇⌉ ∫⇕⊣↕↕ ⌉\≀⊓}⟨ ⊔⟨⌉⟩∇ ⌋≀↕↕⌉⌋⊔⟩⊑⌉ ⌉{{⌉⌋⊔ ⟩∫ }⊓⊣∇⊣\⊔⌉⌉⌈ ⊔≀ ⇐⊑⌉∇† ∫↕⟩}⟨⊔↕†⇒ ∇⌉⌈⊓⌋⌉ ⊔⟨⌉ ≀⊑⌉∇⊣↕↕ ⌉∇∇≀∇↙ I\ ⊓\⌈⌉∇∫⊔⊣\⌈⟩\} ⊔⟨⟩∫ √∇≀⌋⌉⌈⊓∇⌉⇔ ⟩⊔ ⟨⌉↕√∫ ⊔≀ ⊔⟨⟩\‖ ≀{ ⊣ ⟨⟩}⟨↖⌈⟩⇕⌉\∫⟩≀\⊣↕ ∫√⊣⌋⌉ ⊒⟩⊔⟨ ⊣ ⌈⟩⇕⌉\∫⟩≀\ {≀∇ ⌉⊣⌋⟨ ⊒⌉⟩}⟨⊔↙ T⟨⟩∫ ⇕⊣† ⌊⌉ ⌉⊣∫⟩⌉∫⊔ ⊔≀ ⟩⇕⊣}⟩\⌉ {≀∇ ⊣ \⌉⊔⊒≀∇‖ ⊒⟩⊔⟨ ≀\↕† ⊔⊒≀ ⊒⌉⟩}⟨⊔∫↙ E⊣⌋⟨ √≀⟩\⊔ ⟩\ ⊔⟨⟩∫ ∫√⊣⌋⌉�⊣ √↕⊣\⌉ ⟩\ ⊔⊒≀ ⌈⟩⇕⌉\∫⟩≀\∫�⌈⌉⊘\⌉∫ ⊣ ∫⌉⊔ ≀{ ⊒⌉⟩}⟨⊔∫ ⊔⟨⊣⊔ √∇≀⌈⊓⌋⌉∫ ∫≀⇕⌉ ⊣⇕≀⊓\⊔ ≀{ ⌉∇∇≀∇ ⟩{ ⊓∫⌉⌈ ⌊† ⊔⟨⌉ \⌉⊔⊒≀∇‖↙ I{ ⊒⌉ ∇⌉√∇⌉∫⌉\⊔ ⊔⟨⟩∫ ⌉∇∇≀∇ ⊣↕≀\} ⊣\ ⊣⌈⌈⟩⊔⟩≀\⊣↕ ⌈⟩⇕⌉\∫⟩≀\ ⌋≀∇∇⌉∫√≀\⌈⟩\} ⊔≀ ⟨⌉⟩}⟨⊔⇔ ⊔⟨⌉\ ⊔⟨⌉ ⌉∇∇≀∇ ⊑⊣↕⊓⌉∫ ≀{ ⊣↕↕ √≀∫∫⟩⌊↕⌉ ⊒⌉⟩}⟨⊔ ∫⌉⊔∫ {≀∇⇕∫ ⊣\ ⌉∇∇≀∇ ∫⊓∇{⊣⌋⌉ ⟩\ ⊒⌉⟩}⟨⊔ ∫√⊣⌋⌉↙ A }≀≀⌈ ∫⌉⊔ ≀{ ⊒⌉⟩}⟨⊔∫ ⟨⊣∫ ↕≀⊒ ⌉∇∇≀∇ ⊣\⌈ ⌋≀∇∇⌉∫√≀\⌈∫ ⊔≀ ⊔⟨⌉ ⌊≀⊔⊔≀⇕ ≀{ ⊣ ⊖⊑⊣↕↕⌉†⪰ ⟩\ ⊔⟨⟩∫ ∫⊓∇{⊣⌋⌉↙ A⊔ ⊣\† ∫⊔⊣}⌉ ⟩\ ↕⌉⊣∇\⟩\}⇔ ⊔⟨⌉ \⌉⊔⊒≀∇‖ ⌋⊣\ ⌊⌉ ⊔⟨≀⊓}⟨⊔ ≀{ ⊣∫ ⌊⌉⟩\} ⊣⊔ ⊔⟨⌉ √≀⟩\⊔ ≀\ ⊔⟨⌉ ⌉∇∇≀∇ ∫⊓∇{⊣⌋⌉ ⊖⊣⌊≀⊑⌉⪰ ⊔⟨⌉ √≀⟩\⊔ {≀∇ ⊔⟨⌉ ⌋⊓∇∇⌉\⊔ ∫⌉⊔ ≀{ ⊒⌉⟩}⟨⊔∫⇔ ⊒⟩⊔⟨ ⊣ ⟨⌉⟩}⟨⊔ }⟩⊑⌉\ ⌊† ⊔⟨⌉ ⌉∇∇≀∇ {≀∇ ⊔⟨≀∫⌉ ⊒⌉⟩}⟨⊔∫↙ P≀∫∫⟩⌊↕⌉ ⊒⌉⟩}⟨⊔ ⌋⟨⊣\}⌉∫ ⌋≀\∫⟩∫⊔ ≀{ ⇕≀⊑⌉⇕⌉\⊔∫ ⟩\ ⌈⟩{{⌉∇⌉\⊔ ⌈⟩∇⌉⌋⊔⟩≀\∫ ⊣↕≀\} ⊔⟨⌉ ∫⊓∇{⊣⌋⌉↙ C⟨⊣\}⟩\} ⌉⊣⌋⟨ ⊒⌉⟩}⟨⊔ ⟩\ √∇≀√≀∇⊔⟩≀\ ⊔≀ ⟩⊔∫ ⌉∇∇≀∇ ⌈⌉∇⟩⊑⊣⊔⟩⊑⌉ ⊣⇕≀⊓\⊔∫ ⊔≀ ⇕≀⊑⟩\} ⟩\ ⊔⟨⌉ ⌈⟩∇⌉⌋⊔⟩≀\ ≀{ ∫⊔⌉⌉√⌉∫⊔ ⌈⌉∫⌋⌉\⊔↙ O{⊔⌉\ ↕⌉⊣∇\⟩\} ⌋⊣\ ⌊⌉ ⊣⌋⌋⌉↕⌉∇⊣⊔⌉⌈ ⌊† ⊓∫⟩\} ⊔⟨⌉ ⌉∇∇≀∇ ⌈⌉∇⟩⊑⊣⊔⟩⊑⌉∫ ⟩\ ⇕≀∇⌉ ⌋≀⇕√↕⌉§ ⊒⊣†∫ ⟩\ ⌈⌉⊔⌉∇⇕⟩\⟩\} ⟨≀⊒ {⊣∇ ⊣\⌈ ⟩\ ⊒⟨⊣⊔ ⌈⟩∇⌉⌋⊔⟩≀\ ⊔≀ ⇕≀⊑⌉ ⟩\ ⊒⌉⟩}⟨⊔ ∫√⊣⌋⌉⇔ ⊣↕⊔⟨≀⊓}⟨ ⊔⟨⌉ ⟩∫∫⊓⌉∫ ∇⌉}⊣∇⌈⟩\} ⊔⟨⌉ ⊣√√↕⟩⌋⊣⊔⟩≀\ ≀{ ⊔⟨⌉∫⌉ ⊔⌉⌋⟨\⟩∐⊓⌉∫ ⌋⊣\ ⌊⌉ ∫⌉√⊣∇⊣⊔⌉⌈ {∇≀⇕ ⊔⟨≀∫⌉ ⌋≀\⌋⌉∇\⟩\} ⊔⟨⌉ ⌋⊣↕⌋⊓↕⊣⊔⟩≀\ ≀{ ⊔⟨⌉ ⌉∇∇≀∇ ⌈⌉∇⟩⊑⊣⊔⟩⊑⌉∫ ⊔⟨⌉⇕∫⌉↕⊑⌉∫↙ T⟨⌉ ⇕≀∫⊔ ⊒⟩⌈⌉∫√∇⌉⊣⌈ √∇≀⌋⌉⌈⊓∇⌉ {≀∇ ⌋≀⇕√⊓⊔⟩\} ⌉∇∇≀∇ ⌈⌉∇⟩⊑⊣⊔⟩⊑⌉∫ ⟩\ ⌋≀\\⌉⌋⊔⟩≀\⟩∫⊔ \⌉⊔⊒≀∇‖∫ ⟩∫ ⌊⊣⌋‖↖√∇≀√⊣}⊣⊔⟩≀\ ⇐B∇†∫≀\ ↘ H≀⇔ ∞∃∄∅ ↕⌉ C⊓\⇔ ∞∃∀▽∅ P⊣∇‖⌉∇⇔ ∞∃∀▽∅ R⊓⇕⌉↕⟨⊣∇⊔ ⌉⊔ ⊣↕↙⇔ ∞∃∀⊣̸∅ ∞∃∀⌊̸∅ W⌉∇⌊≀∫⇔ N≀⊔⌉ ▽⇒↙ T⟨⌉ √≀⊒⌉∇ ⊣\⌈ }⌉\⌉∇⊣↕⟩⊔† ≀{ ⌊⊣⌋‖↖√∇≀√⊣}⊣⊔⟩≀\ ⟨⊣∫ ⌈∇⊣⇕⊣⊔⟩⌋⊣↕↕† ⌉§⊔⌉\⌈⌉⌈ ⊔⟨⌉ ⊣√√↕⟩⌋⊣⌊⟩↕⟩⊔† ≀{ ⌋≀\\⌉⌋⊔⟩≀\⟩∫⊔ \⌉⊔⊒≀∇‖∫ ⊔≀ √∇≀⌊↕⌉⇕∫ ⟩\ ⊣ ⊒⟩⌈⌉ ⊑⊣∇⟩⌉⊔† ≀{ ⌈≀⇕⊣⟩\∫↙ H≀⊒⌉⊑⌉∇⇔ ⊔⟨⟩∫ √≀⊒⌉∇ ⊣↕∫≀ ∇⊣⟩∫⌉∫ ⌋≀\⌋⌉∇\∫ ⊣⌊≀⊓⊔ ⟩⊔∫ ⊣√√∇≀√∇⟩⊣⊔⌉\⌉∫∫ {≀∇ ⊔⟨⌉ √⊓∇√≀∫⌉∫ ≀{ ⇕≀⌈⌉↕⟩\} ⟩\ ⌋≀}\⟩⊔⟩⊑⌉ √∫†⌋⟨≀↕≀}† ⊣\⌈ \⌉⊓∇≀√∫†⌋⟨≀↕≀}†↙ I\ √⊣∇⊔⟩⌋⊓↕⊣∇⇔ ⊔⟨⌉ √∇≀⌋⌉⌈⊓∇⌉ ⊓∫⌉∫ ⟩\{≀∇⇕⊣⊔⟩≀\ ⟩\ ⊒⊣†∫ ⊔⟨⊣⊔ ∫⌉⌉⇕ \⌉⊓∇≀√⟨†∫⟩≀↕≀}⟩⌋⊣↕↕† ⟩⇕√↕⊣⊓∫⟩⌊↕⌉�⊣ ∫⊔∇⊣⟩}⟨⊔{≀∇⊒⊣∇⌈ ⟩⇕√↕⌉⇕⌉\⊔⊣⊔⟩≀\ ≀{ ⊔⟨⌉ √∇≀⌋⌉⌈⊓∇⌉ ⊒≀⊓↕⌈ ∇⌉∐⊓⟩∇⌉ ⌉∇∇≀∇ ∫⟩}\⊣↕∫ ⊔≀ ⊔∇⊣⊑⌉↕ ⌊⊣⌋‖⊒⊣∇⌈ ⊔⟨∇≀⊓}⟨ ∫†\⊣√∫⌉∫ ⊣\⌈ ⊣§≀\∫ ⇐C∇⟩⌋‖⇔ ∞∃∀∃∅ G∇≀∫∫⌊⌉∇}⇔ ∞∃∀⇒↙ A∫ ∫⊓⌋⟨⇔ ⟩⊔ ∫⌉⌉⇕∫ ⊓\↕⟩‖⌉↕† ⊔⟨⊣⊔ ⌊⊣⌋‖↖√∇≀√⊣}⊣⊔⟩≀\ ⟩∫ ⊒⟨⊣⊔ ⊓\⌈⌉∇↕⟩⌉∫ ⟨⊓⇕⊣\ ↕⌉⊣∇\⟩\}⇔ ⊣\⌈ ⊔⟨⊓∫ ⟩⊔∫ ⊓∫⌉ ⟩\ ⇕≀⌈⌉↕⟩\} ⊔⟨⌉ ∇⌉∫⊓↕⊔∫ ≀{ ⟨⊓⇕⊣\ ↕⌉⊣∇\⟩\} ⟩∫ ∫≀⇕⌉⊒⟨⊣⊔ ∫⊓∫√⌉⌋⊔↙ P∇≀√≀\⌉\⊔∫ ≀{ ⊔⟨⌉ ⊓∫⌉ ≀{ ⌊⊣⌋‖↖√∇≀√⊣}⊣⊔⟩≀\ ⟩\ ⌋≀}\⟩⊔⟩⊑⌉ ⇕≀⌈⌉↕⟩\} ⟨⊣⊑⌉ ∇⌉√↕⟩⌉⌈ ⊔≀ ⊔⟨⟩∫ ⊣∇}⊓⇕⌉\⊔ ⟩\ ⊔⊒≀ ⊒⊣†∫↙ T⟨⌉ ⊘∇∫⊔ ⟩∫ ⊔≀ ⌈⌉⇕≀\∫⊔∇⊣⊔⌉ ⟨≀⊒ ⊔⟨⌉ √∇≀⌋⌉⌈⊓∇⌉ ⇕⟩}⟨⊔ ⌊⌉ ⟩⇕√↕⌉⇕⌉\⊔⌉⌈ ⟩\ ⊣ \⌉⊓∇≀√⟨†∫⟩↖ ≀↕≀}⟩⌋⊣↕↕† √↕⊣⊓∫⟩⌊↕⌉ ⊒⊣† ⇐⌉↙}↙ P⊣∇‖⌉∇⇔ ∞∃∀▽⇒↙ T⟨⌉ ⇕≀∇⌉ ⌋≀⇕⇕≀\ ⊣√√∇≀⊣⌋⟨⇔ ⊣\⌈ ⊔⟨⌉ ≀\⌉ ⊣⌈≀√⊔⌉⌈ ⌊†

△ THE RELEVANCE OF LEARNING PROCEDURE ▽∀ H↘S⇔ ⟩∫ ⊔≀ ⊣∇}⊓⌉ ⊔⟨⊣⊔ ⌊⊣⌋‖↖√∇≀√⊣}⊣⊔⟩≀\ ⟩∫ ≀\↕† ≀\⌉ ≀{ ⊣ \⊓⇕⌊⌉∇ ≀{ √∇≀⌋⌉⌈⊓∇⌉∫ {≀∇ √⌉∇{≀∇⇕⟩\} }∇⊣↖ ⌈⟩⌉\⊔ ⌈⌉∫⌋⌉\⊔ ↕⌉⊣∇\⟩\} ⟩\ ⌋≀\\⌉⌋⊔⟩≀\⟩∫⊔ \⌉⊔⊒≀∇‖∫↙ A∫ ∫⊓⌋⟨ ⟩⊔ ⟩∫ ⊑⟩⌉⊒⌉⌈ ⇕⌉∇⌉↕† ⊣∫ ⊣ ⊖√∇≀}∇⊣⇕⇕⟩\} ⊔⌉⌋⟨\⟩∐⊓⌉⪰ {≀∇ ⌈⌉⊑⌉↕≀√⟩\} \⌉⊔⊒≀∇‖∫ ⊔⟨⊣⊔ √⌉∇{≀∇⇕ ⊣ ⊔⊣∫‖⇔ ⊣\⌈ ⟩∫ \≀⊔ ⟩\⊔⌉\⌈⌉⌈ ⊔≀ ∇⌉⊙⌉⌋⊔ ⊣\† ⊣∫√⌉⌋⊔ ≀{ ⟨⊓⇕⊣\ ↕⌉⊣∇\⟩\} √⌉∇ ∫⌉↙ T⟨⌉ ⟩⇕√↕⟩⌋⟩⊔ ⌋↕⊣⟩⇕ ⟩∫ ⊔⟨⊣⊔ ⌊⊣⌋‖↖√∇≀√⊣}⊣⊔⟩≀\ ⌈⌉⊑⌉↕≀√∫ ∇⌉√∇⌉∫⌉\⊔⊣⊔⟩≀\∫ ⊔⟨⊣⊔ ⌉§⟨⟩⌊⟩⊔ ⊔⟨⌉ ∫⊣⇕⌉ √∇≀√⌉∇⊔⟩⌉∫ ⊣∫ ⊒≀⊓↕⌈ ⊔⟨≀∫⌉ ⌈⌉⊑⌉↕≀√⌉⌈ ⌊† ⊣ ⇕≀∇⌉ √↕⊣⊓∫⟩⌊↕⌉ √∇≀⌋⌉⌈⊓∇⌉⇔ ⌊⊓⊔ ⌈≀⌉∫ ⟩⊔ ⇕⊓⌋⟨ ⇕≀∇⌉ ⌉{⊘⌋⟩⌉\⊔↕†↙ H≀⊒⌉⊑⌉∇⇔ ⊔⟨⟩∫ ⌋↕⊣⟩⇕ ⟩∫ ∇⊣∇⌉↕† ∫⊓⌊∫⊔⊣\⊔⟩⊣⊔⌉⌈ ⌊† ⊣ ⌈⌉⇕≀\∫⊔∇⊣⊔⟩≀\ ≀{ ⊔⟨⌉ ∫⟩⇕⟩↕⊣∇⟩⊔† ⌊⌉⊔⊒⌉⌉\ ∫†∫⊔⌉⇕∫ ⌈⌉⊑⌉↕≀√⌉⌈ ⊒⟩⊔⟨ ⊣↕⊔⌉∇\⊣⊔⟩⊑⌉ √∇≀⌋⌉⌈⊓∇⌉∫↙∃ I\ ⊔⟨⟩∫ ∫⌉⌋⊔⟩≀\ ⊒⌉ ⊣⊔⊔⌉⇕√⊔ ⊔≀ ∇⌉√↕⟩⌋⊣⊔⌉ ⊔⟨⌉ ⇕⊣⟩\ ∇⌉∫⊓↕⊔∫ ≀⌊⊔⊣⟩\⌉⌈ ⊔⟨⊓∫ {⊣∇ ⊒⟩⊔⟨ ⌊⊣⌋‖↖√∇≀√⊣}⊣⊔⟩≀\⇔ ⊒⟩⊔⟨⟩\ ⊔⟨⌉ ⇕≀∇⌉ √↕⊣⊓∫⟩⌊↕⌉ ↕⌉⊣∇\⟩\} {∇⊣⇕⌉⊒≀∇‖ ≀{ ⌋≀\⊔∇⊣∫⊔⟩⊑⌉ H⌉⌊⌊⟩⊣\ ↕⌉⊣∇\⟩\} ⟩\ ⊣ ⌈⌉⊔⌉∇⇕⟩\⟩∫↖ ⊔⟩⌋ B≀↕⊔‡⇕⊣\\ M⊣⌋⟨⟩\⌉ ⇐DBM⇒↙ F≀↕↕≀⊒⟩\} ⊣ ⌊∇⟩⌉{ ⌈⌉∫⌋∇⟩√⊔⟩≀\ ≀{ ⊔⟨⌉ {∇⊣⇕⌉⊒≀∇‖⇔ ⊒⌉ ⌈⌉⊘\⌉ ⊣\ ⊣∇⌋⟨⟩⊔⌉⌋⊔⊓∇⌉ {≀∇ ⇕⊣√√⟩\} ≀∇⊔⟨≀}∇⊣√⟨† ⊔≀ √⟨≀\≀↕≀}† ⊑⟩⊣ ∫⌉⇕⊣\⊔⟩⌋∫ ∫⟩⇕⟩↕⊣∇ ⊔≀ ⊔⟨≀∫⌉ ⊓∫⌉⌈ ⊒⟩⊔⟨ ⌊⊣⌋‖↖ √∇≀√⊣}⊣⊔⟩≀\↙ A{⊔⌉∇ ⊔∇⊣⟩\⟩\} ⊔⟨⌉ \⌉⊔⊒≀∇‖⇔ ⊒⌉ ⌋≀⇕√⊣∇⌉ ⟩⊔∫ ⌊⌉⟨⊣⊑⟩≀∇ ⊓\⌈⌉∇ ⊣ ⊑⊣∇⟩⌉⊔† ≀{ ↕⌉∫⟩≀\∫ ⊣\⌈ ⊒⟩⊔⟨ ⊔⟨⊣⊔ ≀{ ⊔⟨⌉ ⌊⊣⌋‖↖√∇≀√⊣}⊣⊔⟩≀\ \⌉⊔⊒≀∇‖∫↙ I\ ⊣⌈⌈⟩⊔⟩≀\ ⊔≀ ⌊⌉⟩\} ⇕≀∇⌉ √↕⊣⊓∫⟩⌊↕⌉ ⊣∫ ⊣ √∇≀⌋⌉⌈⊓∇⌉ ⊔⟨⊣⊔ ⇕⟩}⟨⊔ ⊓\⌈⌉∇↕† ⟨⊓⇕⊣\ ↕⌉⊣∇\⟩\}⇔ ⊔⟨⌉ DBM ⟨⊣∫ ⟩\⊔⌉∇⌉∫⊔⟩\} ⌋≀⇕√⊓⊔⊣⊔⟩≀\⊣↕ ⌋⟨⊣∇⊣⌋⊔⌉∇⟩∫⊔⟩⌋∫ \≀⊔ ∫⟨⊣∇⌉⌈ ⌊† ⊔⟨⌉ ⌊⊣⌋‖↖√∇≀√⊣}⊣⊔⟩≀\ \⌉⊔⊒≀∇‖∫↙ W⌉ ⌋≀\⌋↕⊓⌈⌉ ⊔⟨⌉ ∫⌉⌋⊔⟩≀\ ⌊† ⌈⌉⇕≀\∫⊔∇⊣⊔⟩\} ⟨≀⊒ ⊔⟨⌉∫⌉ ⌋⟨⊣∇⊣⌋⊔⌉∇⟩∫⊔⟩⌋∫ ⊣∇⌉ ⊓∫⌉{⊓↕ {≀∇ ⊓\⌈⌉∇∫⊔⊣\⌈⟩\} ⊔⊒≀ ⊣∫√⌉⌋⊔∫ ≀{ ⌈⌉⌉√ ⌈†∫↕⌉§⟩⌋ ∇⌉⊣⌈⟩\} ⌊⌉⟨⊣⊑⟩≀∇¬ }∇⌉⊣⊔⌉∇ ⌋≀\⊘⌈⌉\⌋⌉ ⟩\ ⊑⟩∫⊓⊣↕ ⊑∫↙ ∫⌉⇕⊣\⊔⟩⌋ ⌉∇∇≀∇∫⇔ ⊣\⌈ √∇⌉∫⌉∇⊑⌉⌈ ↕⌉§⟩⌋⊣↕ ⌈⌉⌋⟩∫⟩≀\↙ △↙∞ D⌉⊔⌉∇⇕⟩\⟩∫⊔⟩⌋ B≀↕⊔‡⇕⊣\\ M⊣⌋⟨⟩\⌉∫ D⌉⊔⌉∇⇕⟩\⟩∫⊔⟩⌋ B≀↕⊔‡⇕⊣\\ M⊣⌋⟨⟩\⌉∫ ⇐P⌉⊔⌉∇∫≀\ ↘ A\⌈⌉∇∫≀\⇔ ∞∃∀∅ H⟩\⊔≀\⇔ ∞∃∀∃⌊⇒ ⊒⌉∇⌉ ≀∇⟩}⟩\⊣↕↕† ⌈⌉∇⟩⊑⌉⌈ ⊣∫ ⊣√√∇≀§⟩⇕⊣⊔⟩≀\∫ ⊔≀ ∫⊔≀⌋⟨⊣∫⊔⟩⌋ B≀↕⊔‡⇕⊣\\ M⊣⌋⟨⟩\⌉∫ ⇐H⟩\⊔≀\ ↘ S⌉|\≀⊒∫‖⟩⇔ ∞∃∀∋⇒↙ H≀⊒↖ ⌉⊑⌉∇⇔ ⟩\ ≀∇⌈⌉∇ ⊔≀ ∫⟩⇕√↕⟩{† ⊔⟨⌉ √∇⌉∫⌉\⊔⊣⊔⟩≀\ ⊒⌉ ⊒⟩↕↕ ⌈⌉∫⌋∇⟩⌊⌉ ≀\↕† ⊔⟨⌉ ⌈⌉⊔⌉∇⇕⟩\⟩∫⊔⟩⌋ ⊑⌉∇∫⟩≀\↙ T⟨⌉ ⊓\⟩⊔∫ ⟩\ ⊣ DBM ⊣∇⌉ ⌋↕≀∫⌉↕† ∇⌉↕⊣⊔⌉⌈ ⊔≀ ⊔⟨≀∫⌉ ⟩\ ⊣ ⌊⊣⌋‖↖√∇≀√⊣}⊣⊔⟩≀\ \⌉⊔⊒≀∇‖↙ T⟨⌉ ≀⊓⊔√⊓⊔⇔ ≀∇ ∫⊔⊣⊔⌉ s^{(t)}_i of each unit i at time t is a nonlinear function of its summed input▷ s^{(t)}_i = λs^{(t−∞)}_i + (1 − λ) tanh T ∑ j s^{(t−∞)}_j w_{ij} (1) Unit states change somewhat Ψsluggishly,˚ so that the new state is a weighted average (with proportion λ = 0.6 for our simulations↽ of the old state and the contribution from the new input▷ The hyperbolic tangent function Ψtanhν is the symmetric version of the sigmoid function ranging from 1 to 1 instead of 0 to 1 and T is a parameter called Ψtemperatureν that adjusts the sharpness of the sigmoid ↼see Figure 4▷1↽▷ Also each connection is bidirectional and each weight is symmetric so that w_{ij} = w_{ji}▷ 4▷1▷1 Energy minimization As in a backpropagation network input is presented to the network by clamping the states of some designated input units▷ If the other units in the network update their states synchronously and repeatedly according to equation 1 it can be shown ↼Hopαeld 1984↽ that the network will 9Terry Sejnowski ↼personal communication↽ has successfully reimplemented NETtalk ↼Sejnowski ς Rosenberg 1987↽ a feedforward backpropagation network that maps orthography to phonology as a stochastic Boltzmann Machine▷ However he made no direct comparisons of the representations that the two procedures developed▷

Figure 4▷1. The inputoutput function of units in a DBM for four different temperatures▷

eventually settle into a set of states corresponding to a minimum of the Ψfree energyν function F = − ∑ i<j s_is_j w_{ij} + T ∑ i ( s^′_i log s^′_i + (1 − s^′_i) log(1 − s^′_i) ) (2) where s^′_i = (s_i + 1)/2▷ The αrst term corresponds to the Ψenergyν of the network and measures the extent to which the states of units satisfy the constraints imposed by the weights▷ If two units have a positive weight between them and both have positive states ↼satisfying the constraint↽ the contribution of the weight to the energy will be positive thus reducing the total free energy▷ If the units have states of opposite sign ↼violating the constraint of the weight↽ their contribution will be negative and will increase the free energy▷ The second term corresponds to the negative of the Ψentropyν of the network ↼weighted by temperature↽ and measures the degree to which unit states are at their extremes▷ At T = 1, the term for a unit has a minimum value of log(0.5) = −′.693 when the unit is least extreme ↼has a state of 0↽ and approaches zero as the unitφs state approaches ±∞↙ M⟩\⟩⇕⟩‡⟩\} ⊔⟨⌉ {∇⌉⌉ ⌉\⌉∇}† F amounts to αnding nonextreme unit states that satisfy the weight constraints▷ It may help to think of a Ψstate spaceν that is analogous to weight space but has a dimension for the state of each unit in the network and an extra dimension for free energy▷ For a given set of weights each possible pattern of activity over the units can be represented as a point in state space whose height along the extra dimension corresponds to its free energy▷ The entire set of these points forms an energy surface in state space with hills and valleys▷ The initial unit states deαne a starting point on this surface▷ As each unit updates its state according to Equation 1 the pattern of activity of the network as a whole can be thought of as descending along the energy surface to αnd a minimum▷ This minimum is exactly what we have been calling an Ψattractorν and the energy valley containing it its Ψbasinν of attraction▷

4▷1▷2 Simulated annealing The network as deαned thus far will always settle into some minimum of the free energy function F ▷ It is possible to help it αnd a good minimum with a low value of F by varying the temperature T during settling▷ In particular it is useful to start T at a very high value T_{init} corresponding to a very βat sigmoid function and then gradually reduce it sharpening the sigmoid to a αnal value of 1▷ In our simulations we use an exponential decay rate for T T^{(t)} = 1 + T_{init}d^t (3) where T_{init} = 50 and d = 0.9▷ This procedure is the deterministic analogue of stochastic simulated annealing ↼Kirkpatrick et al▷ 1983↽ which is a commonlyused global optimization technique▷ It is also called Ψgain variationν ↼Hopαeld ς Tank 1985, Nowlan 1988↽ because the summed input of each unit is multiplied by a gain factor of 1/T^{(t)} that gradually increases during settling. The rationale for this procedure is that it provides a kind of progressive re↑nement. At high temperature,

the input to a unit must be very large for it to produce any signi↑cant response (see Figure 4.1 for

T = 20). Thus only the units that are most strongly constrained to have positive or negative states initially become active. As the temperature is lowered, units require less input to become active, and so become sensitive to weaker constraints. Only near the end of annealing do very subtle constraints have infiuence.

The settling process in a DBM is analogous to the forward pass in back-propagation, in the sense that both compute a set of output states for a given input. However, the existence of a well-deffned energy function that characterizes this process is a major advantage of a DBM. While it is possible to compute the value of F for the states and weights in a backpropagation network there is no direct relationship between this value and the actual operation of the network▷ In contrast the value of F for a DBM either during settling or at a minimum provides a direct measure of how well the network is satisfying the constraints of the task▷ Furthermore it is possible to compute F separately for different sets of connections and units▷ This will allow us to locate where in the network constraints are being violated when it produces an error under damage▷ Another advantage of a DBM over the type of backpropagation network we have used thus far is that the settling process is much more gradual�typically involving a hundred or so iterations compared with 14 for the backpropagation networks▷ While this signiαcantly increases the computational demands of simulations it enables a much αnergrained analysis of the timecourse of processing an input▷ For example we can compare the Ψgoodnessν of the semantic and phonological representations ↼deαned in terms of free energy↽ throughout the course of pronouncing a word▷ However the need for long settling times may make the procedure somewhat less biologically plausible since individual neurons can generate only about 100 spikes in the time required by humans to interpret visual input ↼Feldman ς Ballard 1982↽▷ 4▷1▷3 Contrastive Hebbian learning Initially the weights in the network are set to small random values ↼between ±′.5 in our simula tions↽▷ When an input is presented the network will settle into a minimum of F perhaps even the best possible minimum if simulated annealing is used▷ However because the weights are random the states of the output units at this minimum are very unlikely to correspond to their correct states for this input▷ Thus we need a procedure for adjusting the weights in the network to make it more likely that the minimum that the network settles into given some input has the appropriate output unit states▷ The learning procedure for a DBM is remarkably simple and intuitive although its derivation is beyond the scope of this paper▷ It is directly analogous to the corresponding procedure for stochastic Boltzmann Machines ↼Ackley et al▷ 1985↽▷ It takes the form of two Ψphasesν for each input. a negative and a positive phase▷ The negative phase is just the settling process described above. the states of the input units are clamped and the network is annealed to settle into a set of states corresponding to a free energy minimum▷ The positive phase is run exactly like the negative phase except that in addition to clamping the input units the output units are clamped into their correct states▷ Intuitively the positive phase amounts to guiding the network to produce the correct response and the negative phase amounts to letting the network try to produce the correct response on its own▷ If the network has learned the task the states of the output units should be the same in the positive and negative phases▷ We will use s^−_i to designate the state of unit i at the minimum for the negative phase and s^+_i for its state at the minimum for the positive phase▷ If each weight is changed according to Dw_{ij} = ϵ ( s^+_i s^+_j − s^−_i s^−_j ) (4) then, for small enough ϵ the network performs steepest descent ↼in weight space↽ in an information theoretic measure G of the difference between the output unit states in the positive and negative phases ↼Hinton 1989b↽▷10 The form of this learning rule is simply the product of unit states in the positive phase minus their product in the negative phase▷11 This makes sense if we think of the states in the positive phase as roughly corresponding to Ψcorrectν behavior and remember the discussion above on how states and weights contribute to the total free energy▷ If the states of the two units in the positive phase are either both positive or both negative it is good ↼i▷e▷ lowers the energy↽ for the weight to be positive and it is incremented▷ We subtract off the product for the Ψincorrectν performance in the negative phase▷ If the product is not as high in this phase as in the positive phase the net weight change will be positive▷ This increase in the weight will make it more likely in the future for one unit to be active when the other is active thus increasing the product of their states▷ In this way learning can be thought of as Ψshapingν the energy surface lowering the surface ↼decreasing the energy↽ for good combinations of states and raising it for bad ones▷ These changes make it more likely that the network will settle into a good minimum on the next presentation of the input▷ Contrastive Hebbian learning is more biologically plausible than backpropagation for a number of reasons▷ Although the procedure still requires information about the correct states of output units this information is used in the same way as information about the input�that is by propagating weighted unit activities rather than passing error derivatives backward across connections▷ This difference makes it easier for one part of a large DBM to train another if the αrst part can appropriately set the states of the output units of the second part▷ In addition there is direct 10Actually this is only true if in the negative phase the probability of an output vector given an input vector is deαned in terms of the free energies of the minima that the network actually settles to in the positive and negative phases rather than by interpreting the realvalued output vector as representing a probability distribution over possible binary output vectors under a maximum entropy assumption ↼i▷e▷ that the unit states represent independent probabilities↽▷ 11Learning rules that change the weight of a connection based on the product of the activities of the two connected units are referred to as ΨHebbianν in recognition of Donald Hebb who αrst proposed such a rule ↼Hebb 1949↽▷ The rule is termed Ψcontrastiveν because it involves taking the difference to two such products▷ neurophysiological evidence for a Hebbian learning mechanism in at least some parts of the brain ↼Cotman ς Monaghan 1988, Dudai 1989↽▷ Although the need for symmetric weights is of some concern connection pathways between brain areas are virtually always reciprocal ↼Van Essen 1985↽ and initially asymmetric weights gradually become symmetric if they are given a slight tendency to spontaneously decay towards zero ↼Galland ς Hinton 1989, Hinton 1989b↽▷ Although contrastive Hebbian learning in DBMs is a relatively new learning paradigm it has been applied to problems of moderate size with reasonable success ↼Galland ς Hinton 1990, Peterson ς Hartman 1988↽▷ In general the number of required training presentations is comparable to that for backpropagation although a DBM can require considerably more computation in processing each example due to its more gradual settling process▷ Both backpropagation and contrastive Hebbian learning can be characterized as performing gradient descent in weight space in an explicit measure of how well the network is performing the task▷ This has lead most researchers to assume that the nature of the representations developed by the two procedures in most tasks would be qualitatively equivalent▷ However the ways in which they compute weight derivatives based on unit states are quite different▷ In particular the processing dynamics of a DBM as it settles to an attractor are much more gradual and interactive than the type of backpropagation networks we have investigated thus far▷ These differences raise the issue as to whether the lesion results we have obtained with backpropagation arise only in networks trained with that powerful rather implausible procedure▷ In order to investigate this issue we now deαne a version of the task of reading via meaning and describe a DBM architecture for accomplishing it▷ After training the network with contrastive Hebbian learning we systematically lesion it and compare its impaired performance with that of damaged backpropagation networks▷ 4▷1▷4 The task In order to help the DBM learn the structure between the input and output patterns ↼i▷e▷ to reproduce the cooccurrences of unit states↽ we will use a more Ψsymmetricν version of the task of reading via meaning than was used with the backpropagation networks▷ Speciαcally the network will be trained to map between orthography and phonology via semantics in either direction▷ This requirement can be broken down into three subtasks. ↼1↽ generate semantics and phonology from orthography ↼2↽ generate orthography and phonology from semantics and ↼3↽ generate semantics and orthography from phonology▷ Although only the αrst subtask is strictly required for reading via meaning training on the other subtasks ensures that the network learns to model orthographic structure and its relationship to semantics in the same way as for phonological structure▷12This is important if we want to use free energy to compare the Ψgoodnessν of each kind of representation▷ Also learning the task in both directions should result in stronger and more robust attractors in a similar way as for the backpropagation networks with feedback connections ↼80fb and 4040fb↽▷ In order to make generating orthography as closely analogous as possible to generating phonology we use the original HςS representations for letters involving a positionspeciαc Ψgraphemeν unit for each possible letter in a word▷ 12Our use of a training procedure that involves learning to produce semantics from phonology in addition to producing phonology from semantics is in no way intended to imply a theoretical claim that input and output phonology are identical�it is solely a way of helping the network to learn the appropriate relationships between semantic and phonological representations▷

Figure 4▷2. The DBM architecture for mapping among orthography semantics and phonology▷ 4▷1▷5 The network architecture Figure 4▷2 depicts the architecture of a DBM for mapping among the orthography semantics and phonology▷ The network has 40 intermediate units bidirectionally connected with the 28 grapheme units and 68 sememe units and another 40 intermediate units bidirectionally connected with the sememe units and 33 phoneme units▷ Each of these sets of connections has full connectivity density▷ In addition there is full connectivity within each of the grapheme sememe and phoneme layers except that units are not connected with themselves▷ In total the network has 11273 bidirectional connections▷ This is about twice the number of connections in one of the backprop agation networks▷ This extra capacity is justiαed because contrastive Hebbian learning is not as efαcient as backpropagation in using a small number of weights to solve a task▷ 4▷1▷6 The training procedure The procedure used to train the DBM is exactly that described above with a slight elaboration▷ In order to train the network to perform each of the three subtasks mentioned previously each presentation of a word involved three negative phases▷ First the grapheme units were clamped to the letters of the word and the network was annealed to settle into states for the semantics and phonology▷ Second the semantics of the word were clamped correctly and the network generated orthographic and phonological representations▷ Finally the phonemes of the word were clamped and activity patterns over the sememe and grapheme units were computed▷ The pairwise products of unit states in each of these conditions are subtracted from the pending weight changes according to Equation 4▷ The positive phase involved clamping the grapheme sememe and phoneme units

Figure 4▷3. The states of the DBM at selected iterations in processing the word RAT▷ Each row of the display for an iteration represents a separate layer of units with grapheme units at the bottom sememe units in the long middle row and phoneme units at the top▷ The second and fourth rows are the input and output intermediate units respectively▷ The state of each unit is represented by the size of a black ↼for negative↽ or white ↼for positive↽ blob▷ A grey square indicates that the unit has a state near zero▷ Thus the bottom ↼orthographic↽ row for each iteration has three white squares corresponding to the three graphemes of RAT that are clamped on throughout settling▷ appropriately and computing states for the intermediate units▷13 In order to balance the three negative phases the products of unit states in the positive phase are multiplied by three before being added into the pending weight changes▷ These pending changes are accumulated for each word in turn at which point the weights are actually changed ↼using a weight step ϵ = 0.01↽ and the procedure is repeated▷ After slightly more than 2100 such sweeps through the word set the state of each grapheme sememe and phoneme unit was within 0▷2 of its correct states during each of the three negative phases▷ In order to provide a sense of the behavior of the trained network in processing a word Figure 4▷3 displays the states of the units in the network at various times during the negative phase in which the orthography of the word RAT is presented▷ Because temperature is very high for the αrst iterations most ↼noninput↽ unit states are near zero▷ Gradually units in the αrst intermediate 13No settling is required in the positive phase because all of the connections of both sets of intermediate units are from units that are clamped▷ In this case the αnal states that these units would ultimately achieve if settling were used can be computed directly using no Ψsluggishnessν in their update functions ↼i▷e▷ ˘ = 0 in Equation 1).

layer start to become active due to direct orthographic input. By around iteration 30, this initial activity begins to generate semantic activity, which in turn generates activity in the output half of the network by iteration 35. Because only three of the 33 phoneme units should have a positive state for any given word, these units have a strong negative biases, producing negative states at iteration 40. Semantics continues to improve, although it is still far from the correct semantics for RAT, as shown by comparison with the states for that last iteration. Close inspection reveals that the erroneous semantic features are due to contamination with the features for CAT. However, even before the semantic pattern settles completely it begins to activate the appropriate phonemes�rst the vowel around iteration 50, and then the consonants. Between iterations 60 and 75, the phoneme units clearly settle into the correct pronunciation. Interestingly, some semantic features are still undecided or incorrect at this state (e.g. the two leftmost features, relating to size). The correct phonology feeds back to semantics to provide additional clean-up, and by iteration 100 all of the semantic features are in their correct states. In this way, the DBM behaves quite differently from networks that map from orthography to phonology via semantics in a strictly feed-forward manner (i.e. all the back-propagation networks without feedback connections). Having learned to map between semantics and phonology in both directions, it takes advantage of their interaction to settle into the correct representations for each. The settling behavior of the DBM when presented with other words is qualitatively similar, although there is some degree of variability in the time course of settling at the semantic and phonological layers.

In comparing the trainingand operation of the DBM with that of the back-propagationnetworks, it is important to keep in mind that processing one word in the DBM requires about 40 times more computation.14On the other hand, the DBM has the signi�cant advantage that it was trained all at once�back-propagation networks had to be trained incrementally, using a rather ad hoc procedure in the case of the output networks (see Section 2.2.2). In addition, the DBM is performing a more complex task by learning to map between orthography and phonology in either direction. However, our major interest is to compare the effects of damage on behavior of these two types of network in reading via meaning rather than the time required to learn the task per se.

4.1.7 The effects of lesions

After training, each of the sets of connections in the DBM were subjected to 20 instances of lesions over the standard range of severity. Since we are primarily concerned with the task of generating semantics and phonology from orthography, we only considered behavior in the negative phase in which the grapheme units are clamped. For each lesion, correct, omission, and error response were accumulated according to the same criteria as used for the back-propagation networks. Figure 4.4 presents the overall correct rates of performance of the DBM, for both �input� and �output� lesions. As a comparison, consider the correct performance data for the corresponding lesions to the replication of the H&S network (Figure 2.5 p. 29).

This network is similar to the DBM in that it (1) uses the same orthographic representations, (2) was not trained with noisy input, (3) has intra-sememe connections. Considering �input� 14Wecan approximatethecomputationaldemandsofpresentingawordduringlearningbythenumberofconnections

� thenumber ofphases � the number of iterationsper phase. The DBM has about twice the number of connections and requires fourphases, compared with twofor a back-propagationnetwork (the forward and backward passes). In addition,theDBMrequires about10times more iterationstosettle (about150vs. 14foroneofthe back-propagation networks).

4 THE RELEVANCE OF LEARNING PROCEDURE 66

Figure 4.4: Overall correct performance of the DBM after lesions to the �input� connections (left) and �output� connections (right).

lesions �rst, the DBM is more robust to I⇔S lesions, while G⇔I lesions are equally debilitating

in the two networks. A comparison of Ψclean-up˚ lesions is complicated by the differences in
architecture�the H&S network has a clean-up pathway, while the DBM has only intra-sememe
connections. In general, the DBM appears to be slightly more resistant to S⇔S lesions than the
H&S network is to either S⇒C or C⇒S lesions, except perhaps when using the IP output network.
As for output lesions, the DBM is somewhat more robust to lesions of the direct pathway than
is the H&S network. However, clean-up lesions in the two networks result in similar behavior,
producing a sharp decline in correct performance with increasing lesion severity.
  An interesting characteristic of the DBM is that it tends to settle into unit states that are very
close to ±∞⇔ ⌉⊑⌉\ ⊓\⌈⌉∇ ⌈⊣⇕⊣}⌉↙ T⟨⟩∫ ∇⌉∫⊓↕⊔∫ ⟩\ ⊑⌉∇† ⌋↕⌉⊣\ √⟨≀\≀↕≀}⟩⌋⊣↕ ≀⊓⊔√⊓⊔ ⊒⟨⌉\ ⟩⊔ ∇⌉∫√≀\⌈∫↙

I\ {⊣⌋⊔⇔ ⊔⟨⌉ ⊒≀∇∫⊔ √⟨≀\⌉⇕⌉ ⟨⊣∫ ⊣ √∇≀⌊⊣⌊⟩↕⟩⊔† ⊣⌊≀⊑⌉ ′↙∀ {≀∇ ⊣↕⇕≀∫⊔ ⊣↕↕ ⌋≀∇∇⌉⌋⊔ ⊣\⌈ ≀⇕⟩∫∫⟩≀\ ∇⌉∫√≀\∫⌉∫⇔ ⊒⟨⟩↕⌉ ⊑⌉∇† {⌉⊒ ⊣∇⌉ ⊣⌊≀⊑⌉ ⊔⟨⟩∫ ↕⌉⊑⌉↕ {≀∇ ⊔⟨⌉ ⌊⊣⌋‖↖√∇≀√⊣}⊣⊔⟩≀\ \⌉⊔⊒≀∇‖↙ I\ ⊣⌈⌈⟩⊔⟩≀\⇔ ⊔⟨⌉ ↕⊣∇}⌉ ⇕⊣|≀∇⟩⊔† ⇐∃′↙∀↗⇒ ≀{ ≀⇕⟩∫∫⟩≀\∫ {⊣⟩↕ ⊔⟨⌉ ∇⌉∐⊓⟩∇⌉⇕⌉\⊔ ⊔⟨⊣⊔ ⌉§⊣⌋⊔↕† ≀\⌉ √⟨≀\⌉⇕⌉ ⌊⌉ ⊣⌋⊔⟩⊑⌉�\≀ √⟨≀\⌉⇕⌉ ⟩∫ ⊣⌋⊔⟩⊑⌉ ⟩\ ∀↙∈↗ ≀{ ⊔⟨⌉∫⌉↙ O\↕† ∃↙∈↗ ≀{ ≀⇕⟩∫∫⟩≀\∫ {⊣⟩↕ ⌊⌉⌋⊣⊓∫⌉ ≀{ ⊔⟨⌉ ⌋∇⟩⊔⌉∇⟩≀\ ≀{ ⊣ ⇕⟩\⟩⇕⊓⇕ ∫↕≀⊔ ∇⌉∫√≀\∫⌉ √∇≀⌊⊣⌊⟩↕⟩⊔† ≀{ ′↙ ̸{≀∇ ∇⌉∫√≀\∫⌉∫↙ T⟨⊓∫ ⟩\ ⊔⟨⌉ DBM ⊔⟨⟩∫ ⌋∇⟩⊔⌉∇⟩≀\ ⌋≀⊓↕⌈ ⌊⌉ ⌉↕⟩⇕⟩\⊣⊔⌉⌈ ⌉\⊔⟩∇⌉↕† ⊒⟩⊔⟨≀⊓⊔ ∫⊓⌊∫⊔⊣\⊔⟩⊣↕↕† ⊣↕⊔⌉∇⟩\} ⊔⟨⌉ ∇⌉∫⊓↕⊔∫↙ F⟩}⊓∇⌉ △↙▽ √∇⌉∫⌉\⊔∫ ⊔⟨⌉ ⌈⟩∫⊔∇⟩⌊⊓⊔⟩≀\ ≀{ ⌉∇∇≀∇ ⊔†√⌉∫ {≀∇ ⌉⊣⌋⟨ ↕⌉∫⟩≀\ ↕≀⌋⊣⊔⟩≀\ ≀{ ⊔⟨⌉ DBM⇔ ⊣⊑⌉∇⊣}⌉⌈ ≀⊑⌉∇ ∫⌉⊑⌉∇⟩⊔⟩⌉∫ ⊔⟨⊣⊔ ∇⌉∫⊓↕⊔⌉⌈ ⟩\ ⌋≀∇∇⌉⌋⊔ √⌉∇{≀∇⇕⊣\⌋⌉ ⌊⌉⊔⊒⌉⌉\ ∈′∘∀′↗↙ C≀⇕√⊣∇⟩\} ⊒⟩⊔⟨ ∇⌉∫⊓↕⊔∫ {≀∇ ⟩\√⊓⊔ ↕⌉∫⟩≀\∫ ⊔≀ ⊔⟨⌉ H↘S \⌉⊔⊒≀∇‖ ⇐F⟩}⊓∇⌉∫ ∈↙⇎ √↙ ∋′⇒⇔ ⊔⟨⌉ DBM ⟩∫ √∇≀⌈⊓⌋⟩\} ⇕⊓⌋⟨ ⟨⟩}⟨⌉∇ ⌉∇∇≀∇ ∇⊣⊔⌉∫�⊣⌊≀⊓⊔ △∘∀ ⊔⟩⇕⌉∫ ⊔⟨⌉ ∇⊣⊔⌉∫ ⊓∫⟩\} ⊔⟨⌉ \≀IP ≀⊓⊔√⊓⊔ \⌉⊔⊒≀∇‖⇔ ⊣\⌈ ⊣⌊≀⊓⊔ ⊔⊒⟩⌋⌉ ⊔⟨⌉ ∇⊣⊔⌉∫ ⊓∫⟩\} ⊔⟨⌉ IP \⌉⊔⊒≀∇‖↙ I\ {⊣⌋⊔⇔ ⊔⟨⌉ ⌈⟩∫⊔∇⟩⌊⊓⊔⟩≀\ ≀{ ⌉∇∇≀∇ ⊔†√⌉∫ ⟩∫ ∐⊓⟩⊔⌉ ∫⟩⇕⟩↕⊣∇ {≀∇ ⊔⟨⌉ ↕⊣⊔⊔⌉∇ \⌉⊔⊒≀∇‖ ⊣\⌈ ⊔⟨⌉ DBM↙ B≀⊔⟨ ∫⟨≀⊒ ⊣ ⊑⌉∇† ⟨⟩}⟨ √∇≀√≀∇⊔⟩≀\ ≀{ ⊑⟩∫⊓⊣↕ ⌉∇∇≀∇∫ {≀∇ ↕⌉∫⟩≀\∫ ⊔≀ ⟩\√⊓⊔ √⊣⊔⟨⊒⊣†∫↙ F⊓∇⊔⟨⌉∇⇕≀∇⌉⇔ ↕⟩‖⌉ ⊔⟨⌉ ∇⌉√↕⟩⌋⊣⊔⟩≀\ ≀{ ⊔⟨⌉ H↘S \⌉⊔⊒≀∇‖ ⊒⟩⊔⟨ ⊣\ ≀⊓⊔√⊓⊔ ∫†∫⊔⌉⇕⇔ ⊔⟨⌉ DBM ∫⟨≀⊒∫ ⊑⌉∇† ↕≀⊒ ∇⊣⊔⌉∫ ≀{ ⌊↕⌉\⌈ ∇⌉∫√≀\∫⌉∫↙ T⟨⟩∫ ⟩∫ ⟩\⊔⌉∇⌉∫⊔⟩\} ⌊⌉⌋⊣⊓∫⌉⇔ ⊓\↕⟩‖⌉ ⟩\ ⊔⟨⌉ ⌈⌉⊑⌉↕≀√⇕⌉\⊔ ≀{ ⊔⟨⌉ \≀IP ⊣\⌈ IP ≀⊓⊔√⊓⊔ \⌉⊔⊒≀∇‖∫⇔ \≀ ∫√⌉⌋⟩⊣↕ ⌉{{≀∇⊔ ⊒⊣∫ ⇕⊣⌈⌉ ⊔≀ √∇⌉⊑⌉\⊔ ⌊↕⌉\⌈∫ ⟩\ ⊔⟨⌉ ⌈⌉∫⟩}\ ≀∇ ⊔∇⊣⟩\⟩\} ≀{

△ THE RELEVANCE OF LEARNING PROCEDURE

F⟩}⊓∇⌉ △↙▽¬ E∇∇≀∇ ∇⊣⊔⌉∫ √∇≀⌈⊓⌋⌉⌈ ⌊† ↕⌉∫⟩≀\∫ ⊔≀ ⌉⊣⌋⟨ ⇕⊣⟩\ ∫⌉⊔ ≀{ ⌋≀\\⌉⌋⊔⟩≀\∫ ⟩\ ⊔⟨⌉ DBM↙ ⊔⟨⌉ DBM↙ T⟨⌉⟩∇ ⊣⌊∫⌉\⌋⌉ ⊣√√⌉⊣∇∫ ⊔≀ ⌊⌉ ⊣ \⊣⊔⊓∇⊣↕ ⊣\⌈ ⌉\⌋≀⊓∇⊣}⟩\} ⌋≀\∫⌉∐⊓⌉\⌋⌉ ≀{ ⊔⟨⌉ \⊣⊔⊓∇⌉ ≀{ ⊔⟨⌉ ⊣⊔⊔∇⊣⌋⊔≀∇∫ ⌈⌉⊑⌉↕≀√⌉⌈ ⌊† ⊔⟨⌉ DBM↙ T⟨⌉ √⊣⊔⊔⌉∇\ ≀{ ⌉∇∇≀∇ ∇⊣⊔⌉∫ {≀∇ ≀⊓⊔√⊓⊔ ↕⌉∫⟩≀\∫ ⊔≀ ⊔⟨⌉ DBM ⟩∫ ∐⊓⟩⊔⌉ ⌈⟩{{⌉∇⌉\⊔ {∇≀⇕ ⊔⟨⊣⊔ {≀∇ ⊔⟨⌉ ∇⌉√↕⟩⌋⊣⊔⟩≀\ ≀{ ⊔⟨⌉ H↘S \⌉⊔⊒≀∇‖ ⊒⟩⊔⟨ ⊣\ ≀⊓⊔√⊓⊔ ∫†∫⊔⌉⇕ ⇐F⟩}⊓∇⌉ ∈↙∃⇔ √↙ ∋△⇒↙ T⟨⌉ ⌉∇∇≀∇ ∇⊣⊔⌉∫ {≀∇ ↕⌉∫⟩≀\∫ ⊔≀ ⊔⟨⌉ ⌈⟩∇⌉⌋⊔ √⊣⊔⟨⊒⊣† ≀{ ⊔⟨⌉ DBM ⇐S⇔Ip and Ip⇔P) are lower, and less biased towards

visual errors. In addition, the DBM produces far fewer Ψother˚ errors than either back-propaga-
tion output network. Perhaps more striking, phonological clean-up lesions in the DBM (P⇔P)
still produce signi↑cant error rates, fairly evenly distributed across type, while the analogous
lesions in the back-propagation networks (P⇒Cp and Cp⇒P) produce virtually no error responses.
With phonological clean-up damage, the DBM can use the bi-directional interactions with the
intermediate units as a residual source of clean-up. This redundancy of clean-up is similar to that
of the hybrid 40-40fb network.
  All lesion locations in the DBM show a mixture of error types, and their ratios with the Ψother˚
error rates are higher than for randomly chosen error responses. In addition, the rates of mixed
visual-and-semantic errors are higher for all lesion locations that expected from the independent
rates of visual errors and semantic errors (although only slightly so for S⇔S lesions). Thus the
DBM replicates the main H&S results.
  The similarity of the results produced by input lesions to the DBM with those produced by
the H&S network using the IP output network lends credence to the notion that the strength of
the attractors for words is a much more important factor in determining the pattern of results
than is the procedure by which those attractors are developed. However, learning in the DBM
develops strong attractors naturally, without the need for incremental training with noisy input.

Figure 4.6: Distributions of the number of iterations to settle for correct responses, omissions,
visual errors, and semantic errors produced by the DBM under damage.

Furthermore, the interactive nature of processing in the DBM makes a large difference for lesions
at the phonological level. Unlike the back-propagation output networks, the DBM can fall back
on bi-directional interactions with semantic (via the intermediate units) to provide clean-up that
can partially compensate for lesions to intra-phoneme connections. In addition, there are some
aspects of the reading behavior of deep dyslexics that are much more effectively addressed using a
network that has a well-de↑ned measure of the goodness of representations. Two examples of this
are the differences that some patients show in the relative con↑dence they have in some types of
error responses, and the relative preservation of ability to distinguish words from non-words.

4.2 Con↑dence in visual vs. semantic errors

Patterson (1978) found that deep dyslexics DE and PW were more con↑dent that their visual error
responses were correct as compared with their semantic error responses. It is dif↑cult to interpret
these results because it is hard to know how to operationalize the notion of Ψcon↑dence˚ in a
response. One possible interpretation is that a lack of con↑dence arises when the system takes a
long time to settle, or settles into relatively poor representations.
  Figure 4.6 presents distributions of the number of iterations required to settle for correct
responses, omissions, visual errors, and semantic errors produced by lesions to the DBM that
resulted in correct performance between 20¡80%. Not surprisingly, word presentations producing
correct responses tend to settle most quickly. What is surprising is that the network takes longer
on average to settle into an error response than an omission. However, remember that over 90%
of omissions arise because no phoneme is active in some slot. Apparently the network is quick
to turn off all the phoneme units in a slot if none of them receive suf↑cient support from the
intermediate units as a result of damage. Accumulating enough support to fully activate a phoneme
unit in each slot (and inhibit all others) often requires many more iterations. The two error types
also show the most variability in settling time. While there is a high degree of overlap between
the two distributions, on average visual errors settle more quickly (mean 127.2 iterations) than
semantic errors (mean 139.4 iterations, F (1, 4458) = 56.8 p < .001↽▷ Thus increased settling

time for semantic errors might account for patientsφ reduced conαdence that these error responses are correct▷ Another possible contribution to the conαdence that patients have in their responses is the degree to which the system settles into Ψgoodν representations deαned to be those with low energy▷ We compared visual and semantic errors in terms of their energy in different parts of the network▷ Considering the energy in the sets of connections between semantics and phonology ↼S⇔Ip and

Ip⇔P), visual errors have lower energy than semantic errors in the DBM (means −∈∞△.2 visual vs▷

−∈∞∞.6 semantic F (1, 3456) = 25.0 p < .001↽▷ This was true both for input and output lesions▷ In contrast for the sets of connections between orthography and semantics there was no difference between the energy for visual vs▷ semantic errors ↼F (1, 2647) = 1.4↽▷ In fact the opposite effect was true for output lesions. semantic errors have lower energy between orthography and semantics than do visual errors ↼means −∈∈.̸9 visual vs▷ −∈∋∈.1 semantic F (1, 807) = 24.2 p < .001↽▷ Thus differences in energy can only account for the increased conαdence that some deep dyslexics have in visual as compared with semantic errors under the assumption that their judgment is based on the energy between semantics and phonology▷ 4▷3 Lexical decision Even when they are unable to read words most deep dyslexics can often distinguish them from orthographically regular nonwords▷ Coltheart ↼1980a↽ lists nine of the 11 cases of deep dyslexia for whom there was data as being Ψsurprisingly goodν at lexical decision▷ For example Patterson ↼1979↽ found that both DE and PW were near perfect at distinguishing function words from nonwords that differed in a single letter ↼e▷g▷ WITH WETH↽ whereas explicit correct reading performance on the words was only 38ϱ for DE and 8ϱ for PW In a more difαcult test involving 150 abstract words again paired with nonwords differing by a single letter ↼e▷g▷ ORIGINATE ORIGILATE↽ DE produced a d^′ ∫⌋≀∇⌉ ≀{ ∞↙△∅ d^′ = 2.48 for PW▷ By comparison d^′ = 3.30 for normal agematched controls▷ DE read only 19 of the 150 words correctly ↼12▷7ϱ↽ while PW read only 31 ↼20▷7ϱ↽▷ Thus PW shows almost normal lexical decision performance with words he has difαculty reading, DEφs performance is signiαcantly impaired but still much better than chance ↼d^′ = 0). Hinton & Shallice (1989) attempted to model preserved lexical decision under condition of poor explicit reading performance in the following way. They constructed two sets of Ψnon-word˚ stimuli with equivalent orthographic structure to the words (see Table 4.1). The non-words in the Ψclose˚ set were created by changing a single letter of one of the words; those in the Ψdistant˚ set differed from every word by at least two letters. The two sets are matched in the frequency with which particular letters occur at particular positions, but not with respect to the word set. These stimuli are Ψnon-words˚ in the sense that they are unfamiliar to the network�it has not learned to associate them with any semantics. The fact that many of them are in fact English words (e.g. PICK) is irrelevant to the network’s behavior.

H&S modeled the task of lexical decision by changing the criteria used to generate responses. Speciffcally, a stimulus was accepted as a word if the proximity of the generated semantics to the nearest familiar semantics exceeded 0.7, ignoring the gap between this and other matches. The

Non-word Stimuli Close Distant BUD GEG LIM PIP BERK GAG LUR PET BUT GIM MED POCK BIT GAP MOB PICK CAR HACK MUT RAB CICE HUB MOM REN DEN HARK NAT ROR DAP HUR NOD RUNK DONE LIB NUG TOP DIT LAD NOM TAG

Table 4.1: The Ψnon-words˚ used in the lexical decision experiment.

rationale for using a reduced proximity criterion and no gap criterion is that the semantic match required to indicate that the stimulus is a word needn’t be as precise as the match required to specify a particular word for explicit naming. However, when this procedure was applied to the responses generated by the network after damage, there was little difference between words and non-words. For example, for a lesion of G⇒I(0.4), which produces 18% explicit correct performance, 67.3%

of words were accepted, while 55.5% of close non-words and 64.0% of distant non-words were
incorrectly accepted as words (d

′ = 0.31 and 0.09 respectively↽▷ For I⇒S(0.2) lesions (21.5%

correct performance), 57% of words, 39% of close non-words, and 45% of distant non-words were
accepted as words (d^′ = 0.46 and 0.30 respectively↽▷ Thus HςS failed to demonstrate preserved

lexical decision performance in their network when explicit correct performance is poor▷ In the context of modeling the nonsemantic route from orthography to phonology Seidenberg ς McClelland ↼1989↽ argue that under some circumstances normal subjects can perform lexical decision solely on the basis of orthographic or phonological Ψfamiliarity▷ν In their model ortho graphic familiarity is deαned as the degree to which a letter string ↼word or nonword↽ can be recreated from the internal representation it generates▷ Phonological familiarity as a basis for lex ical decision is more problematic as it depends on the ability of the network to generate the correct pronunciations of both words and nonwords which at least for nonwords is less than satisfactory ↼Besner et al▷ 1990↽▷ Nonetheless Seidenberg ς McClelland demonstrate that their undamaged model is capable of distinguishing most words from orthographically regular nonwords on the basis of orthographic familiarity▷ These results suggest that some measure of orthographic familiarity in the DBM network might provide a basis for lexical decision▷ The DBM network was given connections among grapheme units and trained to generate orthography from semantics so that it would learn the orthographic structure among words in the same way as for semantic and phonological structure▷ However if the network is to be required to actually recreate orthography we cannot present input by clamping the grapheme units into their correct states as in previous simulations▷15Rather we must provide the grapheme units with external input and require them to update their states in the same way as other units in the network▷ This is the same Ψsoft clampingν technique that was used to train the phonological cleanup pathways of the IP and noIP output networks ↼see Section 2▷2▷2↽▷ Speciαcally we presented a letter string to the network by providing each grapheme unit with αxed 15Seidenberg ς McClelland avoid this issue by training their network to regenerate orthography over a separate group of orthographic units from the ones used to present input▷ external input sufαcient to generate a state of 0▷9 if its desired state was 1 or −′.9 if its desired state was −∞↙ T⟨⌉ ⟩\⟩⊔⟩⊣↕ ∫⊔⊣⊔⌉∫ ≀{ }∇⊣√⟨⌉⇕⌉ ⊓\⟩⊔∫ ⊒⌉∇⌉ ∫⌉⊔ ⊔≀ ′↙′ ⊣\⌈ ⊓√⌈⊣⊔⌉⌈ ≀⊑⌉∇ ⟩⊔⌉∇⊣⊔⟩≀\∫ |⊓∫⊔ ↕⟩‖⌉ ⊔⟨⌉ ∇⌉∫⊔ ≀{ ⊔⟨⌉ ⊓\⟩⊔∫ ⟩\ ⊔⟨⌉ \⌉⊔⊒≀∇‖↙ T⟨⌉ ⌉§⊔⌉∇\⊣↕ ⟩\√⊓⊔ ⊔≀ }∇⊣√⟨⌉⇕⌉ ⊓\⟩⊔∫ ⌈≀⌉∫ \≀⊔ ⊓\⟩∐⊓⌉↕† ⌈⌉⊔⌉∇⇕⟩\⌉ ⊔⟨⌉⟩∇ ⊘\⊣↕ ∫⊔⊣⊔⌉∫ ⌊⌉⌋⊣⊓∫⌉ ⊔⟨⌉† ⊣↕∫≀ ∇⌉⌋⌉⟩⊑⌉ ⟩\√⊓⊔ {∇≀⇕ ⌉⊣⌋⟨ ≀⊔⟨⌉∇ ⊣\⌈ {∇≀⇕ ∫⌉⇕⊣\⊔⟩⌋∫ ⊑⟩⊣ ⊔⟨⌉ ⟩\⊔⌉∇⇕⌉⌈⟩⊣⊔⌉ ⊓\⟩⊔∫ ⊔⟨∇≀⊓}⟨≀⊓⊔ ⊔⟨⌉ ⌋≀⊓∇∫⌉ ≀{ ∫⌉⊔⊔↕⟩\}↙ W⌉ ⊓∫⌉⌈ ⊣∫ ⊣ ⇕⌉⊣∫⊓∇⌉ ≀{ {⊣⇕⟩↕⟩⊣∇⟩⊔† ≀{ ⊣ ↕⌉⊔⊔⌉∇ ∫⊔∇⟩\} ⊔⟨⌉ √∇≀§⟩⇕⟩⊔† ⌊⌉⊔⊒⌉⌉\ ⊔⟨⌉ ⌈⌉∫⟩∇⌉⌈ ∫⊔⊣⊔⌉∫ ≀{ ⊔⟨⌉ }∇⊣√⟨⌉⇕⌉ ⊓\⟩⊔∫ ⊣\⌈ ⊔⟨⌉⟩∇ ⊘\⊣↕ ∫⊔⊣⊔⌉∫ ⊣{⊔⌉∇ ∫⌉⊔⊔↕⟩\} ⊒⟨⌉\ √∇⌉∫⌉\⊔⌉⌈ ⊒⟩⊔⟨ ⊔⟨⌉ ↕⌉⊔⊔⌉∇ ∫⊔∇⟩\} ⊣∫ ⌉§⊔⌉∇\⊣↕ ⟩\√⊓⊔↙ W⌉ ⊒⟩↕↕ ∇⌉{⌉∇ ⊔≀ ⊔⟨⟩∫ ⇕⌉⊣∫⊓∇⌉ ⊣∫ ⊖≀∇⊔⟨≀}∇⊣√⟨⟩⌋∝∫⌉⇕⊣\⊔⟩⌋ {⊣⇕⟩↕⟩⊣∇⟩⊔†⪰ ⌊⌉⌋⊣⊓∫⌉ ⟩⊔ ∇⌉⊙⌉⌋⊔∫ ⊔⟨⌉ ⌋≀\∫⟩∫⊔⌉\⌋† ≀{ ⊣ ↕⌉⊔⊔⌉∇ ∫⊔∇⟩\} ⊒⟩⊔⟨ ⌊≀⊔⟨ ≀{ ⊔⟨⌉∫⌉ ⊔†√⌉∫ ≀{ ‖\≀⊒↕⌉⌈}⌉↙ T⟨⌉ ⊓\⌈⊣⇕⊣}⌉⌈ \⌉⊔⊒≀∇‖ √∇≀⌈⊓⌋⌉∫ ⊣\ ≀∇⊔⟨≀}∇⊣√⟨⟩⌋∝∫⌉⇕⊣\⊔⟩⌋ {⊣⇕⟩↕⟩⊣∇⟩⊔† }∇⌉⊣⊔⌉∇ ⊔⟨⊣\ ′↙∃∃▽ ⇐⇕⊣§⟩⇕⊓⇕ ∞↙′⇒ {≀∇ ∋▽ ≀{ ⊔⟨⌉ ⊒≀∇⌈∫�⟩⊔ {⊣⟩↕∫ ≀\ CAN⇔ MAT⇔ DOG⇔ HAM ⊣\⌈ HOCK↙ T⟨⌉∫⌉ ⊖⇕⟩∫∫⌉∫⪰ ∇⌉⊙⌉⌋⊔ ⊔⟨⌉ {⊣⌋⊔ ⊔⟨⊣⊔ ⊔⟨⌉ \⌉⊔⊒≀∇‖ ⊒⊣∫ \≀⊔ ⊔∇⊣⟩\⌉⌈ ⊒⟩⊔⟨ ∫≀{⊔ ⌋↕⊣⇕√⟩\}↙ I\ ⌋≀\⊔∇⊣∫⊔⇔ ≀\↕† ⊔⟨∇⌉⌉ ≀{ ⊔⟨⌉ \≀\↖⊒≀∇⌈∫⇔ ⊣↕↕ ⟩\ ⊔⟨⌉ ⊖⌋↕≀∫⌉⪰ ∫⌉⊔⇔ ⊣∇⌉ ⌋≀\∫⟩⌈⌉∇⌉⌈ ⊔⟨⟩∫ {⊣⇕⟩↕⟩⊣∇¬ DONE⇔ MED ⊣\⌈ PIP↙ T⟨⟩∫ √⌉∇{≀∇⇕⊣\⌋⌉ †⟩⌉↕⌈∫ ⊣ d^′ = 2.59 if this measure and criterion were adopted in a lexical decision task▷ If the network is damaged the support that words receive from semantics is somewhat de graded and so we would expect the differences between words and nonwords to be reduced▷ However the network remains able to distinguish words from nonwords fairly reliably▷ Averag ing across all lesion locations and severities producing correct performance between 20δ80ϱ an orthographic◁semantic familiarity criterion of 0▷995 yields a d^′ = 1.94 overall ↼d^′ = 1.51 words vs▷ close nonwords 3▷11 words vs▷ distant nonwords↽▷ Reasonable lexical decision performance is retained even when explicit correct reading performance is below 40ϱ ↼d^′ = 1.67 overall 1▷22 vs▷ close 3▷15 vs▷ distant↽ or when only word presentations resulting in omissions are included ↼d^′ = 1.94 overall 1▷51 vs▷ close 3▷12 vs▷ distant↽▷ Thus like most deep dyslexics the dam aged network is able to distinguish words from nonwords even under conditions when it cannot explicitly generate the pronunciation of the words▷ 4▷4 Summary The lesion experiments in this section attempt to serve three major purposes▷ The αrst is to demon strate the generality of the HςS results across networks developed with very different learning procedures▷ The second is to support the use of backpropagation in cognitive modeling against criticisms based on its biological implausibility by providing evidence that the representations it develops have qualitatively similar properties to those developed with more plausible learning frameworks▷ The third is to illustrate how certain additional aspects of these alternative frameworks are particularly useful in understanding a number of characteristics of deep dyslexics▷ The primary focus of the simulations presented in the paper thus far has been on demonstrating and understanding the degree to which the replication of deep dyslexic reading behavior in lesioned attractor networks depends on various aspects of their design▷ However in many ways the empirical limitations of the original HςS model are more severe than its computational ones▷ Only the most basic aspects of the syndrome were modeled. the cooccurrence of semantic visual and mixed visualandsemantic errors▷ Our simulations have extended the range of empirical phenomena that have been addressed to include additional error types conαdence ratings and lexical decision▷ However there are fundamental characteristics of the patientsφ reading behavior such as effects of word imageability◁concreteness and partofspeech that remain unaccounted for▷ These aspects of deep dyslexia simply could not be addressed using the HςS word set which only contains concrete nouns▷ The next section presents simulations that attempt to overcome these limitations and extend the empirical adequacy of attractor networks for modeling deep dyslexia▷

5 Extending the task domain. Effects of abstractness The αnal aspect of the HςS model that we investigate is the deαnition of the task of reading via meaning▷ Deαning a task for a network involves choosing a set of inputoutput pairs to be presented to the network as well as specifying how these are represented as patterns of activity over groups of units▷ Formulating a reasonable task deαnition for the purposes of modeling human behavior involves a tradeoff between being as faithful as possible to what is known about the nature of representations from empirical work while remaining within the often severe constraints imposed by the available computational resources▷ First and foremost the task that the network performs must adequately approximate the task faced by subjects or the networkφs behavior however interesting in its own right will have little relevance to understanding human behavior▷ However exactly what constitutes Ψadequateν is very much a matter of debate▷ In essence the decisions that are made in creating a simpliαed version of the task for the network constitute empirical claims about what aspects of the information available to subjects is crucial for understanding their behavior▷ While our empirical understanding of the nature of how different types of information are represented provides useful constraints it remains insufαciently detailed to specify the precise representations of each inputoutput pair as patterns of activity over groups of units▷ This is where computational considerations of what types of representation networks αnd easy or difαcult to use come into play▷ The main computational limitations in specifying a task stem from the fact that the time to train a network increases with the size of the network and the number of examples it is trained on▷ Thus there is strong pressure to use as few units as possible to represent the input and output and to keep the size of the training set within reasonable limits▷ For tasks that require capturing the statistical structure among examples ↼e▷g▷ mapping orthography to phonology↽ it may be necessary to use a large number of training cases in order to guarantee good performance on novel inputs▷ For tasks involving unrelated associations ↼e▷g▷ mapping orthography to semantics↽ it may be sufαcient to use a small number of examples▷ However a drawback of using a small training set is that it becomes difαcult to include all of the types of variations among examples that are empirically relevant▷ The fact that the HςS model was trained on only 40 words is a serious limitation not so much because the nature of the mapping from orthography to semantics would be fundamentally different if more words were involved but that only the most general semantic distinction category membership could be investigated▷ The inβuences of many other variables known to affect patientsφ reading behavior were not investigated▷ In particular a distinction among words known to have a signiαcant effect on the reading behavior of deep dyslexics is their imageability or concreteness▷ This issue could not be ad dressed using the original HςS word set because it contains only concrete nouns▷ The purpose of this section is to demonstrate that the approach taken by HςS can be extended to account for additional detailed characteristics of deep dyslexic reading behavior relating to the effects of the abstractness◁concreteness of stimuli and responses and interactions with visual inβuences in errors▷16 16A condensed description of the major results of this section can be found in Plaut ς Shallice ↼1991↽▷

5▷1 Effects of abstractness in deep dyslexia The effect of the abstractness of the stimulus on deep dyslexic reading has been investigated in a number of ways▷ The most basic is its effect on the probability that a word will be read correctly▷ Coltheart et al▷ ↼1987↽ claim that all patients who make semantic errors αnd concrete words easier to read than abstract ones▷ In many patients a very large difference is observed. 73ϱ vs▷ 14ϱ for KF ↼Shallice ς Warrington 1980↽ 67ϱ vs▷ 13ϱ for PW and 70ϱ vs▷ 10ϱ for DE ↼Patterson ς Marcel 1977↽▷ A more subtle effect is the way that the concreteness of a word can affect the probability of the occurrence of visual errors▷ Shallice ς Warrington ↼1975↽ noted in their patient KF that the responses tended to be more concrete than the stimuli when visual errors were made▷ This has since also been observed in patients BL ↼Nolan ς Caramazza 1982↽ and GR ↼Barry ς Richardson 1988↽, patient PS ↼Shallice ς Coughlan 1980↽ showed a strong trend ↼p < .06↽ in the same direction▷ The same effect is also apparent in the corpus of errors made by PW and DE↼see Appendix 2 of Coltheart et al▷ 1980↽▷ The relative concreteness of the stimuli on which different types of responses occur has been investigated in three patients▷ In two PD ↼Coltheart 1980b↽ and FM ↼Gordon et al▷ 1987↽ visual errors occurred on less concrete words than did semantic errors while in GR ↼Barry ς Richardson 1988↽ there was no signiαcant difference▷ Finally in two patients visual errors occurred signiαcantly more often for stimuli less than a certain level of concreteness by comparison with more concrete stimuli ↼KF ↼Shallice ς Warrington 1980↽ C < 6 vs▷ C > 6, PS ↼Shallice ς Coughlan 1980↽ C < 4.6 vs▷ C > 4.6↽▷ Thus a semantic variable�concreteness�clearly inβuences the nature of visual errors▷ There is a single known exception to the advantage for concrete words shown by deep dyslexics. patient CAV with Ψconcrete word dyslexiaν ↼Warrington 1981↽▷ CAV failed to read concrete words like MILK and TREE but succeeded at highly abstract words such as APPLAUSE EVIDENCE and INFERIOR▷ Overall abstract words were more likely to be correctly read than concrete ↼55ϱ vs▷ 36ϱ↽▷ In complementary fashion 63ϱ of his visual error responses were more abstract than the stimulus▷ However the incidence of visual errors was approximately equal for words above and below the median in concreteness▷ While CAV made no more semantic errors than might be expected by chance ↼see Ellis ς Marshall 1978↽ he appeared to be relying at least in part on the semantic route because his performance improved when given a wordφs semantic category▷ CAV is clearly a very unusual patient but any account of the relation between visual errors and concreteness can hardly ignore him▷ 5▷2 A semantic representation for concrete and abstract words The type of semantic feature representation used by HςS is quite similar to that frequently employed in psychological theorizing on semantic memory ↼e▷g▷ Smith et al▷ 1974, Smith ς Medin 1981↽▷ More complex representations such as frames ↼Minsky 1975↽ can be implemented using this approach if units can represent a conjunction of a role and a property of what αlls it ↼Derthick 1988, Hinton 1981↽▷ More critically for the present purpose there is a natural extension to the problem of the effect of imageability▷ Jones ↼1985↽ has argued that words vary greatly in the ease with which predicates about them can be generated and that this measure reβects a psychologically important property of semantic representation▷ For example more predicates can be generated for basiclevel words than for subordinate or superordinate words ↼Rosch et al▷ 1976↽▷

TART TACT GRIN GAIN FLAN PLAN REED NEED TENT RENT LOCK LACK HIND HINT LOON LOAN FACE FACT ROPE ROLE WAVE WAGE CASE EASE DEER DEED HARE HIRE FLEA PLEA FLAG FLAW COAT COST LASS LOSS STAR STAY POST PAST Table 5▷1. The 40 words used in the simulation consisting of 20 concreteabstract pairs of words differing by a single letter▷ Jones showed that there is a very high correlation ↼0▷88↽ between a measure of easeofpredication and imageability and that the relative difαculty of partsofspeech in deep dyslexia maps perfectly onto their ordered mean easeofpredication scores▷ He argued that the effects of both imageability and partofspeech in deep dyslexia can be accounted for by assuming that the semantic route is sensitive to easeofpredication▷ Within the present framework the natural way to realize this distinction is by representing the semantics of concrete and abstract words in terms of differing numbers of features▷ A slightly different position is that taken by Schwartz et al▷ ↼1979↽ ΨA concrete word�a reference term like ℓroseφ�has a core meaning little altered by context ↼a rose is a rose↽▷▷▷▷ The meanings of abstract words on the other hand tend to be more dependent on the contexts in which they are embedded▷ν ↼see Shallice 1988 p▷ 106↽▷ A similar contrast appears to hold between nouns and verbs�another category deep dyslexics αnd difαcult▷ Indeed Gentner ↼1981↽ shows that verbs are broader in meaning are more mutable under paraphrase and vary more in retranslation through some other language▷ Presupposing that verbs and abstract nouns contrast with concrete nouns in a similar fashion this would correspond to their having less features that are consistently accessed▷ If a connectionist learning procedure were applied in a network for generating phonological responses from such representations it would come to rely on features that are consistently present▷ Therefore on this approach an appropriate αrst approximation to how the contrast between abstract and concrete words would be realized in a conectionist network is to use semantic representations which differ considerably in their number of features▷ To examine the effect of concreteness on visual errors a set of 20 abstract and 20 concrete words were chosen such that each pair of words differed by a single letter ↼see Table 5▷1↽▷ We represented the semantics of each of these words in terms of 98 semantic features as shown in Table 5▷2▷ Sixtyseven of these are based on the HςS semantic features for concrete words ↼e▷g▷ mainshape3d foundwoods living↽ with minor changes being made to accommodate the different range of meanings in this word set▷ The 31 additional features ↼e▷g▷ hasduration relateslocation qualitydifαculty↽ are required to make distinctions among abstract words but occasionally apply to concrete words as well▷ Figure 5▷1 displays the assignment of semantic features to words▷ Concrete and abstract words differ systematically in their semantic representations. concrete words have an average of 18▷2 features while abstract words have an average of only 4▷7 features▷ The similarity matrix among semantic representations shown in Figure 5▷2 clearly illustrates how there is a range of similarities among concrete words and among abstract words but very little similarity between these two groups of words▷ We do not claim that this representation adequately captures the richness and subtlety of the true meanings of any of these words▷ Rather we claim that it captures important

Semantic features 1 maxsizelessfoot 35 foundintransport 68 positive 2 maxsizefoottotwoyards 36 foundinfactories 69 negative 3 maxsizegreatertwoyards 37 surfaceofbody 70 nomagnitude 4 mainshape1D 38 abovewaist 71 small 5 mainshape2D 39 natural 72 large 6 mainshape3D 40 mammal 73 measurement 7 crosssectionrectangular 41 bird 74 superordinate 8 crosssectioncircular 42 wild 75 true 9 crosssectionother 43 doesβy 76 αction 10 haslegs 44 doesswim 77 information 11 hasarms 45 doesrun 78 action 12 hasneckorcollar 46 living 79 state 13 white 47 carnivore 80 hasduration 14 brown 48 plant 81 unchanging 15 colorotherstrong 49 madeofmetal 82 involveschange 16 variedcolors 50 madeofliquid 83 temporary 17 dark 51 madeofothernonliving 84 timebefore 18 hard 52 gotfromplants 85 futurepotential 19 soft 53 gotfromanimals 86 relatesevent 20 sweet 54 pleasant 87 relateslocation 21 moves 55 unpleasant 88 relatesmoney 22 indoors 56 dangerous 89 relatespossession 23 inkitchen 57 manmade 90 relateswork 24 onground 58 container 91 relatespower 25 onsurface 59 foreatingdrinking 92 relatesreciprocation 26 otherwisesupported 60 forwearing 93 relatesrequest 27 outdoorsincity 61 forother 94 relatesinterpersonal 28 incountry 62 forlunchdinner 95 qualitydifαculty 29 foundwoods 63 particularlyassocchild 96 qualityorganized 30 foundnearsea 64 particularlyassocadult 97 qualitybravery 31 foundnearstreams 65 usedforgamesorrecreation 98 qualitysensitivity 32 foundmountains 66 human 33 foundonfarms 67 female 34 foundinpublicbuildings Table 5▷2. The 98 semantic features and their assignment to the concrete and abstract words▷ Features 1δ67 are based on the semantic features used by HςS▷ Features 68δ98 are additional features required to make distinctions among abstract words▷ The ordering of the features and in particular the separation of concrete and abstract features is irrelevant to the operation of the network▷

Figure 5▷1. The assignment of semantic features to words▷

Figure 5▷2. The similarity matrix for the semantic representations of words▷

Figure 5▷3. The network for mapping orthography to phonology via semantics▷ The additional recurrent connections at the intermediate and cleanup layers in the output network were intended to facilitate the development of strong phonological attractors▷ qualitative distinctions about the relationships between word meanings�namely that similar words ↼e▷g▷ LACK and LOSS↽ have similar representations and that there is a systematic difference between the semantics of concrete and abstract words that reβects their relative easeofpredication▷ A network that maps from orthography to phonology via semantics will be developed incre mentally as for the networks described in Section 3▷ An Ψinputν network analogous to the HςS model will be trained to map from orthography to semantics▷ A similarly structured Ψoutputν network will be trained separately to map from semantics to phonology▷ These two networks will then be combined into the complete network shown in Figure 5▷3▷ 5▷3 Mapping orthography to semantics The task of the input network is to generate the semantics of each word from its orthography▷ Orthography is represented using the same eight feature distributed code used previously ↼see Figure 3▷1 p▷ 40↽▷ The architecture of the input network shown in the bottom half of Figure 5▷3 is broadly similar to the HςS network except that it has ↼1↽ full rather than partial ↼25ϱ↽ connectivity density ↼2↽ fewer intermediate units ↼10 vs▷ 40↽ and cleanup units ↼10 vs▷ 60↽ ↼3↽ no interconnec tions among semantic units and ↼4↽ a feedback pathway from the semantic units to the intermediate units▷ In this sense it is something of a hybrid of the 1015d and 4040fb networks▷ The general motivation for these changes was to encourage the network to develop stronger semantic attractors while keeping the number of connections reasonable▷ The input network was trained with backpropagation to activate the appropriate semantic units for a word when presented with the wordφs orthography corrupted by independent gaussian noise with mean 0▷0 and standard deviation 0▷1▷ After 4700 sweeps through the training set the state of each semantic unit was accurate to within 0▷1 over the last three of eight iterations for each word▷

5▷4 Mapping semantics to phonology The introduction to Section 2 presents a number of reasons why is is important to develop an output network to replace the HςS response criteria▷ The central concern in that section was on demonstrating the validity of the criteria as approximations to the behavior of an actual output network▷ An even more pressing issue for the present purposes is that the criteria are insensitive to the relative semantic and phonological discriminability of words▷ Any differences found in performance on concrete and abstract words might simply be due to an inherent bias of the response criteria▷ For this reason it is essential that we develop a phonological output network that is equally effective for concrete and abstract words under normal operation▷ We are then guaranteed that systematic differences observed under damage are due to properties of the network rather than properties of an external procedure for interpreting the output▷ The word set requires a somewhat more complicated phonological representation than the one used for the HςS word set▷ Phonology is represented in terms of seven sets of positionspeciαc mutuallyexclusive phoneme units▷ These groups consist of three slots for phonemes from the initial ↼onset↽ consonant cluster one slot for the vowel and three slots for phonemes from the αnal ↼coda↽ consonant cluster▷ Table 5▷3 shows the allowable phonemes for each slot and the resulting phonological representation for each word▷ Each of the six consonant slots includes a unit for the Ψnullν phoneme in order to explicitly represent the absence of any phoneme at that slot in the pronunciation of a word▷ As a result the representation of every word has exactly one active unit in each slot▷ A total of 66 phoneme units are required to represent the pronunciations of all 40 words▷ The task of the output network is to generate the phonological representation of each word from its semantic representation▷ The architecture of this network shown in the top half of Figure 5▷3 was designed to facilitate the development of strong phonological attractors▷ Each major pathway shown has full connectivity density and phoneme units in the same consonant ↼or vowel↽ cluster are fully interconnected▷ This connectivity allows units within a slot to develop a Ψwinnertakeallν strategy while still cooperating with units in other slots within the same cluster▷ Coordination and competition between clusters can only be accomplished via the cleanup units▷ In order to minimize the number of blends produced under damage the output network was trained in a way that maximizes the strength of the attractors it develops�no attempt was made to simulate the development or mode of operation of the human speech production system▷ Specif ically the Ψdirectν pathway ↼from semantics to phonology↽ was trained to produce the correct phonemes of each word during the last two of αve iterations when presented with its semantics corrupted by gaussian noise with standard deviation 0▷1▷ After about 3000 sweeps through the training set the activity of each phoneme unit was accurate to within 0▷2 of its correct value for each word▷ At this point intraphoneme connections and the cleanup pathway were added and the amount of input noise was increased to 0▷2▷ In this way the cleanup pathway learned to compensate for the limitations of the direct pathway when pressed by severely corrupted input▷17The network was trained to produce the correct phonemes over the last three of eight iterations to within 0▷1 of their correct values▷ The amount of noise prevented the network from achieving this criterion consistently and after 18000 training sweeps performance had ceased to improve▷ However the 17This procedure is slightly different than the one used to train the phonological output networks for the original HςS stimuli ↼see Section 2▷2▷2↽ in which the direct and cleanup pathways were trained separately and then combined▷

Phonemes allowed in each position s b ch d dy f g h k m n p sh t v z l r w y a ai air ar aw e ee eer ew i ie ire o oa ow u uu l m n s b d j f g k p sh t v z s t z Phonological representation of each word TART ◁ t ar t ◁ TACT ◁ t a k t◁ TENT ◁ t e n t ◁ RENT ◁ r e n t ◁ FACE ◁ f ai s ◁ FACT ◁ f a k t◁ DEER ◁ d eer ◁ DEED ◁ d ee d ◁ COAT ◁ k oa t ◁ COST ◁ k o s t ◁ GRIN ◁ g r i n ◁ GAIN ◁ g ai n ◁ LOCK ◁ l o k ◁ LACK ◁ l a k ◁ ROPE ◁ r oa p ◁ ROLE ◁ r oa l ◁ HARE ◁ h air ◁ HIRE ◁ h ire ◁ LASS ◁ l a s ◁ LOSS ◁ l o s ◁ FLAN ◁ f l a n ◁ PLAN ◁ p l a n ◁ HIND ◁ h ie n d ◁ HINT ◁ h i n t ◁ WAVE ◁ w ai v ◁ WAGE ◁ w ai j ◁ FLEA ◁ f l ee ◁ PLEA ◁ p l ee ◁ STAR ◁s t ar ◁ STAY ◁s t ai ◁ REED ◁ r ee d ◁ NEED ◁ n ee d ◁ LOON ◁ l ew n ◁ LOAN ◁ l oa n ◁ CASE ◁ k ai s ◁ EASE ◁ ee z ◁ FLAG ◁ f l a g ◁ FLAW ◁ f l aw ◁ POST ◁ p oa s t ◁ PAST ◁ p a s t ◁

Table 5▷3. The phonemes allowed in each position and their assignment to words▷ In the top table each of the seven rows constitutes a set of mutuallyexclusive phonemes and each of the three blocks represents a consonant ↼or vowel↽ cluster▷ The letter↼s↽ used to represent phonemes are not from a standard phonemic alphabet but rather are intended to have more intuitive pronunciations▷ A Ψν stands for the Ψnullν phoneme▷ The deαnitions are based on British pronunciations▷

Figure 5▷4. Overall rates of correct response for lesions of increasing severity to each of the αve main sets of connections in the input network▷ network easily satisαed the criterion for every word given uncorrupted input▷ The output network was then combined with the input network to produce a network that maps from orthography to phonology via semantics▷ In order to ensure that the output network would operate appropriately with its input generated by the input network the complete network was given additional training at generating the correct phonology of each word over the last three of 14 iterations when given the uncorrupted orthography of the word▷ The weights of the input network were not allowed to change during training to ensure that it continued to generate the correct semantics of each word▷ This αnal training required less than 100 sweeps through the words▷ 5▷5 The effects of lesions After training the complete network successfully derives the semantics and phonology of each word when presented with its orthography▷ Each of the αve main sets of connections in the input network was subjected to lesions of a wide range of severity in which a proportion of the connections were chosen at random and removed▷ Fifty instances of each location and severity of lesion were carried out and correct omission and error responses were accumulated using a criterion of 0▷6 for the minimum phoneme response probability as described in Section 2▷1▷4▷ Figure 5▷4 shows the overall correct performance of the network as a function of lesion severity▷ In general damage to the direct pathway ↼O⇒I and I⇒S) is more debilitating than damage to the

clean-up pathway (S⇒C and C⇒S).
  In the following analyses we include data only from lesions producing overall correct perfor-
mance between 15¡85%. We used a slightly wider range of correct performance for including

Figure 5.5: Relative difference in correct performance between concrete and abstract words as
a function of overall incorrect performance, for lesion locations and severities producing overall
correct performance between 15¡85%. The data are plotted in terms of incorrect rather than correct
performance to be consistent with data plotted as a function of lesion severity.

lesions than in previous experiments (20¡80%) because some of the phenomena we are interested
in arise speci↑cally in cases of severe impairment. Considering correct responses to concrete and
abstract words separately, there is a signi↑cant advantage for concrete words (52.7% correct) over
abstract words (45.0% correct, F (1, 2598) = 62.4 p < .001↽▷ For a given lesion location and

severity we deαne the relative difference in correct performance between concrete and abstract words to be (C − A)/(C + A), where C and A are the number of correct responses to concrete and abstract words respectively▷ This measure can range from ±∞�√≀∫⟩⊔⟩⊑⌉ ⊑⊣↕⊓⌉∫ ∇⌉⊙⌉⌋⊔ ∫⊓↖ √⌉∇⟩≀∇ √⌉∇{≀∇⇕⊣\⌋⌉ ≀\ ⌋≀\⌋∇⌉⊔⌉ ⊒≀∇⌈∫ ∇⌉↕⊣⊔⟩⊑⌉ ⊔≀ ⊣⌊∫⊔∇⊣⌋⊔ ⊒≀∇⌈∫↙ F⟩}⊓∇⌉ ▽↙▽ ⌈⟩∫√↕⊣†∫ ⊔⟨⌉ ∇⌉↕⊣⊔⟩⊑⌉ ⌈⟩{{⌉∇⌉\⌋⌉ ⟩\ ⌋≀∇∇⌉⌋⊔ √⌉∇{≀∇⇕⊣\⌋⌉ ⌊⌉⊔⊒⌉⌉\ ⊔⟨⌉∫⌉ ⊔⊒≀ ∫⌉⊔∫ ≀{ ⊒≀∇⌈∫ ⊣∫ ⊣ {⊓\⌋⊔⟩≀\ ≀{ ⊔⟨⌉ ≀⊑⌉∇⊣↕↕ ↕⌉⊑⌉↕ ≀{ ⟩\⌋≀∇∇⌉⌋⊔ √⌉∇{≀∇⇕⊣\⌋⌉ √∇≀⌈⊓⌋⌉⌈ ⌊† ⌉⊣⌋⟨ ↕⌉∫⟩≀\ ↕≀⌋⊣⊔⟩≀\ ⊣\⌈ ∫⌉⊑⌉∇⟩⊔†↙ T⊒≀ ⇕⊣⟩\ ∇⌉∫⊓↕⊔∫ ⊣∇⌉ ⊣√√⊣∇⌉\⊔ {∇≀⇕ ⊔⟨⌉ ⊘}⊓∇⌉↙ T⟨⌉ ⊘∇∫⊔ ⟩∫ ⊔⟨⊣⊔ ⊔⟨⌉ ⊣⌈⊑⊣\⊔⊣}⌉ {≀∇ ⌋≀\⌋∇⌉⊔⌉ ≀⊑⌉∇ ⊣⌊∫⊔∇⊣⌋⊔ ⊒≀∇⌈∫ ≀⊑⌉∇⊣↕↕ ⊣∇⟩∫⌉∫ ⊣↕⇕≀∫⊔ ⌉\⊔⟩∇⌉↕† {∇≀⇕ ↕⌉∫⟩≀\∫ ⊔≀ ⊔⟨⌉ ⌈⟩∇⌉⌋⊔ √⊣⊔⟨⊒⊣†⇔ ⊒⟨⌉∇⌉ ⊔⟨⌉ ⇕⊣|≀∇⟩⊔† ⇐∀∈↙↗⇒ ≀{ ⌉∇∇≀∇∫ ⊣∇⌉ √∇≀⌈⊓⌋⌉⌈↙ T⟨⌉ ∫⌉⌋≀\⌈⇔ ⊓\⌉§√⌉⌋⊔⌉⌈ ∇⌉∫⊓↕⊔ ⟩∫ ⊔⟨⊣⊔ ∫⌉⊑⌉∇⌉ ↕⌉∫⟩≀\∫ ≀{ ⊔⟨⌉ ⌋↕⌉⊣\↖⊓√ √⊣⊔⟨⊒⊣†⇔ √∇≀↖ ⌈⊓⌋⟩\} ⊔⟨⌉ ↕≀⊒⌉∫⊔ ↕⌉⊑⌉↕∫ ≀{ ≀⊑⌉∇⊣↕↕ ⌋≀∇∇⌉⌋⊔ √⌉∇{≀∇⇕⊣\⌋⌉⇔ ∇⌉∫⊓↕⊔ ⟩\ ⊔⟨⌉ ∇⌉⊑⌉∇∫⌉ ⊣⌈⊑⊣\⊔⊣}⌉�⊣⌊∫⊔∇⊣⌋⊔ ⊒≀∇⌈∫ ⊣∇⌉ ∇⌉∫√≀\⌈⌉⌈ ⊔≀ ⇕≀∇⌉ ⊣⌋⌋⊓∇⊣⊔⌉↕† ⊔⟨⊣\ ⌋≀\⌋∇⌉⊔⌉ ⊒≀∇⌈∫ ⇐F (1, 49) > 22 p < .001 for each of

S⇒C(0.5,0.7) and C⇒S(0.5,0.7)). This type of lesion and pattern of performance are consistent with
what is known about the concrete word dyslexic, CAV (Warrington, 1981). His reading disorder
was quite severe initially, and he also showed an advantage for abstract words in picture-word
matching with auditory presentation, suggesting modality-independent damage at the level of the
semantic system.
  Analyzing error responses, we tested whether responses tend to be more concrete than stimuli
by counting how often a stimulus and response were of the opposite type. Overall, abstract words

Figure 5.6: Overall rates of each error type for concrete (con) and abstract (abs) words for each
lesion location (except S⇒I lesions which produce virtually no explicit errors).

are over twice as likely to produce a concrete response than vice versa (33.4% vs. 15.6% of total
errors, F (1, 2598) = 53.9 p < .001↽▷ Post hoc analyses for each lesion location and severity

showed a similar pattern as for correct performance. a tendency for responses to be more concrete for all lesions within the direct pathway but the opposite tendency for severe lesions within the semantic cleanup pathway▷ Error responses were categorized in terms of their visual and semantic similarity to the stimulus▷ Words were considered visually similar if they overlapped in two or more letters�which corre sponds to the standard neuropsychological criterion�and semantically similar if their semantic representations overlapped by at least 84ϱ for concrete words and 95ϱ for abstract words▷ The deαnition of semantic similarity is more complicated because of the systematic differences be tween concrete and abstract semantics and because the semantic representations are not organized into categories as in the HςS simulations▷ Note that two typical unrelated words have roughly 67ϱ overlap if both are concrete and 91ϱ if both are abstract▷ Thus the values of the semantic relatedness criteria for concrete and abstract words are each approximately half way between the corresponding expected value for unrelated word pairs of the same type and 100ϱ▷ Figure 5▷6 shows the rates of each error type produced by each lesion location for concrete and abstract words separately▷ Also included in the αgure is the distributions of each error type for Ψchanceν error responses to chosen randomly from the word set in response to concrete or abstract stimuli▷ Notice that the criteria for visual and semantic relatedness are quite stringent�almost

85ϱ of all possible stimulusresponse pairs are unrelated▷ One consequence of this is that only four of the 190 pairs of abstract words are both visually and semantically related and none of the concrete pairs are▷ Thus concrete words cannot produce mixed visualandsemantic errors▷ Nonetheless when errors to concrete and abstract words are taken together the ratios of the rates of each error type with that of Ψotherν errors is at least four times the chance value for every lesion location▷ In fact this also holds for each word set separately except for visual errors to abstract words produced by cleanup lesions where the ratios are only about twice the chance value and for S⇒C lesions which produced no semantic errors to abstract words. Also, the rates of mixed

visual-and-semantic errors among the abstract words for all lesion locations are at least three times
the rates expected from the independent rates of visual and semantic errors. Thus, the network
replicates (on a different word set) the H&S ↑nding of mixtures of error types for lesions throughout
the network, including purely visual errors for lesions entirely within the semantic clean-up system.
In addition, as with the networks trained on the original H&S word set, a number of the Ψother˚
errors are actually of the visual-then-semantic type found in deep dyslexia (e.g. PLAN ⇒ ⇐⊙⊣\⇒ ⇒

⊖⊔⊣∇⊔⪰⇒↙ A ⌋≀⇕√⊣∇⟩∫≀\ ≀{ ⌉∇∇≀∇ ⊔†√⌉∫ {≀∇ ⌋≀\⌋∇⌉⊔⌉ ⊣\⌈ ⊣⌊∫⊔∇⊣⌋⊔ ⊒≀∇⌈∫ ∇⌉⊑⌉⊣↕⌉⌈ ⊔⟨⊣⊔ ⊔⟨⌉ √∇≀√≀∇⊔⟩≀\ ≀{ ⌉∇∇≀∇∫ ⊒⟨⟩⌋⟨ ⊣∇⌉ ⊑⟩∫⊓⊣↕ ⟩∫ ⟨⟩}⟨⌉∇ {≀∇ ⊣⌊∫⊔∇⊣⌋⊔ ⊒≀∇⌈∫ ⇐△∞↙△↗ ⊑∫↙ ∋↙̸△↗⇔ F (1, 1036) = 3.95 p < .05↽ while the proportion of errors which are semantic is higher for concrete words ↼32▷3ϱ vs▷ 6▷4ϱ F (1, 1036) = 155.1 p < .001↽▷ This effect is most clearly shown in Figure 5▷6 for lesions of the direct pathway▷ As a measure of the Ψabstractnessν of the errors produced by a lesion we used the number of errors to abstract words minus the number of errors to concrete words▷ Applying this measure to visual and semantic errors separately reveals that visual errors are more abstract than semantic errors ↼means 0▷201 vs▷ −′.161 per lesion F (1, 2598) = 85.0 p < .001↽▷ Finally for each pair of visually similar words of contrasting types ↼e▷g▷ TART and TACT↽ we compared how often each word produced the other as an error▷ Overall abstract words are more likely to produce the paired visually similar concrete word as an error than vice versa ↼13▷1ϱ vs▷ 6▷2ϱ of total errors Wilcoxon signedranks test n = 520, Z = 3.24 p < .001↽▷ Considering lesions to the direct and cleanup pathways separately the effect is quite pronounced for the direct pathway ↼15▷6ϱ abs vs▷ 3▷9ϱ con n = 220, Z = 6.16 p < .001↽ while lesions of the cleanup pathway produce the opposite effect ↼0▷0ϱ abs vs▷ 23▷8ϱ con n = 300, Z = 1.83 p < .05↽▷ Overall the network successfully reproduces the behavior of deep dyslexics after lesions to the direct pathway showing better correct performance for concrete over abstract words a tendency for error responses to be more concrete than stimuli and a higher proportion of visual errors in response to abstract compared with concrete words▷ In contrast severe lesions to the cleanup pathway produce the reverse advantage for abstract words quite similar to a patient with concrete word dyslexia▷ 5▷6 Network analysis The effects of abstractness on the performance of the network under damage can be understood in the following way▷ As abstract words have fewer semantic features they are less effective than concrete words at engaging the semantic cleanup mechanism and must rely more heavily on the direct pathway▷ Concrete words are read better under lesions to this pathway because of the stronger semantic cleanup they receive▷ In addition abstract words are more likely to produce visual errors as the inβuence of visual similarity is strongest in the direct pathway▷ Slight or moderate damage to

Figure 5▷7. The αnal states of the cleanup units for concrete words ↼left↽ and abstract words ↼right↽▷ the cleanup pathway impairs what little support abstract words receive from this system but also impairs concrete words producing no relative difference▷ Under severe damage to this pathway the processing of most concrete words is impaired but many abstract words can be read solely by the direct pathway producing an advantage of abstract over concrete words in correct performance▷ In order to provide more direct evidence for this interpretation we examined a number of aspects of the operation of the undamaged network▷ One measure that should be particularly informative is the similarity of concrete and abstract word representations at different times and locations in the network with their αnal semantic representations▷ One hypothesis is that if abstract words rely more heavily on the direct pathway and less on the cleanup pathway their representations should be more semantically organized than those of concrete words prior to the inβuence of semantic cleanup▷ However this was found not to be the case. concrete words are consistently more semantically organized than abstract words▷ Nonetheless there is evidence that the cleanup pathway is particularly important in processing concrete words▷ Figure 5▷7 presents the αnal cleanup representations of each word with concrete words on the left and abstract words on the right▷ The representations for concrete words are far more Ψbinaryν than those for abstract words▷ When processing a concrete word most cleanup units receive strong input ↼positive or negative↽ from semantics and are driven into a state near 0 or 1▷ In contrast cleanup units receive relatively weak input from semantics when processing an abstract word and so tend to remain in a state near 0▷5▷ In this sense the cleanup units play less of a role in generating the correct semantics of abstract words than they do for concrete words▷

5▷7 Summary The range of empirical phenomena addressed by HςS was quite limited in part because of limitations of the original model but also in part because the restricted deαnition of the task of reading via meaning they used precluded consideration of many aspects of deep dyslexic reading behavior▷ The simulations in this section serve to replicate the original αndings of the cooccurrence of error types using a different word set but more importantly to extend the empirical adequacy of the approach to include the effects of abstractness in deep dyslexia and its interactions with visual inβuences in errors▷ Our explanation for these effects hinges on the claim that the semantic representations of abstract words are composed of far fewer features than those of concrete words▷ This difference causes the direct and cleanup pathways of the network to become differentially important in processing each type of word through the course of learning and is thus reβected in the behavior of the network under damage▷ The explanation has some similarities to those previously offered for the interaction between effects of abstractness and visual similarity ↼e▷g▷ Morton ς Patterson 1980, Shallice ς Warrington 1980↽ but these were essentially ad hoc verbal extrapolations from cascade notions unrelated to other aspects of the syndrome without even a principled account of the abstract◁concrete difference▷ The present account is supported by a simulation is linked to explanations of other aspects of the syndrome and offers the possibility of also addressing concrete word dyslexia▷

6 General discussion Connectionist networks would appear a priori to be an appropriate formalism within which to develop computational models of neuropsychological disorders▷ Although the speciαc relationship between these networks and neurobiology is far from clear ↼Sejnowski et al▷ 1989, Smolensky 1988↽ the belief that representation and computation in these networks directly resembles neural computation at some level remains one of their strongest attractions▷ In fact the degree to which the behavior of connectionist networks after damage resembles that of neurological patients supports the claim that the apparent similarity is in fact substantial▷ Connectionist modeling is most interesting when the formalism signiαcantly contributes to a natural explanation for empirical phenomena that are counterintuitive when viewed within other formalisms▷ In the paper we focus on deep dyslexia a neurobehavioral disorder in which patients exhibit a wide variety of symptoms in oral reading and related tasks the most notable being the pro duction of semantic errors▷ While the syndrome can certainly be described in terms of impairments within traditional Ψboxandarrowν informationprocessing models of reading such accounts offer little in the way of underlying principles that explain why such a diverse set of symptoms should cooccur in virtually all known patients who make semantic errors▷ Hinton ς Shallice ↼1991↽ offer a connectionist account in which the central aspects of deep dyslexia�the existence of semantic errors and their cooccurrence with visual and mixed visualandsemantic errors�arise naturally as a result of damage to a network that builds attractors in mapping orthography to semantics▷ While the approach has the advantage over traditional models of being far more computationally explicit it has the limitation that there is little understanding of the underlying principles of the model which give rise to its behavior under damage▷ The current research involves a set of con nectionist simulation experiments aimed both at developing our understanding of these principles and at extending the empirical adequacy of the approach on the basis of this understanding▷ The results demonstrate the usefulness of a connectionist approach to understanding deep dyslexia in particular and the viability of connectionist neuropsychology in general▷ In this αnal section we begin by discussing computational issues focusing on the relationship between our work and other modeling efforts and the nature of the principles that underly the ability of networks to reproduce the characteristics of deep dyslexia▷ We then turn to empirical considerations evaluating the degree to which these computational principles account for the full range of patient behavior▷ The relationship between the current approach and other theoretical accounts of deep dyslexia is considered next▷ We conclude by considering more general issues regarding the impact of connectionist modeling in neuropsychology▷ 6▷1 Computational generality Most connectionist efforts in modeling acquired dyslexia ↼e▷g▷ Mozer ς Behrmann 1990, Patterson et al▷ 1990↽ have followed the standard approach in cognitive neuropsychology of using a particular model of normal reading to account for disorders of reading as a result of damage▷ In contrast HςS never intended their model to be anything but the coarsest approximation to the mechanism by which normal subjects derive the meanings of words▷ Rather their network was intended to embody particular computational principles involving distributed representations and attractors that were claimed to underly the effects seen in patients▷ In this way the HςS model was put forth as representative of a wide class of models all of which share the same basic principles but differ in other respects and all of which it was implicitly claimed would show the characteristics of deep dyslexia under damage▷ However HςS did not demonstrate that models which lacked the properties they claimed were central would not show the characteristics of deep dyslexia nor did they investigate the actual nature and scope of the class of models that would▷ The present research is aimed in part at clarifying exactly what aspects of the original model are responsible for its similarity under damage to deep dyslexic patients and what aspects are less central▷ To this end simulations were carried out that explored the implications of each of the major design decisions that went into the HςS model. the deαnition of the task including the representation of the orthographic input and semantic output the speciαcation of network architecture the use of a particular training procedure and the means by which the performance of the network is evaluated▷ 6▷1▷1 Response generation From a purely computational point of view the current simulations represent an advance over related work in some respects▷ The most important of these is the development of networks that generate explicit phonological responses without the use of a bestmatch procedure▷ Connectionist networks typically produce as output patterns of activity�that is vectors of real numbers�in response to input▷ When using a network to model the reading behavior of normal or impaired subjects what is compared with subject behavior is not the behavior of the network per se but the behavior of the network together with a procedure for interpreting vectors of real numbers as overt responses▷ When the two together behave similarly to subjects it is typically the network alone that is put forward as the explanation▷ However there is always the issue of the extent to which the results depend on characteristics of the interpretation procedure▷ For this reason if we wish to ascribe the modeling success to properties of the network it is important that the interpretation procedure be neutral with respect to the observed effects and be as simple as possible▷ Most connectionist modeling work including HςS uses a bestmatch interpretation procedure in which the output of the network is compared with all of the outputs it has been trained to produce with the nearest one being selected as the overt response▷ These comparisons require a signiαcant amount of knowledge about the task and can be rather involved�in fact the ability of connectionist networks themselves to perform a bestmatch ↼categorization↽ operation is often put forward as a signiαcant strength of the approach▷ The use of a simple error score ↼Seidenberg ς McClelland 1989↽ has the same failing as it requires knowledge of the correct response▷ The problem is particularly acute when a distributed output representation is used▷ A bestmatch procedure hides much of the difαculty of deciding on one of the 2^n possible binary responses over n output units given limited training data▷ In this way the production of legal but unfamiliar and inappropriate responses such as Ψblendsν goes unnoticed�but avoiding the problem by sidestepping the difαculty of generating a coherent response in a distributed representation is far from satisfactory▷ Our procedure for interpreting phonological output does not require any knowledge about the particular words on which the network has been trained▷ However it does embody phonological knowledge about what constitutes a legal pronunciation▷ Since the set of legal pronunciations is far greater than the set of familiar ones our interpretation procedure involves many fewer constraints and hence much less knowledge than one based on the training set▷ In fact the DBM results showing the lack of importance of a probability criterion for individual phonemes suggests that very simple phonological knowledge�one phoneme active in each position�sufαces▷

6▷1▷2 The importance of attractors The main empirical result of the simulation experiments is clear. the cooccurrence of semantic visual and mixed visualandsemantic errors after unitary lesions is not due to any idiosyncratic characteristics of the original HςS network▷ Rather it is remarkably general perhaps disturbingly so ↼see Section 6▷5 below↽▷ In addition to holding for different lesion locations as HςS found it also holds for networks with different architectures using different output systems trained with different learning procedures and performing different versions of the task▷ These results were shown not to be due to idiosyncratic effects of particular words or of our procedure of averaging results over different instances of lesion▷ The generality of the effects argues against the possible criticism ↼e▷g▷ Massaro 1988↽ that the original results were due to the sophisticated manipulation of parameters that could have produced any observed phenomenon▷ Clearly the results do not depend on the detailed aspects of the model that were under the direct control of the experimenters▷ However if the cooccurrence of error types held under all conditions we still could not infer what principles are responsible for them▷ In fact among the simulations that were run there were some conditions under which the mixture of error types did not occur▷ The most basic of these is where there are no attractors downstream from a lesion to provide cleanup▷ This was observed for

I⇒S lesions in the 40-80i network, and for lesions to the phonological clean-up pathway in both
of the output networks (with and without intra-phoneme connections). Under these conditions,
the networks produced virtually no explicit error responses, even though correct performance may
still be reasonable. Furthermore, the strong correlation between correct rate and explicit error
rate across all of the simulation conditions demonstrates that the processes that underly correct
performance in the normal network�attractors�are also responsible for the error responses in the
damaged network. This provides strong evidence for H&S’s claim that attractors are essential to
produce the effects observed in their network.
  While the existence of the various error types held across a wide variety of conditions, their
quantitative distribution varied considerably over lesions in different locations in different networks.
There were general trends of higher proportions of visual errors for lesions near orthography, and
higher proportions of semantic errors for lesions near or within semantics. In fact, some lesions
within semantics produced virtually no purely visual errors, although semantic and mixed visual-
and-semantic errors still occurred (e.g. C⇒S lesions in the replication of the H&S network and the
40-60 and 10-15d networks, when using the response criteria). In this way, the systematic variation
of proportions of error types in the model offers the possibility of accounting for similar systematic
differences observed in patients (e.g. Ψinput,˚ Ψcentral,˚ and Ψoutput˚ deep dyslexics, Friedman &
Perlman, 1982; Shallice & Warrington, 1980) while still demonstrating the basic commonalities of
all of these patients (see Section 6.2.1 below).
  One effect observed by H&S that appears to be less general is that of higher rates of mixed
visual-and-semantic errors than predicted by the independent rates of visual errors and semantic
errors. When the pressure to build strong attractors was increased by training with noisy input,
this effect was observed only in networks in which the intermediate units between orthography and
semantics were involved in developing attractors (i.e. the 40-80i, 80fb, and 40-40fb networks). The
mixed rate was not higher than predicted in networks in which the attractors operated separately
from, and subsequently to, the direct access of semantics from orthography (i.e. the 40-60 and
10-15d networks). To the degree that patients exhibit a suf↑ciently high rate of mixed visual-and-
semantic errors, the results place constraints on the nature of network architectures that can account
for these effects. The non-generality of this effect also emphasizes the necessity of exploring a
range of models that vary systematically from a particular model that shows some effect. It is
dif↑cult to determine which empirical results are robust and which are not on the basis of intuitions
alone.
  A potential limitation of the original H&S work that has not been addressed in subsequent
simulations is the possible effects of using such a small training set. Although we demonstrated
that the basic effects hold for two separate word sets�the original set and the abstract/concrete
set�both sets contain only 40 words. The question arises as to whether the results are strongly
biased by this limitation. In fact, Seidenberg & McClelland (1990) have argued that many of
the limitations of their model are due to the fact that it was only trained on about 2900 words.
However, there are signi↑cant differences between the tasks that the two models perform that
provide reasonable justi↑cation for the reliability of effects produced in the current networks with
only 40 words. Mapping directly from orthography to phonology involves learning statistical
relationships among mappings that can then be applied to novel inputs in reasonable ways. Thus,
a large number of training cases are required to estimate these statistics reliably, and performance
would be expected to improve with a larger training set. In contrast, mapping from orthography
to semantics involves overcoming statistical regularities, since visual similarity is not predictive
of semantic similarity. It is true that a small training set limits the range of similarity that can be
expressed within orthography or semantics, but it is unlikely to fundamentally alter the nature of the
mapping between them. Thus the small size of the word sets prevented us from investigating the
effects of variables such as frequency and syntactic class that are known to signi↑cantly in↓uence
deep dyslexic reading, and these issues remain open for future research. However, the basic
↑ndings of mixtures of error types would still hold if a much larger set of words were used.
  On the basis of the current simulations, we therefore put forward a hypothesis on the properties
of a system that give rise to the following central characteristics of deep dyslexia.

  1. Semantic, visual, mixed visual-and-semantic, visual-then-semantic, and other (unrelated)
    errors occur;
  2. Concrete words are read better than abstract words;
  3. Visual errors (i) tend to have responses that are more concrete than the stimuli, (ii) occur
    more frequently on abstract than concrete words, and (iii) have stimuli that are are more
    abstract than for semantic errors.

We claim that these characteristics generally occur if a system with the following properties is
lesioned.

  1. Orthographic and semantic representations are distributed over separate groups of units,
    such that similar patterns represent similar words in each domain, but similarity is unrelated
    between domains;

  2. Connection weights are learned by a procedure for performing gradient descent in some
    measure of performance on the task of mapping orthography to semantics;

  3. Mapping orthography to semantics is accomplished through the operation of attractors;
  4. The semantic representations of concrete words are much Ψricher˚ than those of abstract
    words (i.e. contain considerably more consistently accessed features).

One proviso of this hypothesis is that the lesion does not directly affect any connections primarily
concerned with implementing the attractors (e.g. the clean-up pathway).

6.2 Empirical adequacy

6.2.1 Extensions of the Hinton & Shallice results

The H&S simulation was concerned with only some of the properties of deep dyslexia. A major
strand of the current investigation was to explore whether other characteristics of the disorder
would also be observed when a connectionist network that mapped orthographic to semantic
representations was lesioned.
  Three issues were speci↑cally addressed: the effects of abstractness/concreteness, how con↑-
dence relates to error type, and lexical decision. Information relevant to a fourth issue�visual-then-
semantic errors�came to light in the course of the study. A ↑fth issue�the different subvarieties
of deep dyslexia�was indirectly confronted when the problem of generating a lexical phonological
output was tackled. It should be noted, though, that our investigations of these ↑ve issues were
not carried out with the same wide range of simulations as was done with regard to the more basic
effects.

Effects of abstractness In the simulation described in Section 5, an additional assumption was
made, following Gentner (1981) and Jones (1985), that concrete nouns have a Ψricher˚ semantic
representation than do other words. Speci↑cally, the number of dimensions on which the semantic
representation of a word has a speci↑c value independent of the values it has on other dimensions,
and across different contexts, is assumed to be greater for concrete nouns than for other words.
This corresponds in our model to concrete nouns having more semantic features than do abstract
nouns.
  When this assumption is made, lesions to the direct pathway of the input network lead to an
advantage in correct performance for concrete over abstract words. In further experiments not
reported in this paper, lesions to the output network also resulted in better correct performance
on concrete vs. abstract words, although the difference was not as large as for input lesions. It
appears that the greater number of active semantic features gives the clean-up circuit more raw
material on which to work, allowing stronger attractors to be built. This ↑ts with the suggestion
of Funnell & Allport (1987) that Ψcertain classes of words evoke cognitive representations that are
themselves relatively autonomous (strongly auto-associated) and therefore form relatively stable
cognitive structures.˚ (p. 396). The magnitude of the effect in the network is not quite as large as
that shown in some deep dyslexic patients, where patients such as DE (Patterson & Marcel, 1977)
and KF (Shallice & Warrington, 1975) can show a (C − A)/(C + A) ratio of 0.75 or 0.68 (where

C and A are the correct rates on concrete and abstract words respectively↽▷ Values approaching 0▷5 were the largest obtained in the simulation but a quantitative difference of this sort is not unexpected given the great difference in scale between the model and the human cognitive system▷ More surprising than the mere existence of an abstract◁concrete effect is the fact that it interacts with the occurrence of visual errors in a similar way to that found in most deep dyslexic patients in whom it has been investigated▷ After lesions to the direct route in the network visual errors on average occur on more abstract words than do semantic errors and the responses of visual errors tend to be more concrete than the stimuli▷ The one patient who differed in this respect was GR

↼Barry ς Richardson 1988↽▷ Like the simulation GR produced visual errors much more frequently on abstract words but the stimuli producing visual errors and semantic errors were roughly equally concrete▷ However GR made semantic errors in matching spoken as well as written words to pictures ↼Newcombe ς Marshall 1980↽▷ His impairment would therefore seem to involve the semantic system itself which when lesioned might be expected to give rise to a higher number of semantic errors even for concrete words▷ Better performance in reading concrete than abstract words is not always found in acquired dyslexic patients▷ Warrington ↼1981↽ reported a patient CAV who read abstract words signiαcantly better than concrete words although the difference ↼55ϱ vs▷ 36ϱ↽ was not as dramatic as the complementary contrast found in certain deep dyslexic patients▷ The apparent double dissociation of concrete vs▷ abstract word reading between CAV and deep dyslexics is difαcult to account for without resorting to the rather extreme position that the semantics for concrete and abstract words are neuroanatomically separate ↼Shallice ς Warrington 1975↽▷ The simulation provides an alternative explanation▷ Severe lesions to the cleanup pathway lead to an abstract word superiority which is though smaller than the concrete word advantage obtained from lesions to the direct pathway▷ The difference between our explanation and Shallice ς Warringtonφs is subtle but important▷ Since in our simulations we allow damage to impair the direct and cleanup pathways independently we are implicitly assuming that these pathways are neuroanatomically separate▷ However it is not the case that the direct pathway processes abstract semantics while the cleanup pathway processes concrete semantics▷ The entire network is involved in generating the semantics of both concrete and abstract words▷ Rather the direct and cleanup pathways serve different computational roles in this process and these roles are differentially important for reading these two classes of words▷ As in Shallice ς Warringtonφs account the dissociations arises from the selective impairment of a specialized process but the specialization is not in terms of the surface distinction ↼i▷e▷ concrete vs▷ abstract words↽ but rather in terms of underlying representational and computational principles ↼e▷g▷ the inβuence of differing number of semantic features on the development of attractors↽▷ The fact that the model is consistent both with patients showing a concrete word advantage and with patients showing an abstract word advantage may suggest to some readers that the model is underconstrained by the data▷ There are three possible replies▷ First overall both patients and the model show a concrete word superiority▷ Second for both types of superiority the model predicts that visual error responses will tend to come from the class of words that are read more accurately▷ As predicted CAVφs visual error responses were more abstract than the stimuli ↼Warrington 1981↽▷ Finally the model predicts that the complementary patterns would differ on other characteristics corresponding to the different effects of direct vs▷ cleanup pathway lesions▷ CAV also showed an advantage in matching auditorilypresented words with pictures suggesting modalityindependent damage at the level of the semantic system▷18Thus there are additional aspects of our simulation that counter the challenge that it is underconstrained▷ However given the uniqueness of concrete word dyslexia in CAV its occurrence in the model should be considered suggestive rather than conclusive▷ 18It should be noted that CAV made virtually no semantic errors▷ However as he read 20ϱ of nonsense syllables when he could read only 28ϱ of words it seems entirely possible that he could edit out semantic errors by using phonological mediation▷

Conαdence judgments Section 4 examined the relative conαdence with which visual and se mantic errors are produced▷ Two analogues for conαdence were developed in the DBM. the speed of settling measured in terms of the number of iterations and the Ψgoodnessν of the resulting representation measured in terms of the energy in different parts of the network▷ Using both measures visual errors were produced with more conαdence than semantic errors as has been observed in three deep dyslexic patients by Patterson ↼1978↽ and Kapur ς Perl ↼1978↽ although the differences were small▷19 Lexical decision Coltheart ↼1980a↽ in his review rates lexical decision as being Ψsurprisingly goodν in nine patients but most of the evidence is based on personal communication▷ The published results that are cited pertain only to two of the more recently described patients ↼DE PW, Patterson 1979↽▷ Lexical decision was not rated Ψsurprisingly goodν in three patients, JR ↼Saffran personal communication↽ PS ↼Shallice ς Coughlan 1980↽ and AR ↼Warrington ς Shallice 1979↽▷20Moreover our attempts to demonstrate preserved lexical decision performance in a lesioned network have also been somewhat indeterminate▷ In an early investigation Hinton ς Shallice ↼1989↽ deαned a Ψyesν response in lexical decision in the network by using a lower value of the proximity criterion than required for explicit naming ↼0▷7 down from 0▷8↽ and no gap criterion▷ This procedure did not result in relatively preserved lexical decision for words that could not be read▷ However this effect was obtained in the present investigation ↼see Section 4▷3↽ when a procedure similar to that employed by Seidenberg ς McClelland ↼1989↽ was used with the DBM network▷ According to this procedure letter strings are given a Ψyesν response in lexical decision when they can be Ψrecreatedν on the basis of orthographic and semantic knowledge▷ For words that could not be read this yielded a d^′ ⊑⊣↕⊓⌉ ⇐∞↙∃△⇒ ≀{ ⊔⟨⌉ ∫⊣⇕⌉ ∫≀∇⊔ ≀{ ∇⊣\}⌉ ⊣∫ ⊔⟨⊣⊔ {≀⊓\⌈ ⟩\ DE ⇐∞↙△∅ P⊣⊔⊔⌉∇∫≀\⇔ ∞∃∃⇒↙ W⟨⟩↕⌉ ⊔⟨⌉∫⌉ ⇕≀∇⌉ ∇⌉⌋⌉\⊔ ∇⌉∫⊓↕⊔∫ ⊣∇⌉ √∇≀⇕⟩∫⟩\}⇔ ⟩⊔ ∫⟨≀⊓↕⌈ ⌊⌉ ‖⌉√⊔ ⟩\ ⇕⟩\⌈ ⊔⟨⊣⊔ ⊣∫√⌉⌋⊔∫ ≀{ ⊔⟨⌉ ∫⟩⇕⊓↕⊣⊔⟩≀\∫�⟩\ √⊣∇⊔⟩⌋⊓↕⊣∇⇔ ⊔⟨⌉ ⌈⌉⊘\⟩⊔⟩≀\ ≀{ ⊔⟨⌉ ⊔⊣∫‖ ≀{ ↕⌉§⟩⌋⊣↕ ⌈⌉⌋⟩∫⟩≀\�⊣∇⌉ ⊔≀≀ ⊓\⌋≀\∫⊔∇⊣⟩\⌉⌈ {≀∇ ⊔⟨⌉ ∫⟩⇕⊓↕⊣⊔⟩≀\∫ ⊔≀ ⌋≀\∫⊔⟩⊔⊓⊔⌉ ⊣ ⌋≀⇕√↕⌉⊔⌉↕† ⊣⌈⌉∐⊓⊣⊔⌉ ⌋⟨⊣∇⊣⌋⊔⌉∇⟩‡⊣⊔⟩≀\ ≀{ √∇⌉∫⌉∇⊑⌉⌈ ↕⌉§⟩⌋⊣↕ ⌈⌉⌋⟩∫⟩≀\ ⟩\ ⌈⌉⌉√ ⌈†∫↕⌉§⟩⌋ √⊣⊔⟩⌉\⊔∫↙

V⟩∫⊓⊣↕↖⊔⟨⌉\↖∫⌉⇕⊣\⊔⟩⌋ ⌉∇∇≀∇∫ A √⟨⌉\≀⇕⌉\≀\ ⊔⟨⊣⊔ ⊒⊣∫ \≀⊔ ∫√⌉⌋⟩⊘⌋⊣↕↕† ⟩\⊑⌉∫⊔⟩}⊣⊔⌉⌈ ⟩∫ ⊔⟨⌉ ≀⌋⌋⊓∇↖ ∇⌉\⌋⌉ ≀{ ⊑⟩∫⊓⊣↕↖⊔⟨⌉\↖∫⌉⇕⊣\⊔⟩⌋ ⌉∇∇≀∇∫ ⟩\ ⌈⌉⌉√ ⌈†∫↕⌉§⟩⊣ ⇐⌉↙}↙ SYMPATHY ⇒ ⊖≀∇⌋⟨⌉∫⊔∇⊣⪰⇔ √∇⌉∫⊓⇕⊣⌊↕† ⇕⌉⌈⟩⊣⊔⌉⌈ ⌊† ∫†⇕√⟨≀\†∅ M⊣∇∫⟨⊣↕↕ ↘ N⌉⊒⌋≀⇕⌊⌉⇔ ∞∄⇒ T⟨⌉∫⌉ ⊣∇⌉ }⌉\⌉∇⊣↕↕† ⊔⟨≀⊓}⟨⊔ ≀{ ⊣∫ ⊣ ⊑⟩∫⊓⊣↕ ⌉∇∇≀∇ {≀↕↕≀⊒⌉⌈ ⌊† ⊣ ∫⌉⇕⊣\⊔⟩⌋ ⌉∇∇≀∇ ⇐C≀↕⊔⟨⌉⊣∇⊔⇔ ∞∃∀′⊣⇒⇔ ⊒⟨⟩⌋⟨ √∇⌉∫⊓⇕⊣⌊↕† ⟩⇕√↕⟩⌉∫ ⊔⟨⊣⊔ ⊔⊒≀ ⌈⟩{{⌉∇⌉\⊔ ⟩⇕√⊣⟩∇⇕⌉\⊔∫ ⊣∇⌉ ⟩\⊑≀↕⊑⌉⌈↙ T⟨⌉ √∇⌉∫⌉\⊔ ∫⟩⇕⊓↕⊣⊔⟩≀\∫ √∇≀⊑⟩⌈⌉ ⊣ ⇕≀∇⌉ √⊣∇∫⟩⇕≀\⟩≀⊓∫ ⌉§√↕⊣\⊣⊔⟩≀\⇔ ⊣∫ ⊔⟨⌉ ⌉∇∇≀∇∫ ⌋⊣\ ⊣∇⟩∫⌉ ⊒⟨⌉\ ≀\↕† ⊣ ∫⟩\}↕⌉ ∫⌉⊔ ≀{ ⌋≀\\⌉⌋⊔⟩≀\∫ ⟩∫ ↕⌉∫⟩≀\⌉⌈↙ T⟨⌉† ⊒⌉∇⌉ ≀⌊∫⌉∇⊑⌉⌈ ⊓\⌉§√⌉⌋⊔⌉⌈↕† ⊓∫⟩\} ⌊≀⊔⟨ ⊔⟨⌉ ≀∇⟩}⟩\⊣↕ H↘S ⊒≀∇⌈ ∫⌉⊔ ⇐S⌉⌋⊔⟩≀\ ∋↙∀⇒ ⊣\⌈ ⊔⟨⌉ ⊣⌊∫⊔∇⊣⌋⊔∝⌋≀\⌋∇⌉⊔⌉ ⊒≀∇⌈ ∫⌉⊔ ⇐S⌉⌋⊔⟩≀\ ▽↙▽⇒↙ T⟨⌉ ⇕⌉⌋⟨⊣\⟩∫⇕ ⌊† ⊒⟨⟩⌋⟨ ⊔⟨⌉† ⊣∇⟩∫⌉ ⟩∫ ⇕≀∫⊔ ⌋↕⌉⊣∇↕† ∫⌉⌉\ ⟩\ ⊔⟨⌉ ⌋⊣∫⌉ ⊒⟨⌉∇⌉ ⊔⟨⌉ \⌉⊔⊒≀∇‖ ⟩\⌋↕⊓⌈⌉∫ ⊣\ ≀⊓⊔√⊓⊔ ∫†∫⊔⌉⇕↙ A ↕⌉∫⟩≀\ ⊔≀ ⊔⟨⌉ ⟩\√⊓⊔ ∫†∫⊔⌉⇕ ⌋⊣\ √∇≀⌈⊓⌋⌉ ⊣ ∫⌉⇕⊣\⊔⟩⌋ ∇⌉√∇⌉∫⌉\↖ ⊔⊣⊔⟩≀\ ⊑⌉∇† ⌋↕≀∫⌉ ⊔≀ ⊔⟨⊣⊔ ≀{ ⊣ ⊒≀∇⌈ ⊑⟩∫⊓⊣↕↕† ∇⌉↕⊣⊔⌉⌈ ⊔≀ ⊔⟨⌉ ∫⊔⟩⇕⊓↕⊓∫↙ H≀⊒⌉⊑⌉∇⇔ ⊔⟨⌉ ⊣⊔⊔∇⊣⌋⊔≀∇∫ ⟩\ ⊔⟨⌉ ≀⊓⊔√⊓⊔ ∫†∫⊔⌉⇕ ⇕⊣† ⇕⊣√ ⊔⟨⟩∫ ∫↕⟩}⟨⊔↕† ⟩\⊣⌋⌋⊓∇⊣⊔⌉ ∫⌉⇕⊣\⊔⟩⌋ ⊣⌋⊔⟩⊑⟩⊔† ≀\⊔≀ ⊔⟨⌉ √⟨≀\≀↕≀}† ≀{ ⊣ ∫⌉⇕⊣\⊔⟩⌋ \⌉⟩}⟨⌊≀∇ ≀{ ⊔⟨⟩∫ ⊑⟩∫⊓⊣↕↕† ∇⌉↕⊣⊔⌉⌈ ⊒≀∇⌈ ∇⊣⊔⟨⌉∇ ⊔⟨⊣\ ⊔⟨⌉ √⟨≀\≀↕≀}† ≀{ ⊔⟨⌉ ⊒≀∇⌈ ⟩⊔∫⌉↕{↙ I⊔ ⟩∫ ⊔⟨⌉ \≀∇⇕⊣↕ ∞∃A ∫≀⇕⌉⊒⟨⊣⊔ ⌈⟩{{⌉∇⌉\⊔ √⊣⊔⊔⌉∇\ ≀{ ⊘\⌈⟩\}∫ ≀\ GR ⇐N⌉⊒⌋≀⇕⌊⌉ ↘ M⊣∇∫⟨⊣↕↕⇔ ∞∃∀′⇒ ⟩∫ \≀⊔ ⌊⊣∫⌉⌈ ≀\ ⊣\ ⊣⌈⌉∐⊓⊣⊔⌉ ⊣⇕≀⊓\⊔ ≀{ ⌈⊣⊔⊣↙ ∈′AR ⌈⟩{{⌉∇∫ {∇≀⇕ √∇≀⊔≀⊔†√⟩⌋⊣↕ ⌈⌉⌉√ ⌈†∫↕⌉§⟩⊣ √⊣⊔⟩⌉\⊔∫ ⟩\ ⊣ \⊓⇕⌊⌉∇ ≀{ ⊒⊣†∫ ⇐∫⌉⌉ C≀↕⊔⟨⌉⊣∇⊔⇔ ∞∃∀′⊣⇒↙ A↕∫≀⇔ ⟨⟩∫ ↕⌉§⟩⌋⊣↕ ⌈⌉⌋⟩∫⟩≀\ ⊒⊣∫ ⊣∫∫⌉∫∫⌉⌈ ⟩\ ⊣\ ⊓\⊓∫⊓⊣↕ {⊣∫⟨⟩≀\↙

̸GENERAL DISCUSSION ∃▽ ≀√⌉∇⊣⊔⟩≀\ ≀{ ⊔⟨⌉ ≀⊓⊔√⊓⊔ ∫†∫⊔⌉⇕ ⊔⟨⊣⊔ √∇≀⌈⊓⌋⌉∫ ⊔⟨⌉ ∫⌉⇕⊣\⊔⟩⌋ √⊣∇⊔ ≀{ ⊔⟨⌉ ⊑⟩∫⊓⊣↕↖⊔⟨⌉\↖∫⌉⇕⊣\⊔⟩⌋ ⌉∇∇≀∇↙ S⊓⌊⊑⊣∇⟩⌉⊔⟩⌉∫ ≀{ ⌈⌉⌉√ ⌈†∫↕⌉§⟩⊣ T⟨⌉ ⊘\⊣↕ ⌉⇕√⟩∇⟩⌋⊣↕ ⟩∫∫⊓⌉ ⊣⌈⌈∇⌉∫∫⌉⌈ ⌊† ⊔⟨⌉ √∇⌉∫⌉\⊔ ⟩\⊑⌉∫⊔⟩}⊣⊔⟩≀\ ≀{ ⌈⌉⌉√ ⌈†∫↕⌉§⟩⊣ ⟩∫ ⊔⟨⊣⊔ ⟩⊔ ⌋⊣\ ⊣∇⟩∫⌉ ⟩\ ⊣ \⊓⇕⌊⌉∇ ≀{ {≀∇⇕∫↙ I\ ∫≀⇕⌉ √⊣⊔⟩⌉\⊔∫⇔ ∫⊓⌋⟨ ⊣∫ VS ⇐S⊣{{∇⊣\ ↘ M⊣∇⟩\⇔ ∞∃⇒ ⊣\⌈ GR ⇐P⊣⊔⊔⌉∇∫≀\⇔ √⌉∇∫≀\⊣↕ ⌋≀⇕⇕⊓\⟩⌋⊣⊔⟩≀\⇒⇔ ⌋≀⇕√∇⌉⟨⌉\∫⟩≀\ √⌉∇{≀∇⇕⊣\⌋⌉ ⟩∫ ⊑⌉∇† ∫⟩⇕⟩↕⊣∇ {≀∇ ⊣⊓⌈⟩⊔≀∇† ⊒≀∇⌈ √∇⌉∫⌉\⊔⊣⊔⟩≀\ ⊣∫ {≀∇ ⊑⟩∫⊓⊣↕↙ I{ ⊣ ⊓\⟩⊔⊣∇† ⟩⇕√⊣⟩∇⇕⌉\⊔ ⟩∫ ⊣∫∫⊓⇕⌉⌈⇔ ⊔⟨⌉\ ⟩⊔ ⇕⊓∫⊔ ↕⟩⌉ ⊣⊔ ≀∇ ⌊⌉†≀\⌈ ⊔⟨⌉ ↕⌉⊑⌉↕ ≀{ ⊔⟨⌉ ∫⌉⇕⊣\⊔⟩⌋ ∫†∫⊔⌉⇕↙ O\ ⊔⟨⌉ ≀⊔⟨⌉∇ ⟨⊣\⌈⇔ √⊣⊔⟩⌉\⊔∫ ↕⟩‖⌉ PS ⇐S⟨⊣↕↕⟩⌋⌉ ↘ C≀⊓}⟨↕⊣\⇔ ∞∃∀′⇒ ⊣\⌈ KF ⇐S⟨⊣↕↕⟩⌋⌉ ↘ W⊣∇∇⟩\}⊔≀\⇔ ∞∃∀′⇒ ⊒⌉∇⌉ ⇕⊓⌋⟨ ⌊⌉⊔⊔⌉∇ ⊣⊔ ⌋≀⇕√∇⌉⟨⌉\⌈⟩\} ∫√≀‖⌉\ ⊔⟨⊣\ ⊒∇⟩⊔⊔⌉\ ⊒≀∇⌈∫⇔ ∫⊓}}⌉∫⊔⟩\} ⊣\ ⌉⊣∇↕⟩⌉∇ ↕≀⌋⊓∫ ≀{ ⟩⇕√⊣⟩∇⇕⌉\⊔⇔ ⌊⌉⊔⊒⌉⌉\ ≀∇⊔⟨≀}∇⊣√⟨† ⊣\⌈ ∫⌉⇕⊣\⊔⟩⌋∫↙ T⟨⟩∫ ⌋≀\⊔∇⊣∫⊔ ⟨⊣∫ ↕⌉⌈ ⊔≀ ⊔⟨⌉ ⊣∫∫⊓⇕√⊔⟩≀\ ⊔⟨⊣⊔ ⌈⌉⌉√ ⌈†∫↕⌉§⟩⊣ ⌋⊣\ ⌉§⟩∫⊔ ⟩\ ⊔⊒≀ ≀∇ ⇕≀∇⌉ {≀∇⇕∫⇔ ⊒⟩⊔⟨ ⊔⟨⌉ ⟩⇕√⊣⟩∇⇕⌉\⊔ √∇⟩⇕⊣∇⟩↕† ⟩\⊑≀↕⊑⟩\} ⟩\√⊓⊔ √⊣⊔⟨⊒⊣†∫ ⟩\ ≀\⌉ ⌋⊣∫⌉⇔ ⊣\⌈ ≀⊓⊔√⊓⊔ √⊣⊔⟨⊒⊣†∫ ⟩\ ⊔⟨⌉ ≀⊔⟨⌉∇ ⇐F∇⟩⌉⌈⇕⊣\ ↘ P⌉∇↕⇕⊣\⇔ ∞∃∀∈∅ S⟨⊣↕↕⟩⌋⌉ ↘ W⊣∇∇⟩\}⊔≀\⇔ ∞∃∀′⇒↙ H≀⊒⌉⊑⌉∇⇔ ⟩⊔ ∇⌉⇕⊣⟩\⌉⌈ ⊔≀⊔⊣↕↕† ⊓\⌉§√↕⊣⟩\⌉⌈ ⊒⟨† ⊔⟨⌉ ⊔⊒≀ ↕≀⌋⟩ ≀{ ⟩⇕√⊣⟩∇⇕⌉\⊔ ∫⟨≀⊓↕⌈ }⟩⊑⌉ ∇⟩∫⌉ ⊔≀ ⊣ ∐⊓⊣↕⟩⊔⊣⊔⟩⊑⌉↕† ∫⟩⇕⟩↕⊣∇ √⊣⊔⊔⌉∇\ ≀{ ⌉∇∇≀∇∫↙ T⟨⌉ ⌋⊓∇∇⌉\⊔ ∫⟩⇕⊓↕⊣⊔⟩≀\∫ √∇≀⊑⟩⌈⌉ ⊣ ∫⟩⇕√↕⌉ ⌉§√↕⊣\⊣⊔⟩≀\↙ W⟨⌉\ ⊣\ ≀⊓⊔√⊓⊔ ∫†∫⊔⌉⇕ ⊒⊣∫ ⊣⌈⌈⌉⌈ ⊔≀ ⊔⟨⌉ ⇕≀⌈⌉↕⇔ ⊣\⌈ ⊣ ↕⌉∫⟩≀\ ⊒⊣∫ ⇕⊣⌈⌉ ⊔≀ ⌉⟩⊔⟨⌉∇ ⊔⟨⌉ ⊘∇∫⊔ ≀∇ ∫⌉⌋≀\⌈ ∫⌉⊔ ≀{ ⌋≀\\⌉⌋⊔⟩≀\∫ ⊒⟩⊔⟨⟩\ ⊔⟨⟩∫ ∫†∫⊔⌉⇕⇔ ⊔⟨⌉ ∇⌉∫⊓↕⊔⟩\} ⌉∇∇≀∇ √⊣⊔⊔⌉∇\ ⊒⊣∫ ∐⊓⊣↕⟩⊔⊣⊔⟩⊑⌉↕† ∫⟩⇕⟩↕⊣∇ ⊔≀ ⊔⟨⌉ ≀\⌉ ≀⌊⊔⊣⟩\⌉⌈ ⊣{⊔⌉∇ ⟩\√⊓⊔ ↕⌉∫⟩≀\∫ ⇐∫⌉⌉ S⌉⌋⊔⟩≀\ ∈↙△⇒↙ I\⌈⌉⌉⌈⇔ ∐⊓⊣↕⟩⊔⊣⊔⟩⊑⌉↕† ⌉∐⊓⟩⊑⊣↕⌉\⊔ ⌉∇∇≀∇ √⊣⊔⊔⌉∇\∫ ⊣∇⟩∫⌉ ⟩\ ⊔⟨⌉ ∫⟩⇕⊓↕⊣⊔⟩≀\∫ {∇≀⇕ ↕⌉∫⟩≀\∫ ⊔≀ ⊣\† ∫⊔⊣}⌉ ⊣↕≀\} ⊔⟨⌉ ∫⌉⇕⊣\⊔⟩⌋ ∇≀⊓⊔⌉⇔ {∇≀⇕ ⊔⟨⌉ ⊘∇∫⊔ ∫⌉⊔ ≀{ ⌋≀\\⌉⌋⊔⟩≀\∫ ⊣{⊔⌉∇ ⊔⟨⌉ }∇⊣√⟨⌉⇕⟩⌋ ⊓\⟩⊔∫ ⊔≀ ⊔⟨⌉ ↕⊣∫⊔ ∫⌉⊔ ⌊⌉{≀∇⌉ ⊔⟨⌉ √⟨≀\⌉⇕⟩⌋ ⊓\⟩⊔∫↙ ↙̸∈↙∈ R⌉⇕⊣⟩\⟩\} ⌉⇕√⟩∇⟩⌋⊣↕ ⟩∫∫⊓⌉∫ N≀ ⌉⊑⟩⌈⌉\⌋⌉ ⊒⊣∫ ≀⌊⊔⊣⟩\⌉⌈ ∇⌉↕⊣⊔⟩\} ⊔≀ ⌋⌉∇⊔⊣⟩\ ⊣∫√⌉⌋⊔∫ ≀{ ⊔⟨⌉ ⌈⌉⌉√ ⌈†∫↕⌉§⟩⊣ ∫†⇕√⊔≀⇕↖⌋≀⇕√↕⌉§↙ S≀⇕⌉ ≀{ ⊔⟨⌉∫⌉�⌈⌉∇⟩⊑⊣⊔⟩≀\⊣↕ ⌉∇∇≀∇∫⇔ ⊣\⌈ √⊣∇⊔↖≀{↖∫√⌉⌉⌋⟨ ⌉{{⌉⌋⊔∫�⌋⊣\ ⌊⌉ ⊣⌋⌋≀⊓\⊔⌉⌈ {≀∇ ⌊† \⊣⊔⊓∇⊣↕ ⌉§⊔∇⊣√≀↕⊣⊔⟩≀\∫ {∇≀⇕ ⊔⟨⌉ ⌋⊓∇∇⌉\⊔ ∇⌉∫⊓↕⊔∫↙ T⟨⌉ ∫⟩⊔⊓⊣⊔⟩≀\ ⟩∫ ↕⌉∫∫ ⌋↕⌉⊣∇ {≀∇ ≀⊔⟨⌉∇∫¬ ⊣∫∫≀⌋⟩⊣⊔⟩⊑⌉ ∫⌉⇕⊣\⊔⟩⌋ ⌉∇∇≀∇∫⇔ √⊣⊔⟩⌉\⊔∫ ⊒⟨≀ ⇕⊣‖⌉ \≀ ⊑⟩∫⊓⊣↕ ⌉∇∇≀∇∫⇔ ⊣\⌈ ⊔⟨⌉ ∇⌉↕⊣⊔⟩≀\ ⊒⟩⊔⟨ ⟩⇕√⊣⟩∇⇕⌉\⊔∫ ⟩\ ⊒∇⟩⊔⟩\} ⇐⌈⌉⌉√ ⊣}∇⊣√⟨⟩⊣⇒↙ W⌉ ⌋≀\∫⟩⌈⌉∇ ⌉⊣⌋⟨ ≀{ ⊔⟨⌉∫⌉ ⟩\ ⊔⊓∇\↙ D⌉∇⟩⊑⊣⊔⟩≀\⊣↕ ⌉∇∇≀∇∫ D⌉⌉√ ⌈†∫↕⌉§⟩⌋ √⊣⊔⟩⌉\⊔∫ ≀{⊔⌉\ ⇕⊣‖⌉ ⊖⌈⌉∇⟩⊑⊣⊔⟩≀\⊣↕⪰ ⌉∇∇≀∇∫⇔ }⟩⊑⟩\} ⊣ ∇⌉∫√≀\∫⌉ ⊔⟨⊣⊔ ⟩∫ ⊣ ⌈⟩{{⌉∇⌉\⊔ ⟩\⊙⌉⌋⊔⟩≀\⊣↕ ≀∇ ⌈⌉∇⟩⊑⊣⊔⟩≀\⊣↕ {≀∇⇕ ≀{ ⊔⟨⌉ ∫⊔⟩⇕⊓↕⊓∫ ⇐⌉↙}↙ HITTING ⇒ ⊖⟨⟩⊔⪰⇒↙ S⟩\⌋⌉ ⊔⟨⌉ ⊒≀∇⌈ ∫⌉⊔∫ ⊣\⌈ ≀∇⊔⟨≀}∇⊣√⟨⟩⌋ ∇⌉√∇⌉∫⌉\⊔⊣⊔⟩≀\∫ ⊒⌉ ⟨⊣⊑⌉ ⊓∫⌉⌈ ⌈≀ \≀⊔ ⟩\⊑≀↕⊑⌉ ⟩\⊙⌉⌋⊔⟩≀\∫⇔ ⊒⌉ ⌋≀⊓↕⌈ \≀⊔ ⟨⊣⊑⌉ ⌈⟩∇⌉⌋⊔↕† ∇⌉√∇≀⌈⊓⌋⌉⌈ ⊔⟨⟩∫ ⊔†√⌉ ≀{ ⌉∇∇≀∇ ⟩\ ≀⊓∇ ∫⟩⇕⊓↕⊣⊔⟩≀\∫↙ H≀⊒⌉⊑⌉∇⇔ ⌈⌉∇⟩⊑⊣⊔⟩≀\⊣↕ ⌉∇∇≀∇∫ ⌋⊣\ ⌊⌉ ⌋≀\∫⟩⌈⌉∇⌉⌈ ⊔≀ ⌊⌉ ≀\⌉ ⊑⊣∇⟩⌉⊔† ≀{ ⇕⟩§⌉⌈ ⊑⟩∫⊓⊣↕↖⊣\⌈↖∫⌉⇕⊣\⊔⟩⌋ ⌉∇∇≀∇⇔ ⊣∫ ⊔⟨⌉† ⊣↕⇕≀∫⊔ ⊣↕⊒⊣†∫ ⟨⊣⊑⌉ ⌊≀⊔⟨ ⊣ ⊑⟩∫⊓⊣↕ ⊣\⌈ ⊣ ∫⌉⇕⊣\⊔⟩⌋ ∇⌉↕⊣⊔⟩≀\ ⊔≀ ⊔⟨⌉ ∫⊔⟩⇕⊓↕⊓∫↙ T⟨⌉∇⌉{≀∇⌉⇔ ⊣⌊≀⊑⌉↖⌋⟨⊣\⌋⌉ ∇⊣⊔⌉∫ ≀{ ∫⊓⌋⟨ ⌉∇∇≀∇∫ ⊣∇⌉ ⊔≀ ⌊⌉ ⌉§√⌉⌋⊔⌉⌈ }⟩⊑⌉\ ⊔⟨⌉ ∇⊣⊔⌉∫ ≀{ ⇕⟩§⌉⌈ ⌉∇∇≀∇∫ √∇≀⌈⊓⌋⌉⌈ ⟩\ ⊔⟨⌉ ∫⟩⇕⊓↕⊣⊔⟩≀\∫↙ T⟨⟩∫ ⟩∫ \≀⊔ ⊔≀ ⌈⌉\† ⊔⟨⊣⊔ ⊔⟨⌉ ∇⌉√∇⌉∫⌉\⊔⊣⊔⟩≀\∫ ≀{ ⟩\⊙⌉⌋⊔⟩≀\⊣↕ ≀∇ ⌈⌉∇⟩⊑⊣⊔⟩≀\⊣↕ {≀∇⇕∫ ≀{ ⊣ ⊒≀∇⌈ ⊣∇⌉ ∇⌉↕⊣⊔⌉⌈ ⟩\ ⊣ ∫√⌉⌋⟩⊣↕ ⊒⊣†⇔ ⊓\↕⟩‖⌉ ≀⊔⟨⌉∇ ⊑⟩∫⊓⊣↕↕† ≀∇ ∫⌉⇕⊣\⊔⟩⌋⊣↕↕† ∇⌉↕⊣⊔⌉⌈ ∫⌉⊔∫ ≀{ ⊒≀∇⌈∫ ⇐P⊣⊔⊔⌉∇∫≀\⇔ ∞∃∀∅ ∞∃∀′⇒�≀\↕† ⊔≀ √≀⟩\⊔ ≀⊓⊔ ⊔⟨⊣⊔ ⊔⟨⌉ ≀⌋⌋⊓∇∇⌉\⌋⌉ ≀{ ⌈⌉∇⟩⊑⊣⊔⟩≀\⊣↕ ⌉∇∇≀∇∫ ⟩\ ⌈⌉⌉√ ⌈†∫↕⌉§⟩⊣ ⌋⊣\ ⌊⌉ ⌉§√↕⊣⟩\⌉⌈ ⊒⟩⊔⟨≀⊓⊔ ∫⊓⌋⟨ ⊣\ ⊣∫∫⊓⇕√⊔⟩≀\ ⇐∫⌉⌉ ⊣↕∫≀ F⊓\\⌉↕↕⇔ ∞∃∀⇒↙ P⊣∇⊔↖≀{↖∫√⌉⌉⌋⟨ ⌉{{⌉⌋⊔∫ I\ }⌉\⌉∇⊣↕⇔ ⌈⌉⌉√ ⌈†∫↕⌉§⟩⌋∫ ∇⌉⊣⌈ \≀⊓\∫ ⌊⌉⊔⊔⌉∇ ⊔⟨⊣\ ⊣⌈|⌉⌋⊔⟩⊑⌉∫⇔ ⊣⌈|⌉⌋⊔⟩⊑⌉∫ ⌊⌉⊔⊔⌉∇ ⊔⟨⊣\ ⊑⌉∇⌊∫⇔ ⊣\⌈ ⊑⌉∇⌊∫ ⌊⌉⊔⊔⌉∇ ⊔⟨⊣\ {⊓\⌋⊔⟩≀\ ⊒≀∇⌈∫↙ B≀⊔⟨ ⊔⟨⌉ H↘S ⊒≀∇⌈ ∫⌉⊔ ⊣\⌈ ⊔⟨⌉ ⊣⌊↖ ∫⊔∇⊣⌋⊔∝⌋≀\⌋∇⌉⊔⌉ ⊒≀∇⌈ ∫⌉⊔ ⌋≀\⊔⊣⟩\ ≀\↕† \≀⊓\∫↙ H≀⊒⌉⊑⌉∇⇔ J≀\⌉∫ ⇐∞∃∀▽⇒ ∫⟨≀⊒⌉⌈ ⊔⟨⊣⊔ ≀∇⌈⌉∇⟩\} ⊒≀∇⌈∫

̸GENERAL DISCUSSION ∃ ⟩\ ⊔⌉∇⇕ ≀{ ⌉⊣∫⌉↖≀{↖√∇⌉⌈⟩⌋⊣⊔⟩≀\ ∇⌉∫⊓↕⊔∫ ⟩\ ⊔⟨⌉ ∫⊣⇕⌉ ≀⊑⌉∇⊣↕↕ ∇⊣\‖ ≀∇⌈⌉∇⟩\} ≀{ ∫†\⊔⊣⌋⊔⟩⌋ ⌋↕⊣∫∫⌉∫↙ I\ ⊣⌈⌈⟩⊔⟩≀\⇔ B⊣∇∇† ↘ R⟩⌋⟨⊣∇⌈∫≀\ ⇐∞∃∀∀⇒ {≀⊓\⌈ ⊔⟨⊣⊔ √⊣∇⊔↖≀{↖∫√⌉⌉⌋⟨ ⟨⊣⌈ \≀ ⌉{{⌉⌋⊔ ≀\ ⊔⟨⌉ ∇⌉⊣⌈⟩\} √⌉∇↖ {≀∇⇕⊣\⌋⌉ ≀{ GR ⊒⟨⌉\ ⌋≀\⌋∇⌉⊔⌉\⌉∫∫⇔ {∇⌉∐⊓⌉\⌋†⇔ ⊣\⌈ ⊖⊣∫∫≀⌋⟩⊣⊔⟩⊑⌉ ⌈⟩{⊘⌋⊓↕⊔†⪰ ⇐⌋↕≀∫⌉↕† ∇⌉↕⊣⊔⌉⌈ ⊔≀ ⌉⊣∫⌉↖≀{↖√∇⌉⌈⟩⌋⊣⊔⟩≀\⇒ ⊒⌉∇⌉ ∫⊔⊣⊔⟩∫⊔⟩⌋⊣↕↕† ⌋≀\⊔∇≀↕↕⌉⌈↙ I\ ⊔⟨⌉ ⊣⌊∫⊔∇⊣⌋⊔∝⌋≀\⌋∇⌉⊔⌉ ∫⟩⇕⊓↕⊣⊔⟩≀\∫⇔ ⊒⌉ ∇⌉⊙⌉⌋⊔⌉⌈ ⊔⟨⌉ ⌉⊣∫⌉↖≀{↖√∇⌉⌈⟩⌋⊣⊔⟩≀\ ≀{ ⊣ ⊒≀∇⌈ ⟩\ ⊔⌉∇⇕∫ ≀{ ⊔⟨⌉ \⊓⇕⌊⌉∇ ≀{ ⊣⌋⊔⟩⊑⌉ {⌉⊣⊔⊓∇⌉∫ ⟩\ ⟩⊔∫ ∫⌉⇕⊣\⊔⟩⌋ ∇⌉√∇⌉∫⌉\↖ ⊔⊣⊔⟩≀\⇔ ⊣\⌈ {≀⊓\⌈ ⊔⟨⊣⊔ ⌋≀\⌋∇⌉⊔⌉ ⊒≀∇⌈∫⇔ ⊒⟩⊔⟨ }∇⌉⊣⊔⌉∇ ⌉⊣∫⌉↖≀{↖√∇⌉⌈⟩⌋⊣⊔⟩≀\⇔ ⊣∇⌉ ∇⌉⊣⌈ ⌊⌉⊔⊔⌉∇ ⊔⟨⊣\ ⊣⌊∫⊔∇⊣⌋⊔ ⊒≀∇⌈∫↙ I⊔ ⊒≀⊓↕⌈ ∫⌉⌉⇕ ⊣√√∇≀√∇⟩⊣⊔⌉ ⊔≀ }⟩⊑⌉ ⌈⟩{{⌉∇⌉\⊔ √⊣∇⊔∫↖≀{↖∫√⌉⌉⌋⟨ ∫⌉⇕⊣\⊔⟩⌋ ∇⌉√∇⌉∫⌉\⊔⊣⊔⟩≀\∫ ⟩\ ⊒⟨⟩⌋⟨ ⊔⟨⌉ ⊣⊑⌉∇⊣}⌉ \⊓⇕⌊⌉∇ ≀{ {⌉⊣⊔⊓∇⌉∫ ⊑⊣∇⟩⌉⌈ ⟩\ ⊣ ∫⟩⇕⟩↕⊣∇ {⊣∫⟨⟩≀\↙ B† ⊣\⊣↕≀}† ⊒⟩⊔⟨ ⊔⟨⌉ ⌉{{⌉⌋⊔∫ {≀⊓\⌈ ⊒⟩⊔⟨ ⊔⟨⌉ ⊣⌊∫⊔∇⊣⌋⊔∝⌋≀\⌋∇⌉⊔⌉ ⊒≀∇⌈ ∫⌉⊔⇔ ≀\⌉ ⊒≀⊓↕⌈ ⌉§√⌉⌋⊔ ⊔⟨⊣⊔ ⌈⊣⇕⊣}⌉ ⊔≀ ⊔⟨⌉ ⇕⊣⟩\ √⊣∇⊔ ≀{ ⊔⟨⌉ \⌉⊔⊒≀∇‖ ⊒≀⊓↕⌈ ∇⌉∫⊓↕⊔ ⟩\ ⊔⟨⌉ ∫⊣⇕⌉ ∇⊣\‖ ≀∇⌈⌉∇ ≀{ ⌋≀∇∇⌉⌋⊔ √⌉∇{≀∇⇕⊣\⌋⌉⇔ ⊒⟩⊔⟨ \≀⊓\∫ > adjectives > verbs > function words▷ Thus the approach taken in the simulations seems likely to produce the partofspeech effects found in deep dyslexia ↼also see Marin et al▷ 1976↽▷ Associative semantic errors Coltheart ↼1980c↽ argued that two types of semantic errors occur in deep dyslexia. a sharedfeature type and an associative type▷ In the present simulations only the sharedfeature type was formally investigated▷ Comparing Tables 6▷1 and 6▷2 of Coltheart ↼pp▷ 147148 also see the error corpora in Appendix 2 of Coltheart et al▷ 1980↽ this type appears to be the larger group and over half of those held to be associative by Coltheart appear to have visual ↼V↽ or sharedfeature ↼SF↽ characteristics as well▷21In some errors however the associative aspect completely dominates ↼e▷g▷ FREE ⇒ ⊖⌉\⊔⌉∇√∇⟩∫⌉⪰⇔ STAGE ⇒ ⊖⌋≀⊣⌋⟨⪰⇒↙ C≀⊓↕⌈ ⊣ \⌉⊔⊒≀∇‖ √∇≀⌈⊓⌋⌉ ∫⊓⌋⟨ ⌉∇∇≀∇∫⊥ N≀⊔⟩⌋⌉ ⊔⟨⊣⊔ ⊒≀∇⌈∫ ⊒⟩⊔⟨ ⊣\ ⊣∫∫≀⌋⟩⊣⊔⟩⊑⌉ ∇⌉↕⊣⊔⟩≀\∫⟨⟩√ ≀{⊔⌉\ {≀↕↕≀⊒ ≀\⌉ ⊣\≀⊔⟨⌉∇ ⟩\ ∫√≀‖⌉\ ⊣\⌈ ⊒∇⟩⊔⊔⌉\ ↕⊣\}⊓⊣}⌉↙ I\ ⊔⟨⌉ ⌋≀⊓∇∫⌉ ≀{ \≀∇⇕⊣↕ ⊙⊓⌉\⊔ ∇⌉⊣⌈⟩\}⇔ ⊔⟨⌉ ∫†∫⊔⌉⇕ ⇕⊓∫⊔ ∐⊓⟩⌋‖↕† ⇕≀⊑⌉ {∇≀⇕ ⊔⟨⌉ ∇⌉√∇⌉∫⌉\⊔⊣⊔⟩≀\ ≀{ ≀\⌉ ⊒≀∇⌈ ⊔≀ ⊔⟨⌉ \⌉§⊔↙ S⊓√√≀∫⌉ ⊔⟨⊣⊔ ⊔⟨⌉ ∫†∫⊔⌉⇕ ⇕⊓∫⊔ ∫⊔⊣∇⊔ {∇≀⇕ ⊔⟨⌉ ⊣⊔⊔∇⊣⌋⊔≀∇ ≀{ ⊔⟨⌉ ⌋⊓∇∇⌉\⊔ ⊒≀∇⌈⇔ ≀∇ ⊣⊔ ↕⌉⊣∫⊔ ⟩∫ ⌊⟩⊣∫⌉⌈ ⊔≀⊒⊣∇⌈∫ ⟩⊔⇔ ⊒⟨⌉\ ⌊⌉}⟩\\⟩\} ⊔≀ √∇≀⌋⌉∫∫ ⊔⟨⌉ \⌉§⊔ ⊒≀∇⌈↙ F≀∇ ⊒≀∇⌈ √⊣⟩∇∫ ⊔⟨⊣⊔ {∇⌉∐⊓⌉\⊔↕† {≀↕↕≀⊒ ⌉⊣⌋⟨ ≀⊔⟨⌉∇ ⇐⌉↙}↙ WRIST WATCH⇒⇔ ⊔⟨⌉ \⌉⊔⊒≀∇‖ ⊒⟩↕↕ ↕⌉⊣∇\ ⊔≀ ↕≀⊒⌉∇ ⊔⟨⌉ ⌉\⌉∇}† ⌊≀⊓\⌈⊣∇† ⌊⌉⊔⊒⌉⌉\ ⊔⟨⌉ ⊣⊔⊔∇⊣⌋⊔≀∇ ⌊⊣∫⟩\∫ {≀∇ ⊔⟨⌉ ⊔⊒≀ ⊒≀∇⌈∫ ∫≀ ⊔⟨⊣⊔ ⊔⟨⌉ ⊔∇⊣\∫⟩⊔⟩≀\ ⌋⊣\ ⌊⌉ ⊣⌋⌋≀⇕√↕⟩∫⟨⌉⌈ ⇕≀∇⌉ ⌉⊣∫⟩↕† ⇐∫⌉⌉ E↕⇕⊣\⇔ ∞∃∃′⇔ {≀∇ ∇⌉↕⊣⊔⌉⌈ ⌈⟩∫⌋⊓∫∫⟩≀\⇒↙∈∈T⟨⟩∫ ↕≀⊒⌉∇ ⌊≀⊓\⌈⊣∇† ⊒≀⊓↕⌈ ⌊⌉ ⇕≀∇⌉ ⌉⊣∫⟩↕† ⌋≀∇∇⊓√⊔⌉⌈ ≀∇ ↕≀∫⊔ ⊓\⌈⌉∇ ⌈⊣⇕⊣}⌉ ⊔⟨⊣\ ⊔⟨⌉ ⌊≀⊓\⌈⊣∇⟩⌉∫ ⌊⌉⊔⊒⌉⌉\ ⌊⊣∫⟩\∫ {≀∇ ≀⊔⟨⌉∇ ⊒≀∇⌈ √⊣⟩∇∫↙ A∫ ⊣ ∇⌉∫⊓↕⊔⇔ √∇⌉∫⌉\⊔⊣⊔⟩≀\ ≀{ ⊔⟨⌉ ⊘∇∫⊔ ⊒≀∇⌈ ⊒≀⊓↕⌈ ⌊⌉⌋≀⇕⌉ ⇕≀∇⌉ ↕⟩‖⌉↕† ⊔≀ ∫⌉⊔⊔↕⌉ ⟩\⊔≀ ⊔⟨⌉ ⊣⊔⊔∇⊣⌋⊔≀∇ {≀∇ ⊔⟨⌉ ∫⌉⌋≀\⌈ ⊒≀∇⌈⇔ ∇⌉∫⊓↕⊔⟩\} ⟩\ ⊣\ ⊣∫∫≀⌋⟩⊣⊔⟩⊑⌉ ∫⌉⇕⊣\⊔⟩⌋ ⌉∇∇≀∇↙ T⟨⟩∫ ⌉§√↕⊣\⊣⊔⟩≀\ ⊣↕∫≀ √∇⌉⌈⟩⌋⊔∫ ⊔⟨⊣⊔ ⊔⟨⌉ ∇⌉⊑⌉∇∫⌉ ≀∇⌈⌉∇⟩\} ∫⟨≀⊓↕⌈ ⊣↕∫≀ ⌊⌉⌋≀⇕⌉ ⇕≀∇⌉ ↕⟩‖⌉↕† ⊣∫ ⊣\ ⌉∇∇≀∇⇔ ⊒⟨⟩⌋⟨ ⟩∫ {≀⊓\⌈ ⟩\ √⊣⊔⟩⌉\⊔∫ ⇐⌉↙}↙ DIAL ⇒ ⊖∫⊓\⪰ ⊣\⌈ CONE ⇒ ⊖⟩⌋⌉↖⌋∇⌉⊣⇕⪰∅ C≀↕⊔⟨⌉⊣∇⊔⇔ ∞∃∀′⌋⇒↙∈∋O{ ⌋≀⊓∇∫⌉⇔ ⊔⟨⌉∫⌉ ⌉∇∇≀∇∫ ⊒≀⊓↕⌈ ⌊⌉⌋≀⇕⌉ ⌉⊑⌉\ ⇕≀∇⌉ ↕⟩‖⌉↕† ⟩{ ⊔⟨⌉ ⊔⊒≀ ⊒≀∇⌈∫ ∫⟨⊣∇⌉⌈ ⊣\† ⊑⟩∫⊓⊣↕ ≀∇ ∫⌉⇕⊣\⊔⟩⌋ {⌉⊣⊔⊓∇⌉∫↙ ∈∞ANTIQUE ) �vase� (SF), NEXT ) �exit� (V), PALE ) �ale� (V), COMFORT ) �blanket� (SF), IDEAL ) �milk�

(SF), THERMOS ) �ask� (SF), INCOME ) �tax� (SF), MOTOR ) �car� (SF), BRING ) �towards� (SF), POSTAGE ) �stamps� (SF), WEAR ) �clothes� (SF), STY ) �pig� (SF), BLOWING ) �wind� (SF), SHINING ) �sun� (SF), CONE )�ice-cream� (SF).

22Thisexplanationdoesnotimplythatsequences of interpretationsare caused bytemporarilyadjustingthe energy boundaries between them, but only that an effect of learning sequences would be to lower the boundaries between frequenttransitions.

23Bothdirectionsof an associative error need not be equally likelyafter damage, because there can be differences inthepathsthatthenetworkfollowsinstatespace, settlingfromtheinitialpatternforonewordtothe�nalpatternfor theother.

6 GENERAL DISCUSSION 97

Patientswhomake novisual errors A majorcontributionofthecurrentconnectionistapproach to deep dyslexia is the ubiquitous co-occurrence of visual, semantic, mixed visual-and-semantic errors when an attractor network that maps orthography to semantics is lesioned. Thus, possibly the strongest empiricalchallenge to the currentaccount is the existence of threepatients who make semantic and derivational errors in reading, but no purely visual errors (KE, Hillis et al., 1990; RGB and HW, Caramazza &Hillis, 1990). KE made semantic errorsin allotherlexical processing tasks as well (e.g. writing to dictation, spoken and written picture-word matching), suggesting damage within the semantic system. In contrast, RGB and HW made semantic errors only in tasks requiring a spoken response, suggesting damage in the output system after semantics. While a numberofthenetworkarchitecturesweexaminedinSection3producednovisualerrorswithsome types of clean-up damage when the response criteria were used (e.g. 40-60 C⇒S lesions; 80fb

S⇒I lesions), all of the networks produced visual/phonological errors for every lesion location
when an output system was used. The primary motivation for developing an output system was to
obtain an unbiased procedure for generating explicit responses from semantic activity, rather than
to model the human speech production system per se. In fact, there are many ways in which it is
clearly inadequate for the latter purpose (cf. Dell, 1986; 1988; Levelt, 1989). However, we have
considered the pattern of errors produced by lesioning the output network as helping to explain the
existence of an output form of deep dyslexia. Therefore, we can hardly argue that the de↑cits of
RGB and HW, much less KE, are outside the scope of the model.
  As far as patient KE is concerned, the initial report on word reading refers to most errors being
semantic, but remaining errors include phonologically and/or visually related ones. Such errors
only amounted to 1.4% of all non-correct responses in the main experiments reported. However,
these experiments involved the presentation of a considerable number of items (e.g. 14) from each
of a number of categories (4 or 10), with each item presented in a number of different tasks (e.g. 5).
Thus, items in a small set of categories were repeatedly presented. It seems likely that KE would
learn the categories and use this to limit the number of visual responses, as these would tend not
to fall in one of the categories. In any case, the experimental context was clearly different from
the standard one where the deep dyslexic reading pattern is reported. In addition, a considerable
number of mixed errors seem to occur, but this is not analyzed in the paper. In the baseline testing
situation where a word set which contained a variety of types of word was used (the Johns Hopkins
battery), KE is reported as making some errors "phonologically and/or visually related " to the
target.
  There appear to be two very different ways in which the absence of visual/phonological errors in
RGB and HW can be explained. The ↑rst concerns the strategy used by the patient. Deep dyslexic
patients at times produce a circumlocutory response�they describe the meaning of the word rather
than attempting to read it aloud. However, in general, such responses form only a small part of
the deep dyslexic’s output (e.g. GR, DE). In contrast, both RGB and HW produce many responses
which are described as Ψde↑nitions˚ of the words they are trying to read (21% and 28% of all
non-correct responses, respectively). Caramazza & Hillis (1990) report that, in repetition tasks,
RGB produced many circumlocutions, while HW often followed her errors with the comment, ΨI
can’t say what you said but that is the idea.˚ Moreover, HW’s semantic errors in reading or naming
were often followed by a de↑nition, as in her response to a picture of grapes: Ψwine...but that’s not
what it is, it’s what you do with it....˚ As the patients were clearly frequently trying to communicate
that they understood the word, it seems quite plausible that any potential visual/phonological error
(that would not be sense-preserving) would be edited out prior to articulation. After all, it is
convincingly demonstrated that semantic access from the written word was unimpaired in both
patients. Semantic errors, on the other hand, would be more dif↑cult to detect as errors at the
semantic level and could, in fact, serve as an approximation to the meaning for communication
purposes.
  Alternatively, the lack of visual/phonological errors in a few patients may be explained by
individual differences in the effects of qualitatively equivalent lesions in connectionist networks.
The reported simulation results are the sum of a number (typically 20) of random samples of a given
lesion type. In a network, qualitatively and quantitatively equivalent lesions, such as instances of
O⇒I(0.3), have quantitatively different effects depending on the particular connections removed
(also see Patterson et al., 1990). The reported results are means of distributions�the patients who
make no visual/phonological errors may correspond to the tail of one of the distributions.

                                                            24
  Neither of these solutions to the problem posed to our modeling work by the two patients
of Caramazza & Hillis (1990) is completely satisfactory. In our account of deep dyslexia, we
have accepted that the response produced by the patient can be modeled directly by the output of
our network(s), and that the means of the effects of 20 qualitatively and quantitatively equivalent
lesions can model the responses produced by a patient with only one lesion. Our two possible
responses to the patients who make no visual errors imply that at least one of these assumptions can
at best hold only for the large majority of patients. The theory cannot apply in its strongest form
to the results produced by all patients who read by the semantic route as a result of neurological
damage.

Acquired dysgraphia The ↑nal characteristic of deep dyslexia that Coltheart, Patterson and
Marshall (1987) describe is that Ψif a patient makes semantic errors in reading isolated words
aloud he or she will also....have impaired writing and spelling˚ (p. 415) which, they argue, will
involve either a global or a deep dysgraphia. However, the converse relation does not hold; there
are deep dysgraphic patients who are not deep dyslexic (e.g. Bub & Kertesz, 1982; Newcombe &
Marshall, 1984; Howard & Franklin, 1988). The simple presumption that the processing systems
and connections involved in writing are the same as those involved in reading cannot be easily
held; moreover it is not computationally plausible.
  According to the present account, deep dyslexia depends on the co-occurrence of at least two
major types of damage: the ↑rst to the phonological route, and the second (less severe) to the
semantic route. One possible explanation of deep or global dysgraphia without deep dyslexia
is that, in most people, writing is a less well-learned skill than reading, and so would be more
vulnerable to the effects of brain damage. Given this, and the fact that both reading and writing
make use of common semantic and phonological systems, damage that is suf↑cient to produce
deep dyslexia would seem likely to impair writing and spelling as well. On this account, though,
deep dyslexia without deep or global dysgraphia should eventually be observed. Indeed, relatively
recovered pure alexic patients (Coslett & Saffran, 1989) would seem to ↑t this pattern (also see the
patients of Beringer & Stein, 1930, and Faust, 1955, discussed by Marshall & Newcombe, 1980).
 24The chance rate of visual errors compared to semantic errors is much higher in the main simulations than it is in
analyses of patient data. These simulations are therefore more sensitive to the presence of a low rate of visual errors
than are the reported empirical observations.

Visual vs. phonological errors It has frequently been suggested that some deep dyslexic patients
have an impairment in accessing phonological lexical representations from semantics (e.g. Friedman
& Perlman, 1982; Patterson, 1978; Shallice & Warrington, 1980). There are three main lines of
evidence that lead to this conclusion. First, certain patients (e.g. PW and DE; Patterson, 1978)
frequently select the presented word when offered a choice between it and their semantic error,
implying that they know the presented word. Second, in auditory-visual matching these patients
again usually select the presented word rather than their visual error. Third, certain patients perform
as well on visual word-picture matching as for auditory word-picture matching, and perform both
at close to normal levels (e.g. VS, Saffran & Marin, 1977; PW, Patterson, 1979), although others
are much worse with visual than with auditory presentation of words (e.g. PS, Shallice & Coughlan,
1980; KF, Shallice & Warrington, 1980).
  Our simulations present a potential problem for this argument. The output network develops
strong phonological attractors in the same way that the input network develops strong semantic
attractors. Thus, for the same reason that damage to the input network produces visual and semantic
errors, damage to the output network would be expected to produce semantic and phonological
errors. This prediction stands in contrast with the inclusion of visual errors per se as a symptom of
deep dyslexia.
  The word sets used in the current simulations were not designed to differentiate phonological
from visual errors. Yet pure phonological errors (e.g. HAWK ⇒ ⊖⊔≀∇⪰ ⊒⟩⊔⟨ B∇⟩⊔⟩∫⟨ √∇≀\⊓\⌋⟩⊣⊔⟩≀\∫⇒

⌋⌉∇⊔⊣⟩\↕† ≀⌋⌋⊓∇ ⊒⟨⌉\ ⊔⟨⌉ ≀⊓⊔√⊓⊔ √⊣⊔⟨⊒⊣†∫ ⊣∇⌉ ↕⌉∫⟩≀\⌉⌈↙ W⟨⌉⊔⟨⌉∇ √⟨≀\≀↕≀}⟩⌋⊣↕ ⌉∇∇≀∇∫ ≀⌋⌋⊓∇ ⟩\ ⌈⌉⌉√ ⌈†∫↕⌉§⟩⊣ ⟨⊣∫ \⌉⊑⌉∇ ⊔≀ ≀⊓∇ ‖\≀⊒↕⌉⌈}⌉ ⌊⌉⌉\ ⌉⇕√⟩∇⟩⌋⊣↕↕† ⟩\⊑⌉∫⊔⟩}⊣⊔⌉⌈⇔ ⊣↕⊔⟨≀⊓}⟨ G≀↕⌈⌊↕⊓⇕ ⇐∞∃∀▽⇒ ∫⊓}}⌉∫⊔∫ ⊔⟨⊣⊔ ⊔⟨⌉ ∫≀↖⌋⊣↕↕⌉⌈ ⊑⟩∫⊓⊣↕ ⌉∇∇≀∇∫ ⊣∇⌉ ⊣⌋⊔⊓⊣↕↕† √⟨≀\≀↕≀}⟩⌋⊣↕↙ H≀⊒⌉⊑⌉∇⇔ ⟩\∫√⌉⌋⊔⟩≀\ ≀{ ⊔⟨⌉ ⌉∇∇≀∇ ⌋≀∇√≀∇⊣ {≀∇ ⊣ \⊓⇕⌊⌉∇ ≀{ √⊣⊔⟩⌉\⊔∫ ⇐C≀↕⊔⟨⌉⊣∇⊔ ⌉⊔ ⊣↕↙⇔ ∞∃∀′⇔ A√√⌉\⌈⟩§ ∈⇒ ⌈≀ \≀⊔ ∫⊓√√≀∇⊔ ⊔⟨⟩∫ ⟩\⊔⌉∇√∇⌉⊔⊣⊔⟩≀\↙ I{ ≀\⌉ ⊔⊣‖⌉∫ PW⇔ {≀∇ ⌉§⊣⇕√↕⌉⇔ ⇕⊣\† ⌉∇∇≀∇∫ ⊣∇⌉ ⇕≀∇⌉ ⌉⊣∫⟩↕† ⌉§√↕⊣⟩\⌉⌈ ⊣∫ ⊣ ⊑⟩∫⊓⊣↕ ⌉∇∇≀∇ ⇐⌉↙}↙ ORATE ⇒ ⊖≀⊑⌉∇⪰⇔ CAMPAIGN ⇒ ⊖⌋⊣⇕√⟩\}⪰⇒ ⌊⊓⊔ ≀\↕† ≀\⌉ ⟩∫ ⌉⊣∫⟩⌉∇ ⊔≀ ⌉§√↕⊣⟩\ ⊣∫ ⊣ √⟨≀\≀↕≀}⟩⌋⊣↕ ⌉∇∇≀∇ ⇐GRIEF ⇒ ⊖}∇⌉⌉⌈⪰⇒↙ A⊔⊔⌉⇕√⊔∫ ⊔≀ ∫⟩⇕⊓↕⊣⊔⌉ ⊔⟨⌉ ⊔⟨∇⌉⌉ ⌉⇕√⟩∇⟩⌋⊣↕ √⟨⌉\≀⇕⌉\⊣ ⊔⟨⊣⊔ ∫⊓}}⌉∫⊔ ⊣\ ≀⊓⊔√⊓⊔ ↕⌉∫⟩≀\ ⇕⟩}⟨⊔ ∇⌉⊑⌉⊣↕ ⊔⟨⊣⊔ ⊔⟨⌉† ⊣∇⌉ ⌋≀⇕√⊣⊔⟩⌊↕⌉ ⊒⟩⊔⟨ ⊣\ ⟩\√⊓⊔ ↕⌉∫⟩≀\⇔ ≀∇ ⇕≀∇⌉ √⊣∇⊔⟩⌋⊓↕⊣∇↕† ⊣ ↕⌉∫⟩≀\ ⊔≀ ⊔⟨⌉ ∫⌉⇕⊣\⊔⟩⌋ ∫†∫⊔⌉⇕ ⟩⊔∫⌉↕{↙ I\ ⊣\† ⌋⊣∫⌉⇔ ⊔⟨⌉ ⊣∇⌉⊣ ∇⌉∐⊓⟩∇⌉∫ {⊓∇⊔⟨⌉∇ ⌉⇕√⟩∇⟩⌋⊣↕ ∫⊔⊓⌈† ⊣\⌈ ∫⟩⇕⊓↕⊣⊔⟩≀\∫↙ ↙̸∋ T⟨⌉≀∇⌉⊔⟩⌋⊣↕ ⟩∫∫⊓⌉∫ T⟨⌉ ⌋≀\\⌉⌋⊔⟩≀\⟩∫⊔ ⊣⌋⌋≀⊓\⊔ ≀{ ⌈⌉⌉√ ⌈†∫↕⌉§⟩⊣ ⊔⟨⊣⊔ ⊒⌉ ⟨⊣⊑⌉ ⌈⌉⊑⌉↕≀√⌉⌈ {∇≀⇕ ⊔⟨⌉ √≀∫⟩⊔⟩≀\ ⊣⌈⊑≀⌋⊣⊔⌉⌈ ⌊† H⟩\⊔≀\ ↘ S⟨⊣↕↕⟩⌋⌉ ⇐∞∃∃∞⇒ ⟩∫ ⌊⊣∫⌉⌈ ⊓√≀\ {≀⊓∇ ⊣∫∫⊓⇕√⊔⟩≀\∫⇔ ↕⟩∫⊔⌉⌈ ⟩\ S⌉⌋⊔⟩≀\ ↙̸∞↙∈ ⊣⌊≀⊑⌉⇔ ⊣⌊≀⊓⊔ ⊔⟨⌉ √∇≀⌋⌉∫∫ ≀{ ⇕⊣√√⟩\} ≀∇⊔⟨≀}∇⊣√⟨† ⊔≀ ∫⌉⇕⊣\⊔⟩⌋∫↙ T⟨⌉ ⊘∇∫⊔ ⊔⊒≀ ≀{ ⊔⟨⌉∫⌉ ⊣∇⌉ ∫⊔⊣\⌈⊣∇⌈ ⊣∫∫⊓⇕√⊔⟩≀\∫ ⊒⟩⊔⟨⟩\ ⌋≀\\⌉⌋⊔⟩≀\⟩∫⊔ ⇕≀⌈⌉↕⟩\}↙ A\≀⊔⟨⌉∇⇔ ≀\ ⊔⟨⌉ ⌈⟩{{⌉∇⌉\⌋⌉ ⌊⌉⊔⊒⌉⌉\ ∇⌉√∇⌉∫⌉\⊔⊣⊔⟩≀\∫ ≀{ ⊣⌊∫⊔∇⊣⌋⊔ ⊣\⌈ ⌋≀\⌋∇⌉⊔⌉ ⊒≀∇⌈∫⇔ ⟩∫ ⌈⌉∇⟩⊑⌉⌈ {∇≀⇕ ⌉⊣∇↕⟩⌉∇ ⊔⟨⌉≀∇⟩‡⟩\}↙ O\↕† ⊔⟨⌉ ⊔⟨⟩∇⌈⇔ ⌋≀\⌋⌉∇\⟩\} ⊣⊔⊔∇⊣⌋⊔≀∇∫⇔ ⟩∫ ⊣⊔ ⊣↕↕ ≀∇⟩}⟩\⊣↕ ⊔≀ ⊔⟨⌉ √∇⌉∫⌉\⊔ ⊣√√∇≀⊣⌋⟨↙ I\ ⊣⌈⌈⟩⊔⟩≀\ ⊔≀ ⊔⟨⌉∫⌉ {≀⊓∇ ⊣∫∫⊓⇕√⊔⟩≀\∫⇔ ⊔⊒≀ ⇕≀∇⌉ ⊣∇⌉ \⌉⌋⌉∫∫⊣∇† ⊔≀ ⊣⌋⌋≀⊓\⊔ {≀∇ ⊣⌈⌈⟩⊔⟩≀\⊣↕ ⌋⟨⊣∇⊣⌋⊔⌉∇⟩∫⊔⟩⌋∫ ≀{ ⌈⌉⌉√ ⌈†∫↕⌉§⟩⊣↙ T⟨⌉ ⊘∇∫⊔�⊔⟨⊣⊔ ⊔⟨⌉ ⇕⊣√√⟩\} {∇≀⇕ ≀∇⊔⟨≀}∇⊣√⟨† ⊔≀ ∫⌉⇕⊣\⊔⟩⌋∫ ⟩∫ ⟩∫≀↕⊣⊔⌉⌈ {∇≀⇕ √⟨≀\≀↕≀}⟩⌋⊣↕ ⟩\⊙⊓⌉\⌋⌉∫�⟩∫ ∫⊔⊣\⌈⊣∇⌈ ⟩\ ⊣⌋⌋≀⊓\⊔∫ ≀{ ⌈⌉⌉√ ⌈†∫↕⌉§⟩⊣ ⇐∫⌉⌉ C≀↕⊔⟨⌉⊣∇⊔ ⌉⊔ ⊣↕↙⇔ ∞∃∀′⇒↙ T⟨⌉ ∫⌉⌋≀\⌈�⊔⟨⊣⊔ ⊔⟨⌉ √⊣⊔⟨⊒⊣† {∇≀⇕ ≀∇⊔⟨≀}∇⊣√⟨† ⊔≀ ∫⌉⇕⊣\⊔⟩⌋∫ ⟩∫ ⊣↕∫≀ ⊣{{⌉⌋⊔⌉⌈ ⌊† ⊣ ↕⌉∫⟩≀\�⟩∫ ⊒⟩⌈⌉↕† ⌊⊓⊔ \≀⊔ ⊓\⟩⊑⌉∇∫⊣↕↕† ⟨⌉↕⌈ ⇐∫⌉⌉ S⟨⊣↕↕⟩⌋⌉⇔ ∞∃∀∀⇔ {≀∇ ⌈⟩∫⌋⊓∫∫⟩≀\⇒↙ I{ ≀\⌉ ⊔⊣‖⌉∫ ⊔⟨⌉ \⟩\⌉ ⌋⟨⊣∇⊣⌋⊔⌉∇⟩∫⊔⟩⌋∫ ⟨⌉↕⌈ ⊔≀ ⊣√√↕† ⊔≀ ⌈⌉⌉√ ⌈†∫↕⌉§⟩⊣ ⌊† C≀↕⊔⟨⌉⊣∇⊔⇔ P⊣⊔⊔⌉∇∫≀\ ⊣\⌈ M⊣∇∫⟨⊣↕↕ ⇐∞∃∀⇒⇔ ⊔⟨∇⌉⌉ ⊣∇⌉ ⌈⟩∇⌉⌋⊔↕† ⌉§√↕⊣⟩\⌉⌈ ⟩\ ⊣ √∇⟩\⌋⟩√↕⌉⌈ {⊣∫⟨⟩≀\ ≀\ ⊔⟨⌉ √∇⌉∫⌉\⊔ ⊣⌋⌋≀⊓\⊔ ⇐∫⌉⇕⊣\⊔⟩⌋

̸GENERAL DISCUSSION ∞′′ ⌉∇∇≀∇∫⇔ ⊑⟩∫⊓⊣↕ ⌉∇∇≀∇∫⇔ ⌋≀\⌋∇⌉⊔⌉ ⊒≀∇⌈ ∫⊓√⌉∇⟩≀∇⟩⊔†⇒↙ T⟨∇⌉⌉ ⇕≀∇⌉ ⇐⌈⌉∇⟩⊑⊣⊔⟩≀\⊣↕∝⇕≀∇√⟨≀↕≀}⟩⌋⊣↕ ⌉∇∇≀∇∫⇔ ⊔⟨⌉ √⊣∇⊔↖≀{↖∫√⌉⌉⌋⟨ ⌉{{⌉⌋⊔∫⇔ ⊣\⌈ {⊓\⌋⊔⟩≀\ ⊒≀∇⌈ ∫⊓⌊∫⊔⟩⊔⊓⊔⟩≀\∫⇒ {≀↕↕≀⊒ ⟩\ ⊣ ∫⊔∇⊣⟩}⟨⊔{≀∇⊒⊣∇⌈ {⊣∫⟨⟩≀\ {∇≀⇕ ⊔⟨⌉ ∫⟩⇕⊓↕⊣⊔⟩≀\∫⇔ ⌉⊑⌉\ ⊔⟨≀⊓}⟨ ⊔⟨⌉† ⟨⊣⊑⌉ †⌉⊔ ⊔≀ ⌊⌉ ⟩⇕√↕⌉⇕⌉\⊔⌉⌈↙ A\ ⊣⌈⌈⟩⊔⟩≀\⊣↕ ⊔⊒≀ ⊣∇⌉ ⊣\ ⟩⇕⇕⌉⌈⟩⊣⊔⌉ ⌋≀\∫⌉∐⊓⌉\⌋⌉ ≀{ ≀\⌉ ∫⊔⊣\⌈⊣∇⌈ ⊣∫∫⊓⇕√⊔⟩≀\⇔ ⊔⟨⊣⊔ ≀{ ⊔⟨⌉ ⊣⌊∫⌉\⌋⌉ ≀{ √⟨≀\≀↕≀}⟩⌋⊣↕ √∇≀⌋⌉∫∫⟩\}↙ O\↕† ≀\⌉�⊔⟨⌉ ∇⌉↕⊣⊔⟩≀\ ⌊⌉⊔⊒⌉⌉\ ∇⌉⊣⌈⟩\} ⊣\⌈ ⊒∇⟩⊔⟩\}�⟩∫ ⊣⊔ ⊣↕↕ √∇≀⌊↕⌉⇕⊣⊔⟩⌋↙ I\ ⊣⌈⌈⟩⊔⟩≀\⇔ ⊔⟨⌉ ∫⟩⇕⊓↕⊣⊔⟩≀\∫ ≀{{⌉∇ √∇⟩\⌋⟩√↕⌉⌈ ⊣⌋⌋≀⊓\⊔∫ ≀{ ⊘⊑⌉ ≀⊔⟨⌉∇ √⟨⌉\≀⇕⌉\⊣ ⊒⟨⟩⌋⟨ ⟨⊣⊑⌉ ⌊⌉⌉\ ⊒⟩⌈⌉↕† ⟩\⊑⌉∫⊔⟩}⊣⊔⌉⌈ ⌉⇕√⟩∇⟩⌋⊣↕↕†¬ ∇⌉↕⊣⊔⟩⊑⌉↕† ⟨⟩}⟨ ∇⊣⊔⌉∫ ≀{ ⇕⟩§⌉⌈ ⊑⟩∫⊓⊣↕↖⊣\⌈↖∫⌉⇕⊣\⊔⟩⌋ ⌉∇∇≀∇∫⇔ ⊔⟨⌉ ⟩\⊔⌉∇⊣⌋⊔⟩≀\ ≀{ ∫⌉⇕⊣\⊔⟩⌋ {⊣⌋⊔≀∇∫ ⟩\ ⊔⟨⌉ }⌉\⌉∫⟩∫ ≀{ ⊑⟩∫⊓⊣↕ ⌉∇∇≀∇∫⇔ ⌋≀\⊘⌈⌉\⌋⌉ ⟩\ ⌉∇∇≀∇ ⊔†√⌉∫⇔ ↕⌉§⟩⌋⊣↕ ⌈⌉⌋⟩∫⟩≀\⇔ ⊣\⌈ ⇕≀∫⊔ ∫⊓∇√∇⟩∫⟩\}↕† ≀{ ⊣↕↕⇔ ⊔⟨⌉ ⊑⟩∫⊓⊣↕↖⊔⟨⌉\↖∫⌉⇕⊣\⊔⟩⌋ ⌉∇∇≀∇∫↙ H≀⊒⌉⊑⌉∇⇔ ⊣∫ ⌈⟩∫⌋⊓∫∫⌉⌈ ⟩\ ⊔⟨⌉ √∇⌉⌋⌉⌈⟩\} ∫⌉⌋⊔⟩≀\⇔ ⊔⟨⌉∇⌉ ⊣∇⌉ ⊣ \⊓⇕⌊⌉∇ ≀{ ≀⊔⟨⌉∇ ↕⌉∫∫ ⌋⌉\⊔∇⊣↕ ⊣∫√⌉⌋⊔∫ ≀{ ⊔⟨⌉ ⌈⟩∫≀∇⌈⌉∇ ⊒⟨⟩⌋⟨ ⊣∇⌉ \≀⊔ †⌉⊔ ⊒⌉↕↕ ⊣⌋⌋≀⇕⇕≀⌈⊣⊔⌉⌈ ⊒⟩⊔⟨⟩\ ⊔⟨⌉ ⊣√√∇≀⊣⌋⟨↙ O⊓∇ ⊣⌋⌋≀⊓\⊔ ⌈⟩{{⌉∇∫ {∇≀⇕ ≀⊔⟨⌉∇∫ √∇≀⊑⟩⌈⌉⌈ {≀∇ ⌈⌉⌉√ ⌈†∫↕⌉§⟩⊣�⊣\⌈ ⊒⟩⊔⟨ {⌉⊒ ⌉§⌋⌉√⊔⟩≀\∫ ⇐⌉↙}↙ M⟩⌋⌉↕⟩ ↘ C⊣∇⊣⇕⊣‡‡⊣⇔ ∞∃∃′∅ M≀‡⌉∇ ↘ B⌉⟨∇⇕⊣\\⇔ ∞∃∃′⇒⇔ {≀∇ ⌋≀}\⟩⊔⟩⊑⌉ \⌉⊓∇≀√∫†⌋⟨≀↕≀}† ⊣∫ ⊣ ⊒⟨≀↕⌉�⟩\ √∇≀⊑⟩⌈⟩\} ⊒⟨⊣⊔ ⊒⌉ ⟨⊣⊑⌉ ⌋⊣↕↕⌉⌈ ⊣ ⊖√∇⟩\⌋⟩√↕⌉⌈ ⊣⌋⌋≀⊓\⊔↙⪰ B† ⊔⟨⟩∫⇔ ⊒⌉ ⇕⌉⊣\ ⊔⟨⊣⊔ ⇐∞⇒ ⇕⊣\† ⊣∫√⌉⌋⊔∫ ≀{ ⊔⟨⌉ ∫†\⌈∇≀⇕⌉ ⊣∇⌉ ⌉§√↕⊣⟩\⌉⌈ {∇≀⇕ ⊣ ⌋≀⇕⇕≀\ ∫⌉⊔ ≀{ ⌊⊣∫⟩⌋ ⊣∫∫⊓⇕√⊔⟩≀\∫⇔ ∇⊣⊔⟨⌉∇ ⊔⟨⊣\ ∇⌉∐⊓⟩∇⟩\} ∫√⌉⌋⟩⊘⌋ ⌉§⊔∇⊣ ⊣∫∫⊓⇕√⊔⟩≀\∫ {≀∇ ⌉⊣⌋⟨ ⊣∫√⌉⌋⊔∅ ⊣\⌈ ⇐∈⇒ ⊔⟨⌉ ⌉§√↕⊣\⊣⊔⟩≀\∫ ⊣∇⌉ ⌈⌉∇⟩⊑⌉⌈ {∇≀⇕ ⊔⟨⌉ ⊣∫∫⊓⇕√⊔⟩≀\∫ ⌋≀⇕√⊓⊔⊣⊔⟩≀\⊣↕↕† ∇⊣⊔⟨⌉∇ ⊔⟨⊣\ ⟩\⊔⊓⟩⊔⟩⊑⌉↕†↙ C≀\∫⟩⌈⌉∇⇔ ⊣∫ ⊣\ ⌉§⊣⇕√↕⌉⇔ ⊔⟨⌉ ∫⟨⊣∇⌉⌈↖{⌉⊣⊔⊓∇⌉ ∫⌉⇕⊣\⊔⟩⌋ ⌉∇∇≀∇ ⟩⊔∫⌉↕{↙ V⊣∇⟩≀⊓∫ ⊔⟨⌉≀∇⌉⊔⟩⌋⊣↕ ⊣⌋⌋≀⊓\⊔∫ ⟨⊣⊑⌉ ⌊⌉⌉\ }⟩⊑⌉\ ⊣∫ ⊔≀ ⊒⟨† ∫⊓⌋⟨ ⌉∇∇≀∇∫ ∫⟨≀⊓↕⌈ ≀⌋⌋⊓∇↙ C≀↕⊔⟨⌉⊣∇⊔ ⇐∞∃∀′⌋⇒⇔ ⟩\ ⟨⟩∫ ∇⌉⊑⟩⌉⊒ ≀{ ⊔⟨⌉ √⟨⌉\≀⇕⌉\≀\⇔ ⌋≀\∫⟩⌈⌉∇∫ ⊔⊒≀ ⊔⟨⌉≀∇⟩⌉∫⇔ ⌊⊓⊔ ∇⌉|⌉⌋⊔∫ ≀\⌉�⊔⟨⌉ ⟩⇕⊣}⌉∇† ⌉§√↕⊣\⊣⊔⟩≀\�⊣∫ ⌊⌉⟩\} ⌉⇕√⟩∇⟩⌋⊣↕↕† ⇕⊓⌋⟨ ⟩\{⌉∇⟩≀∇ ⊔≀ ⊔⟨⌉ ≀⊔⟨⌉∇↙ T⟨⌉ ∫⌉⌋≀\⌈ ≀\⌉� ⊔⟨⌉ M⊣∇∫⟨⊣↕↕ ↘ N⌉⊒⌋≀⇕⌊⌉ ⇐∞∄⇒ ⊣⌋⌋≀⊓\⊔�⊔⊣‖⌉∫ ⊣ √≀∫⟩⊔⟩≀\ ⌈⌉∇⟩⊑⌉⌈ {∇≀⇕ K⊣⊔‡ ↘ F≀⌈≀∇ ⇐∞∃∌⇒ ⟩\ ⊣∇}⊓⟩\} ⊔⟨⊣⊔ ⊔⟨⌉ √⊣⊔⟩⌉\⊔ ↕⊣⌋‖∫ ⊔⟨⌉ ⊣⌊⟩↕⟩⊔† ⊔≀ ⌈⌉∫⌋⌉\⌈ ⊣ ⟨⟩⌉∇⊣∇⌋⟨⟩⌋⊣↕↕† ≀∇}⊣\⟩‡⌉⌈ ∫⌉⇕⊣\⊔⟩⌋ ⊔∇⌉⌉ ⊔≀ ⊔⟨⌉ ⊣√√∇≀√∇⟩⊣⊔⌉ ⊔⌉∇⇕⟩\⊣↕ ↕⌉⊣{ ⊒⟨⌉\ ⌈⌉∇⟩⊑⟩\} ⊣ √⟨≀\≀↕≀}⟩⌋⊣↕ {≀∇⇕ {∇≀⇕ ⊣ ∫⌉⇕⊣\⊔⟩⌋ ∇⌉√∇⌉∫⌉\⊔⊣⊔⟩≀\↙ Y⌉⊔⇔ ⊣∫ C≀↕⊔⟨⌉⊣∇⊔ √≀⟩\⊔∫ ≀⊓⊔⇔ ⊔⟨⟩∫ ⊣⌋⌋≀⊓\⊔ ⊒≀⊓↕⌈ \≀⊔ ⌉§√↕⊣⟩\ ⊔⟨⌉ ∫⊔⊣\⌈⊣∇⌈ \≀\↖∫†\≀\†⇕≀⊓∫ ⌋≀↖≀∇⌈⟩\⊣⊔⌉ ⌉∇∇≀∇∫ ⇐⌉↙}↙ NIECE ⇒ ⊖⊣⊓\⊔⪰⇒↙ H⌉ ∫⊓}}⌉∫⊔∫ ⊖≀\⌉ \⌉⌉⌈∫ ⊔≀ ∫⊓√√≀∫⌉ ⊔⟨⊣⊔ ⊒⟨⌉\ ⊣ ⌈⌉⊔⌉∇⇕⟩\⌉∇ ⟩∫ ↕≀∫⊔⇔ ∫≀⇕⌉⊔⟩⇕⌉∫ ⟩⊔ ↕⌉⊣⊑⌉∫ ∫≀⇕⌉ ⊔∇⊣⌋⌉¬ ⊔⟨⌉ √⊣⊔⟩⌉\⊔ ‖\≀⊒∫ ⊔⟨⊣⊔ ⊣ ⌈⌉⊔⌉∇⇕⟩\⌉∇ ⟩∫ ↕≀∫⊔⇔ ∫≀ ∫⊓√√↕⟩⌉∫ ≀\⌉⇔ ⊒⟩⊔⟨≀⊓⊔ ⟨⊣⊑⟩\} ⊣\† ⊒⊣† ≀{ ∫⌉↕⌉⌋⊔⟩\} ⊔⟨⌉ ⌋≀∇∇⌉⌋⊔ ⌈⌉⊔⌉∇⇕⟩\⌉∇⪰ ⇐√↙ ∞▽∋⇒↙ W⟨⟩↕⌉ C≀↕⊔⟨⌉⊣∇⊔ √∇≀⊑⟩⌈⌉∫ ∫≀⇕⌉ ↕⟩⇕⟩⊔⌉⌈ ⌉⇕√⟩∇⟩⌋⊣↕ ⊣∇}⊓⇕⌉\⊔∫ ⟩\ {⊣⊑≀∇ ≀{ ⊔⟨⟩∫ ⊣⇕⌉\⌈⌉⌈ M⊣∇∫⟨⊣↕↕ ↘ N⌉⊒⌋≀⇕⌊⌉ √≀∫⟩⊔⟩≀\⇔ ⟨⟩∫ ⊣⇕⌉\⌈⇕⌉\⊔ ⟩∫ \≀⊔ ⌈⌉∇⟩⊑⌉⌈ {∇≀⇕ ⊣\† ⌈⌉⌉√⌉∇ ⊣∫∫⊓⇕√⊔⟩≀\∫ ⊣\⌈ ⟩∫ \≀⊔ ⊓∫⌉⌈ ⟩\ ⊔⟨⌉ ⌉§√↕⊣\⊣⊔⟩≀\ ≀{ ⊣\† ≀⊔⟨⌉∇ √⟨⌉\≀⇕⌉\≀\↙ I⊔ ∇⌉⇕⊣⟩\∫⇔ ⊔⟨⌉∇⌉{≀∇⌉⇔ ⊔⟨⌉≀∇⌉⊔⟩⌋⊣↕↕† ⊣⌈ ⟨≀⌋↙ T⟨⌉ ⊣⌋⌋≀⊓\⊔ }⟩⊑⌉\ ⌊† S⟨⊣↕↕⟩⌋⌉ ↘ W⊣∇∇⟩\}⊔≀\ ⇐∞∃∀′⇒ ∫⊓{{⌉∇∫ {∇≀⇕ ∫⟩⇕⟩↕⊣∇ √∇≀⌊↕⌉⇕∫ ⊔≀ ⊔⟨⊣⊔ ≀{ M⊣∇∫⟨⊣↕↕ ↘ N⌉⊒⌋≀⇕⌊⌉ ⇐∞∄⇒⇔ ⊣\⌈ ⊔⟨⊣⊔ ≀{ M≀∇⊔≀\ ↘ P⊣⊔⊔⌉∇∫≀\ ⇐∞∃∀′⇒ ⟩\⊔∇≀⌈⊓⌋⌉∫ ∫√⌉⌋⟩⊘⌋ ⊣⌈ ⟨≀⌋ ⊣∫∫⊓⇕√⊔⟩≀\∫↙ B† ⌋≀\⊔∇⊣∫⊔⇔ ≀\ ⊔⟨⌉ √∇⌉∫⌉\⊔ ⊣⌋⌋≀⊓\⊔ ⊔⟨⌉ ⌉§⟩∫⊔⌉\⌋⌉ ≀{ ∫⌉⇕⊣\⊔⟩⌋ ⌉∇∇≀∇∫ ⌉∫∫⌉\⊔⟩⊣↕↕† ⌈⌉∇⟩⊑⌉∫ {∇≀⇕ ⊔⟨⌉ ⊣∫∫⊓⇕√⊔⟩≀\ ≀{ ⊣⊔⊔∇⊣⌋⊔≀∇∫⇔ ⊒⟨⟩⌋⟨ ⟩∫ ⊣↕∫≀ ⊓∫⌉⌈ ⟩\ ⌉§√↕⊣⟩\⟩\} ⇕⊣\† ≀⊔⟨⌉∇ ⊣∫√⌉⌋⊔∫ ≀{ ⊔⟨⌉ ∫†\⌈∇≀⇕⌉↙ ↙̸∋↙∞ T⟨⌉ ∇⟩}⟨⊔ ⟨⌉⇕⟩∫√⟨⌉∇⌉ ⊔⟨⌉≀∇† T⊒≀ ≀⊔⟨⌉∇ ⇕⊣⟩\ ⌋↕⊣∫∫⌉∫ ≀{ ⊔⟨⌉≀∇† ⟨⊣⊑⌉ ⌊⌉⌉\ √⊓⊔ {≀∇⊒⊣∇⌈ ⊔≀ ⊣⌋⌋≀⊓\⊔ {≀∇ ⌈⌉⌉√ ⌈†∫↕⌉§⟩⊣¬ ⊔⟨⌉ ⇕⊓↕⊔⟩√↕⌉ {⊓\⌋⊔⟩≀\⊣↕ ⟩⇕√⊣⟩∇⇕⌉\⊔∫ √≀∫⟩⊔⟩≀\ ⇐⌉↙}↙ M≀∇⊔≀\ ↘ P⊣⊔⊔⌉∇∫≀\⇔ ∞∃∀′∅ S⟨⊣↕↕⟩⌋⌉ ↘ W⊣∇∇⟩\}⊔≀\⇔ ∞∃∀′⇒ ⊣\⌈ ⊔⟨⌉ ∇⟩}⟨⊔ ⟨⌉⇕⟩∫√⟨⌉∇⌉ ⊔⟨⌉≀∇† ⇐⌉↙}↙ C≀↕⊔⟨⌉⊣∇⊔⇔ ∞∃∀′⌊∅ ∞∃∀∋∅ S⊣{{∇⊣\ ⌉⊔ ⊣↕↙⇔ ∞∃∀′∅ Z⊣⟩⌈⌉↕ ↘ P⌉⊔⌉∇∫⇔ ∞∃∀∞⇒↙ T⟨⌉ ⌋⊓∇∇⌉\⊔ ⊣⌋⌋≀⊓\⊔ ⊣⌋⌋≀⊓\⊔ ⊣⌈≀√⊔∫ ⊔⟨⌉ ⊖∫⊓⌊⊔∇⊣⌋⊔⟩≀\⪰ ⊣∫∫⊓⇕√⊔⟩≀\∫ ⊔⊣‖⌉\ ⌊† ⊔⟨⌉ ⇕⊓↕⊔⟩√↕⌉ {⊓\⌋⊔⟩≀\⊣↕ ⟩⇕√⊣⟩∇⇕⌉\⊔ ⊔⟨⌉≀∇⟩⌉∫⇔ ⊒⟨⌉∇⌉⌊† ⟩⇕√⊣⟩∇⌉⌈ ⌊⌉⟨⊣⊑⟩≀∇ ⟩∫ ⌉§√↕⊣⟩\⌉⌈ ⌊† ⊔⟨⌉ ⌈⊣⇕⊣}⌉⌈ ≀√⌉∇⊣⊔⟩≀\ ≀{ ⊔⟨⌉ ∫⊣⇕⌉ ⇕⌉⌋⟨⊣\⟩∫⇕ ⊔⟨⊣⊔ ∫⊓⌊∫⌉∇⊑⌉∫ \≀∇⇕⊣↕ ⌊⌉⟨⊣⊑⟩≀∇↙ I\ ⊣ ∫⌉\∫⌉ ≀⊓∇ ⊣⌋⌋≀⊓\⊔ ⟩∫ ⊣ ∫√⌉⌋⟩⊘⌋ ⊑⌉∇∫⟩≀\ ≀{ ⊔⟨⟩∫ ⌋↕⊣∫∫ ≀{ ⊔⟨⌉≀∇†↙ H≀⊒⌉⊑⌉∇⇔ ⊣∫ ⌈⟩∫⌋⊓∫∫⌉⌈ ⟩\ ⊔⟨⌉ I\⊔∇≀⌈⊓⌋⊔⟩≀\⇔ ⇕⊓↕⊔⟩√↕⌉ {⊓\⌋⊔⟩≀\⊣↕ ⟩⇕√⊣⟩∇⇕⌉\⊔ ⊔⟨⌉≀∇⟩⌉∫ ⟨⊣⊑⌉ √∇≀⌊↕⌉⇕∫ ⟩\ ↕⟩⇕⟩⊔⟩\} ⊔⟨⌉ \⊓⇕⌊⌉∇ ≀{ √≀∫⊔⊓↕⊣⊔⌉⌈ ⟩⇕√⊣⟩∇⇕⌉\⊔∫⇔ ⊣\⌈ ⊔⟨⌉ ↕≀⌋⊓∫ ≀{ ⌈⊣⇕⊣}⌉ ⊔⟨⊣⊔ ⌉§√↕⊣⟩\∫ ≀\⌉ ∫†⇕√⊔≀⇕ ≀{⊔⌉\ ⌈⟩{{⌉∇∫ {∇≀⇕ ⊔⟨⊣⊔ ⊣∫∫⊓⇕⌉⌈ {≀∇ ⊣\≀⊔⟨⌉∇↙ T⟨⌉ √∇⌉∫⌉\⊔ ⊑⌉∇∫⟩≀\ ⟨⊣∫

̸GENERAL DISCUSSION ∞′∞ ⊔⊒≀ ⊣⌈⊑⊣\⊔⊣}⌉∫ ⟩\ ⊣⌈⌈⟩⊔⟩≀\ ⊔≀ ⊔⟨⌉ √∇⟩\⌋⟩√↕⌉⌈ \⊣⊔⊓∇⌉ ≀{ ⟩⊔∫ √∇⌉⌈⟩⌋⊔⟩≀\∫¬ ⟩⊔ ⌋⊣\ ⌉§√↕⊣⟩\ ⊣ ⊒⟩⌈⌉ ∇⊣\}⌉ ≀{ ∫†⇕√⊔≀⇕∫ ⊣∫∫⊓⇕⟩\} ⊔⟨⊣⊔ ⊔⟨⌉ ⟩∫≀↕⊣⊔⌉⌈ ∫⌉⇕⊣\⊔⟩⌋ ∇≀⊓⊔⌉ ⟩∫ ∫⊓⌊|⌉⌋⊔ ⊔≀ ≀\↕† ≀\⌉ ↕≀⌋⊓∫ ≀{ ↕⌉∫⟩≀\⇔ ⊣\⌈ ⌋⊣\ ⊣↕∫≀ ⌉§√↕⊣⟩\ ⊒⟨† ⊣ \⊓⇕⌊⌉∇ ≀{ ⌈⟩{{⌉∇⌉\⊔ ↕≀⌋⟩ ≀{ ↕⌉∫⟩≀\∫ }⟩⊑⌉ ∇⟩∫⌉ ⊔≀ ∐⊓⊣↕⟩⊔⊣⊔⟩⊑⌉↕† ∫⟩⇕⟩↕⊣∇ √⊣⊔⊔⌉∇\∫ ≀{ ∫†⇕√⊔≀⇕∫↙ T⟨⌉ ∇⟩}⟨⊔ ⟨⌉⇕⟩∫√⟨⌉∇⌉ ⊔⟨⌉≀∇† ⌈⟩{{⌉∇∫ {∇≀⇕ ⊔⟨⌉ ⇕⊓↕⊔⟩√↕⌉ {⊓\⌋⊔⟩≀\⊣↕ ⟩⇕√⊣⟩∇⇕⌉\⊔ ⊔⟨⌉≀∇⟩⌉∫ ⟩\ ⊔⟨⊣⊔ ⇕⊣\† ⊣∫√⌉⌋⊔∫ ≀{ ⊔⟨⌉ ∫†\⌈∇≀⇕⌉ ⊣∇⌉ ⌈⌉∇⟩⊑⌉⌈ {∇≀⇕ ⊣ ⌋≀⇕⇕≀\ ⌋⊣⊓∫⌉↙ H⌉∇⌉⇔ ⊔⟨≀⊓}⟨⇔ ⊔⟨⌉ ⌉§⊔∇⊣√≀↕⊣⊔⟩≀\ {∇≀⇕ ⊔⟨⌉ ⌊⊣∫⟩⌋ ⊣∫∫⊓⇕√⊔⟩≀\ ⟩∫ ⊣\ ⌉⇕√⟩∇⟩⌋⊣↕ ≀\⌉�⊔⟨⌉ ∇⌉⊣⌈⟩\} ⌊⌉⟨⊣⊑⟩≀∇ ≀{ ⌈⌉⌉√ ⌈†∫↕⌉§⟩⌋ ∫⟨⊣∇⌉∫ ⊣∫√⌉⌋⊔∫ ⊒⟩⊔⟨ ⊔⟨⊣⊔ ≀{ ≀⊔⟨⌉∇ √⊣⊔⟩⌉\⊔∫ ‖\≀⊒\ ⊔≀ ⌊⌉ ∇⌉⊣⌈⟩\} ⊒⟩⊔⟨ ⊔⟨⌉ ∇⟩}⟨⊔ ⟨⌉⇕⟩∫√⟨⌉∇⌉ ⇐⊣\⌈ \≀∇⇕⊣↕ ∫⊓⌊|⌉⌋⊔∫ ⊓\⌈⌉∇ ⌊∇⟩⌉{ ↕⊣⊔⌉∇⊣↕⟩‡⌉⌈ √∇⌉∫⌉\⊔⊣⊔⟩≀\⇒↙ T⟨⌉ ⊣⌈⌉∐⊓⊣⌋† ≀{ ⊔⟨⌉∫⌉ ⌋≀∇∇⌉∫√≀\⌈⌉\⌋⌉∫ ⟩∫ ⊣ ⇕⊣⊔⊔⌉∇ ≀{ ≀\}≀⟩\} ⌈⌉⌊⊣⊔⌉ ⇐∫⌉⌉ B⊣∇∇† ↘ R⟩⌋⟨⊣∇⌈∫≀\⇔ ∞∃∀∀∅ B⊣†\⌉∫⇔ ∞∃∃′∅ C≀↕⊔⟨⌉⊣∇⊔ ⌉⊔ ⊣↕↙⇔ ∞∃∀∅ J≀\⌉∫ ↘ M⊣∇⊔⟩\⇔ ∞∃∀▽∅ M⊣∇∫⟨⊣↕↕ ↘ P⊣⊔⊔⌉∇∫≀\⇔ ∞∃∀∋∅ ∞∃∀▽∅ P⊣⊔⊔⌉∇∫≀\ ↘ B⌉∫\⌉∇⇔ ∞∃∀△⌊∅ ∞∃∀△⌊∅ P⊣⊔⊔⌉∇∫≀\ ⌉⊔ ⊣↕↙⇔ ∞∃∀∃∅ R⊣⌊⟩\≀⊒⟩⌋‡ ↘ M≀∫⌋≀⊑⟩⊔⌋⟨⇔ ∞∃∀△∅ S⟨⊣↕↕⟩⌋⌉⇔ ∞∃∀∀∅ Z⊣⟩⌈⌉↕ ↘ S⌋⟨⊒⌉⟩}⌉∇⇔ ∞∃∀△⇒↙ T⟨⌉ ⟩⇕√≀∇⊔⊣\⊔ √≀⟩\⊔ ⟩∫ ⊔⟨⊣⊔ ⊔⟨⌉ √∇⌉∫⌉\⊔ ⌋≀\\⌉⌋⊔⟩≀\⟩∫⊔ ⊣⌋⌋≀⊓\⊔ ⟩∫ ≀∇⊔⟨≀}≀\⊣↕ ⊔≀ ≀\⌉ ⌊⊣∫⌉⌈ ≀\ ∇⟩}⟨⊔ ⟨⌉⇕⟩∫√⟨⌉∇⌉ ∇⌉⊣⌈⟩\}↙ I{ ⊔⟨⌉ ∇⟩}⟨⊔ ⟨⌉⇕⟩∫√⟨⌉∇⌉ ∇⌉⊣⌈∫ ⌊† ⊔⟨⌉ ∫⊣⇕⌉ √∇⟩\⌋⟩√↕⌉∫ ⊣∫ ⊔⟨⌉ \≀∇⇕⊣↕ ⇕⌉⌋⟨⊣\⟩∫⇕ {≀∇ ∇⌉⊣⌈⟩\} ⊑⟩⊣ ⇕⌉⊣\⟩\} ⇐⊣↕⊔⟨≀⊓}⟨ √⌉∇⟨⊣√∫ ↕⌉∫∫ ⌉{{⌉⌋⊔⟩⊑⌉↕†⇒⇔ ⊔⟨⌉\ ⊔⟨⌉ ⌋≀\\⌉⌋⊔⟩≀\⟩∫⊔ ⊣⌋⌋≀⊓\⊔ ⊒≀⊓↕⌈ ∫⊔⟩↕↕ ⊣√√↕†↙ I\ ⊣⌈⌈⟩⊔⟩≀\⇔ ≀\⌉ ⊒≀⊓↕⌈ \≀⊔ ⟨⊣⊑⌉ ⊔≀ √≀∫⊔⊓↕⊣⊔⌉ ⊔⟨⊣⊔ ⊔⟨⌉ ∇⟩}⟨⊔ ⟨⌉⇕⟩∫√⟨⌉∇⌉ ∇⌉⊣⌈⟩\} √∇≀⌋⌉∫∫ ⟨⊣∫ ⊣ √⊣∇⊔⟩⌋⊓↕⊣∇ ∫⌉⊔ ≀{ √∇≀√⌉∇⊔⟩⌉∫�⊔⟨⌉† ⌋≀⊓↕⌈ ⌊⌉ ⟩\{⌉∇∇⌉⌈ {∇≀⇕ ⊔⟨⌉ ⌋≀\\⌉⌋⊔⟩≀\⟩∫⊔ ⊣⌋⌋≀⊓\⊔↙ M≀∇⌉≀⊑⌉∇⇔ ⊔⟨⌉ ⌋≀\\⌉⌋⊔⟩≀\⟩∫⊔ ⊣⌋⌋≀⊓\⊔ ⌋≀⊓↕⌈ ⊣↕∫≀ ⌉§√↕⊣⟩\ ∇⌉⊣⌈⟩\} √⊣⊔⊔⌉∇\∫ ∫⟩⇕⟩↕⊣∇ ⊔≀ ⌈⌉⌉√ ⌈†∫↕⌉§⟩⊣ ⊒⟨⟩⌋⟨ ⊣∇⌉ ⌊⊣∫⌉⌈ ≀\ ↕⌉{⊔↖⟨⌉⇕⟩∫√⟨⌉∇⌉ ∇⌉⊣⌈⟩\} ⇐⊣\⌈ ∫≀ ⌋⊣\ ⌊⌉ ⊣⌊≀↕⟩∫⟨⌉⌈ ⌊† ⊣ ∫⌉⌋≀\⌈⇔ ↕⌉{⊔ ⟨⌉⇕⟩∫√⟨⌉∇⌉ ∫⊔∇≀‖⌉∅ R≀⌉↕⊔}⌉\⇔ ∞∃∀⇒↙ I\ ∫⊓⌋⟨ ⊣\ ⊣⌋⌋≀⊓\⊔⇔ ⊔⟨⌉ ⊔≀⊔⊣↕ ∇⌉⊣⌈⟩\} ∫†∫⊔⌉⇕ ⊒≀⊓↕⌈ ⌋≀\⊔⊣⟩\ ⌊≀⊔⟨ ↕⌉{⊔ ⟨⌉⇕⟩∫√⟨⌉∇⌉ ⊣\⌈ ∇⟩}⟨⊔ ⟨⌉⇕⟩∫√⟨⌉∇⌉ ⊓\⟩⊔∫ ⊣\⌈ ⌋≀\\⌉⌋⊔⟩≀\∫ ⇐⊣∫ ⊒⌉↕↕ ⊣∫ ⟩\⊔⌉∇↖⟨⌉⇕⟩∫√⟨⌉∇⟩⌋ ⌋≀∇∇⌉⌋⊔⟩≀\∫⇒ ⊒⟩⊔⟨ ⊔⟨⌉ ↕⌉{⊔ ⟨⌉⇕⟩∫√⟨⌉∇⌉ ≀\⌉∫ ⌊⌉⟩\} ⇕≀∇⌉ \⊓⇕⌉∇≀⊓∫↙ H≀⊒⌉⊑⌉∇⇔ ⊔⟨⌉ ⌋≀⇕√⊣⊔⟩⌊⟩↕⟩⊔† ≀{ ⊔⟨⌉ ⌋≀\\⌉⌋⊔⟩≀\⟩∫⊔ ⊣\⌈ ∇⟩}⟨⊔ ⟨⌉⇕⟩∫√⟨⌉∇⌉ ⊣⌋⌋≀⊓\⊔∫ ≀{ ⌈⌉⌉√ ⌈†∫↕⌉§⟩⊣ ⌈⌉√⌉\⌈∫ ≀\ ⊔⟨⌉ ⊣∫∫⊓⇕√⊔⟩≀\ ⊔⟨⊣⊔ ∇⟩}⟨⊔ ⟨⌉⇕⟩∫√⟨⌉∇⌉ ∇⌉⊣⌈⟩\} ⌈⟩{{⌉∇∫ {∇≀⇕ \≀∇⇕⊣↕ ∇⌉⊣⌈⟩\} ≀\↕† ∐⊓⊣\⊔⟩⊔⊣⊔⟩⊑⌉↕† ⊣\⌈ \≀⊔ ∐⊓⊣↕⟩⊔⊣⊔⟩⊑⌉↕†↙ I\ ⊔⟨⌉⟩∇ ∇⌉⊑⟩⌉⊒ ⊒⟨⟩⌋⟨ ⟩∫ ⌊∇≀⊣⌈↕† {⊣⊑≀∇⊣⌊↕⌉ ⊔≀ ⊔⟨⌉ ∇⟩}⟨⊔ ⟨⌉⇕⟩∫√⟨⌉∇⌉ ⊔⟨⌉≀∇†⇔ C≀↕⊔⟨⌉⊣∇⊔⇔ P⊣⊔⊔⌉∇∫≀\ ⊣\⌈ M⊣∇∫⟨⊣↕↕ ⇐∞∃∀⇒ ↕⌉⊣⊑⌉ ⊔⟨⟩∫ ⟩∫∫⊓⌉ ≀√⌉\↙ ↙̸∋↙∈ A⊔⊔∇⊣⌋⊔≀∇∫ ⊑∫↙ ↕≀}≀}⌉\∫ A⊔ ⊣ ⇕≀∇⌉ ⌈⌉⊔⊣⟩↕⌉⌈ ↕⌉⊑⌉↕⇔ ⊔⟨⌉ ≀√⌉∇⊣⊔⟩≀\ ≀{ ⊣⊔⊔∇⊣⌋⊔≀∇∫ √↕⊣†∫ ⊣ ⌋⌉\⊔∇⊣↕ ∇≀↕⌉ ⟩\ ≀⊓∇ ⊣⌋⌋≀⊓\⊔ ≀{ ⌈⌉⌉√ ⌈†∫↕⌉§⟩⊣↙ H≀⊒ ⌈≀ ⊣⊔⊔∇⊣⌋⊔≀∇∫ ∇⌉↕⊣⊔⌉ ⊔≀ ≀⊔⟨⌉∇ ⊔⟨⌉≀∇⌉⊔⟩⌋⊣↕ ⌋≀\⌋⌉√⊔∫ ⊔⟨⊣⊔ ⟨⊣⊑⌉ ⌊⌉⌉\ ⊓∫⌉⌈ ⟩\ ⌉§√↕⊣⟩\⟩\} ⌈⌉⌉√ ⌈†∫↕⌉§⟩⌋ ∇⌉⊣⌈⟩\} ⌊⌉⟨⊣⊑⟩≀∇⊥ T⟨⌉ ⇕≀∫⊔ ⌋≀⇕⇕≀\↕† ⊓∫⌉⌈ ⌋≀\⌋⌉√⊔ ⊒⟩⊔⟨ ∫≀⇕⌉ ∇⌉↕⊣⊔⟩≀\ ⊔≀ ⊣\ ⊣⊔⊔∇⊣⌋⊔≀∇ ⟩∫ ⊔⟨⊣⊔ ≀{ ⊣ ⊖↕≀}≀}⌉\⪰ ⇐M≀∇⊔≀\⇔ ∞∃∄∅ M≀∇⊔≀\ ↘ P⊣⊔⊔⌉∇∫≀\⇔ ∞∃∀′⇒↙ W⌉ ⊔⊣‖⌉ ⊔⟨⌉ ⌈⌉⊘\⟩\} ⌋⟨⊣∇⊣⌋⊔⌉∇⟩∫⊔⟩⌋ ≀{ ⊣ ↕≀}≀}⌉\ ⊔≀ ⌊⌉ ⊔⟨⊣⊔ ⟩⊔ ⟩∫ ⊣ ∇⌉√∇⌉∫⌉\⊔⊣⊔⟩≀\ ≀{ ⊣ ⊒≀∇⌈⇔ ⊒⟩⊔⟨ ⊣\ ⊣∫∫≀⌋⟩⊣⊔⌉⌈ ⊣⌋⊔⟩⊑⟩⊔† ↕⌉⊑⌉↕⇔ ⟩\ ⊒⟨⟩⌋⟨ ⊣↕↕ ≀{ ⊔⟨⌉ ⟩\{≀∇⇕⊣⊔⟩≀\ ⇐≀{ ⊣ √⊣∇⊔⟩⌋⊓↕⊣∇ ⊔†√⌉⇒ ∇⌉↕⊣⊔⟩\} ⊔≀ ⊔⟨⌉ ⊒≀∇⌈ ⟩∫ √⊣⌋‖⊣}⌉⌈ ⊔≀}⌉⊔⟨⌉∇↙ W≀∇⌈∫ ⊣∇⌉ ∇⌉↕⊣⊔⌉⌈ ⊔≀ ≀⊔⟨⌉∇ ⊒≀∇⌈∫ ⊑⟩⊣ ⟩\{≀∇⇕⊣⊔⟩≀\ ⊔⟨⊣⊔ ⟩∫ ⌉§⊔⌉∇\⊣↕ ⊔≀ ⊔⟨⌉ ↕≀}≀}⌉\∫ ⊔⟨⌉⇕∫⌉↕⊑⌉∫↙ I\ ⊔⟨⟩∫ ⊒⊣†⇔ ↕≀}≀}⌉\∫ ≀√⌉∇⊣⊔⌉ ⇕⊓⌋⟨ ↕⟩‖⌉ ⊖↕≀⌋⊣↕⟩∫⊔⪰ ∇⌉√∇⌉∫⌉\⊔⊣⊔⟩≀\∫ ⟩\ ⌋≀\\⌉⌋⊔⟩≀\⟩∫⊔ \⌉⊔⊒≀∇‖∫ ⇐F⌉↕⌈⇕⊣\ ↘ B⊣↕↕⊣∇⌈⇔ ∞∃∀∈∅ M⌋C↕⌉↕↕⊣\⌈ ↘ R⊓⇕⌉↕⟨⊣∇⊔⇔ ∞∃∀∞⇒⇔ ⊣\⌈ ⊔⟨⌉ ∇⌉↕⊣⊔⟩≀\∫⟨⟩√ ⌊⌉⊔⊒⌉⌉\ ⊣⊔⊔∇⊣⌋⊔≀∇∫ ⊣\⌈ ↕≀}≀}⌉\∫ ⟩∫ ⇕⊓⌋⟨ ⊔⟨⌉ ∫⊣⇕⌉ ⊣∫ ⊔⟨⊣⊔ ⌊⌉⊔⊒⌉⌉\ ⌈⟩∫⊔∇⟩⌊⊓⊔⌉⌈ ⊣\⌈ ↕≀⌋⊣↕⟩∫⊔ ⌋≀\\⌉⌋⊔⟩≀\⟩∫⊔ ∇⌉√∇⌉∫⌉\⊔⊣⊔⟩≀\∫↙ A {⊓↕↕ ⌋≀\∫⟩⌈⌉∇⊣⊔⟩≀\ ≀{ ⊔⟨⟩∫ ⟩∫∫⊓⌉ ⟩∫ {⊣∇ ⌊⌉†≀\⌈ ⊔⟨⌉ ∫⌋≀√⌉ ≀{ ⊔⟨⟩∫ √⊣√⌉∇↙ H⌉∇⌉ ⊒⌉ ∇⊣⟩∫⌉ ≀\↕† ≀\⌉ ⟩∫∫⊓⌉⇔ ∇⌉↕⊣⊔⟩\} ⊔≀ ⊔⟨⌉ ⌈⌉}∇⌉⌉ ⊔≀ ⊒⟨⟩⌋⟨ ⌋≀\⌋⌉√⊔∫ ⇐⊒≀∇⌈∫⇒ ⌋⊣\ ≀√⌉∇⊣⊔⌉ ⟩\⌈⌉√⌉\⌈⌉\⊔↕†↙ I\ ⊣ ↕≀⌋⊣↕⟩∫⊔ ∇⌉√∇⌉∫⌉\⊔⊣⊔⟩≀\⇔ ⊒≀∇⌈∫ ⌋⊣\ ⟩\⊙⊓⌉\⌋⌉ ≀⊔⟨⌉∇ √⊣∇⊔∫ ≀{ ⊔⟨⌉ ∫†∫⊔⌉⇕ ⟩\ ⊣ ⇕⊣\\⌉∇ ⊓\∇⌉↕⊣⊔⌉⌈ ⊔≀ ⊔⟨⌉ ⊒⊣† ∫⟩⇕⟩↕⊣∇ ⊒≀∇⌈∫ ⟨⊣⊑⌉ ⟩\⊙⊓⌉\⌋⌉ ⇐⌉↙}↙ ⟩\ }⌉\⌉∇⊣⊔⟩\} ⊣ √∇≀\⊓\⌋⟩⊣⊔⟩≀\ {∇≀⇕ ∫⌉⇕⊣\⊔⟩⌋∫⇒↙ T⟨⟩∫ ⟩∫ ⊣ ∫⊔∇≀\} ⊣⌈⊑⊣\⊔⊣}⌉ ⌊⌉⌋⊣⊓∫⌉ ⊔⟨⌉ ⇕⌉⊣\⟩\}∫ ≀{ ⊒≀∇⌈∫ ⊣∇⌉ ⊣∇⌊⟩⊔∇⊣∇⟩↕† ∇⌉↕⊣⊔⌉⌈ ⊔≀ ⊔⟨⌉⟩∇ ∫√⌉↕↕⟩\} ⊣\⌈ √∇≀\⊓\⌋⟩⊣⊔⟩≀\↙ F≀∇ ⊔⟨⟩∫ ∇⌉⊣∫≀\⇔ ∇⌉⊣⌈⟩\} {≀∇ ⇕⌉⊣\⟩\} ⟩∫ ⊔⟨⌉ √⊣∇⊣⌈⟩}⇕⊣⊔⟩⌋ ⌈≀⇕⊣⟩\ ⟩\ ⊒⟨⟩⌋⟨ ↕≀⌋⊣↕⟩∫⊔ ∇⌉√∇⌉∫⌉\⊔⊣⊔⟩≀\∫

̸GENERAL DISCUSSION ∞′∈ ⊒≀⊓↕⌈ ⊣√√⌉⊣∇ ⇕≀∫⊔ ⊣√√∇≀√∇⟩⊣⊔⌉ ⇐H⟩\⊔≀\ ⌉⊔ ⊣↕↙⇔ ∞∃∀⇏↙ I\ ⌋≀\⊔∇⊣∫⊔⇔ ⟩\ ⊣ ⌈⟩∫⊔∇⟩⌊⊓⊔⌉⌈ ∇⌉√∇⌉∫⌉\⊔⊣⊔⟩≀\ ⊒≀∇⌈∫ ⌋⊣\ ⟨⊣⊑⌉ ⌉{{⌉⌋⊔∫ ≀\↕† ⌊† ⊑⟩∇⊔⊓⌉ ≀{ ⊔⟨⌉⟩∇ {⌉⊣⊔⊓∇⌉∫⇔ ⊣\⌈ ∫≀ ≀⊔⟨⌉∇ ⊒≀∇⌈∫ ⊔⌉\⌈ ⊔≀ ⟨⊣⊑⌉ ∫⟩⇕⟩↕⊣∇ ⌉{{⌉⌋⊔∫ ⊔≀ ⊔⟨⌉ ⌈⌉}∇⌉⌉ ⊔⟨⊣⊔ ⊔⟨⌉† ∫⟨⊣∇⌉ ⊔⟨≀∫⌉ {⌉⊣⊔⊓∇⌉∫↙ T⟨⌉ ⊓∫⌉ ≀{ ⊣⊔⊔∇⊣⌋⊔≀∇∫ ⟩∫ ⊣ ⊒⊣† ≀{ ⌋≀⇕√⌉\∫⊣⊔⟩\} {≀∇ ⊔⟨⟩∫ ⌊⟩⊣∫ ≀{ ⌈⟩∫⊔∇⟩⌊⊓⊔⌉⌈ ∇⌉√∇⌉∫⌉\⊔⊣⊔⟩≀\∫ ⟩\ ⌈≀⇕⊣⟩\∫ ⊒⟨⌉∇⌉ ⟩⊔ ⟩∫ √∇≀⌊↕⌉⇕⊣⊔⟩⌋⇔ ⌊⊓⊔ ⊔⟨⌉ ⊓\⌈⌉∇↕†⟩\} ⌉{{⌉⌋⊔∫ ≀{ ∫⟩⇕⟩↕⊣∇⟩⊔† ⊣∇⌉ ∇⌉⊑⌉⊣↕⌉⌈ ⊓\⌈⌉∇ ⌈⊣⇕⊣}⌉↙ T⟨⌉ ⊣⊔⊔∇⊣⌋⊔≀∇ \⌉⊔⊒≀∇‖ ⊒⟨⟩⌋⟨ ⊒≀⊓↕⌈ ⊣√√⌉⊣∇ ⊔≀ ⌊⌉ ⌋↕≀∫⌉∫⊔ ⊔≀ ⊔⟨⌉ ⊓√⌈⊣⊔⌉⌈ ↕≀}≀}⌉\ ⇕≀⌈⌉↕ ≀{ M≀∇⊔≀\ ↘ P⊣⊔⊔⌉∇∫≀\ ⇐∞∃∀′⇒⇔ ⊣∫ {⊣∇ ⊣∫ ⊔⟨⌉ √∇≀⌋⌉∫∫ ≀{ ∇⌉⊣⌈⟩\} ⊑⟩⊣ ⇕⌉⊣\⟩\} ⟩∫ ⌋≀\⌋⌉∇\⌉⌈⇔ ⟩∫ ⊔⟨⌉ △′↖∀′⟩ ≀\⌉⇔ ⟩\ ⊒⟨⟩⌋⟨ ⊣⊔⊔∇⊣⌋⊔≀∇∫ ⊣∇⌉ ⌊⊓⟩↕⊔ ⊣⊔ ⊔⟨⌉ ↕⌉⊑⌉↕ ≀{ ⊔⟨⌉ ⊓\⟩⊔∫ ⟩\⊔⌉∇⇕⌉⌈⟩⊣⊔⌉ ⌊⌉⊔⊒⌉⌉\ ↕⌉⊔⊔⌉∇ ∇⌉√∇⌉∫⌉\⊔⊣⊔⟩≀\∫ ⊣\⌈ ∫⌉⇕⊣\⊔⟩⌋ ≀\⌉∫↙ H≀⊒⌉⊑⌉∇⇔ ⊣ ⇕⊣|≀∇ ⌈⟩{{⌉∇⌉\⌋⌉ ⌊⌉⊔⊒⌉⌉\ ⊔⟨⌉ ↕≀}≀}⌉\ ⊣√√∇≀⊣⌋⟨ ⊣\⌈ ⊔⟨⟩∫ ⊣⊔⊔∇⊣⌋⊔≀∇ ≀\⌉ ∫⟨≀⊓↕⌈ ⌊⌉ \≀⊔⌉⌈↙ T⟨⌉ ∫⟩⇕⟩↕⊣∇⟩⊔† ⇕⌉⊔∇⟩⌋ ≀{ ⊔⟨⌉ ∇⌉↕⊣⊔⟩≀\ ⌊⌉⊔⊒⌉⌉\ ↕≀}≀}⌉\∫ ⟩∫ √⊓∇⌉↕† ⊑⟩∫⊓⊣↕∝≀∇⊔⟨≀}∇⊣√⟨⟩⌋↙ I{ ⊔⟨⌉ ⊣⌋⊔⟩⊑⊣⊔⟩≀\ ↕⌉⊑⌉↕ ≀{ ⊣ ∫⌉⌋≀\⌈ ↕≀}≀}⌉\ ⟩∫ \⌉⊣∇ ⊔≀ ⊔⟨⊣⊔ ≀{ ≀\⌉ ⊔⟨⊣⊔ ∇⌉⊣⌋⟨⌉∫ ⊔⟨∇⌉∫⟨≀↕⌈ ⊔⟨⌉\ ⊔⟨⟩∫ ⟩⇕√↕⟩⌉∫ ≀\↕† ⊔⟨⊣⊔ ⊔⟨⌉ ⊔⊒≀ ∇⌉√∇⌉∫⌉\⊔ ∫⊔⟩⇕⊓↕⟩ ⊔⟨⊣⊔ ⊣∇⌉ ⊑⟩∫⊓⊣↕↕† ∫⟩⇕⟩↕⊣∇↙ I\ ⌋≀\⊔∇⊣∫⊔⇔ ⊔⟨⌉ ∫⟩⇕⟩↕⊣∇⟩⊔† ⇕⌉⊔∇⟩⌋ {≀∇ ⊣⊔⊔∇⊣⌋⊔≀∇∫ ⟩∫ ⌊≀⊔⟨ ⊑⟩∫⊓⊣↕ ⊣\⌈ ∫⌉⇕⊣\⊔⟩⌋↙ T⟨⊓∫ ⌈⊣⇕⊣}⌉ ⊔≀ ⊣⊔⊔∇⊣⌋⊔≀∇∫ ⌋⊣\ √∇≀⌈⊓⌋⌉ ⌊≀⊔⟨ ⊑⟩∫⊓⊣↕ ⊣\⌈ ∫⌉⇕⊣\⊔⟩⌋ ⟩\⊙⊓⌉\⌋⌉ ⟩\ ⌉∇∇≀∇∫⇔ ⊒⟨⟩↕⌉ ⌈⊣⇕⊣}⌉ ⊔≀ ↕≀}≀}⌉\∫ ⌋⊣\ ∇⌉∫⊓↕⊔ ≀\↕† ⟩\ ⊑⟩∫⊓⊣↕ ⌋≀\{⊓∫⟩≀\∫↙ ↙̸△ E§⊔⌉\∫⟩≀\∫ ≀{ ⊔⟨⌉ ⊣√√∇≀⊣⌋⟨ T⟨⌉ ⌋≀\\⌉⌋⊔⟩≀\⟩∫⊔ ⊣⌋⌋≀⊓\⊔ ⊒⌉ ⟨⊣⊑⌉ √∇≀⊑⟩⌈⌉⌈ {≀∇ ⌈⌉⌉√ ⌈†∫↕⌉§⟩⊣ ⊒≀⊓↕⌈ ∫⌉⌉⇕ ⊔≀ ⌊⌉ ⌈⟩∇⌉⌋⊔↕† }⌉\⌉∇⊣↕↖ ⟩‡⊣⌊↕⌉ ⟩\ ⊔⟨∇⌉⌉ ⊒⊣†∫↙ T⟨⌉ ⊘∇∫⊔ ⌋≀\⌋⌉∇\∫ ≀⊔⟨⌉∇ ⊔†√⌉∫ ≀{ ∇⌉⊣⌈⟩\} ⌈⟩∫≀∇⌈⌉∇∫⇔ ⊒⟨⌉∇⌉ √∇≀⌋⌉∫∫⌉∫ ↕⟩⌉⟩\} ⌊⌉⊔⊒⌉⌉\ ⊔⟨⌉ ≀∇⊔⟨≀}∇⊣√⟨⟩⌋ ⊣\⌈ ∫⌉⇕⊣\⊔⟩⌋ ↕⌉⊑⌉↕∫ ⊣∇⌉ ∇⌉↕⌉⊑⊣\⊔↙ H⟩\⊔≀\ ↘ S⟨⊣↕↕⟩⌋⌉ ⇐∞∃∃∞⇒ ⊣∇}⊓⌉⌈ ⊔⟨⊣⊔ ⊣∫√⌉⌋⊔∫ ≀{ ∫⌉⇕⊣\⊔⟩⌋ ⊣⌋⌋⌉∫∫ ⌈†∫↕⌉§⟩⊣ ⊣\⌈ √⊓∇⌉ ⊣↕⌉§⟩⊣ ⊒⌉∇⌉ ⌉§√↕⟩⌋⊣⌊↕⌉ ⟩\ ⊔⌉∇⇕∫ ≀{ ⊔⟨⌉ ⇕≀⌈⌉↕↙ W⌉ ⟨⊣⊑⌉ ⊣↕∫≀ ⌋≀\∫⟩⌈⌉∇⌉⌈ \⌉}↕⌉⌋⊔ ⌈†∫↕⌉§⟩⊣ ⇐C⊣√↕⊣\⇔ ∞∃∀∅ K⟩\∫⌊≀⊓∇\⌉ ↘ W⊣∇∇⟩\}⊔≀\⇔ ∞∃∉∅ S⟩⌉∇≀{{ ⌉⊔ ⊣↕↙⇔ ∞∃∀∀∅ ⊣↕∫≀ ∫⌉⌉ ⊔⟨⌉ ∫√⌉⌋⟩⊣↕ ⟩∫∫⊓⌉ ≀{ C≀}\⟩⊔⟩⊑⌉ N⌉⊓∇≀√∫†⌋⟨≀↕≀}†⇔ ⇐▽∘⇏⇔ ∞∃∃∞⇔ ≀\ ⊖N⌉}↕⌉⌋⊔ ⊣\⌈ ⊔⟨⌉ P⌉∇⟩√⟨⌉∇⊣↕ D†∫↕⌉§⟩⊣∫⪰⇒↙ H≀⊒⊣∇⌈ ↘ B⌉∫⊔ ⇐N≀⊔⌉ ∞⇒ ⟨⊣⊑⌉ ∇⌉⌋⌉\⊔↕† ⌈⌉∫⌋∇⟩⌊⌉⌈ ⊔⊒≀ √⊣⊔⟩⌉\⊔∫ ≀{ ⊔⟨⟩∫ ⊔†√⌉⇔ ∫⟨≀⊒⟩\} ⊣\ ⌉§⊣}}⌉∇⊣⊔⌉⌈ ⊑⊣↕⟩⌈∝⟩\⊑⊣↕⟩⌈ ⌈⟩{{⌉∇⌉\⌋⌉ {≀∇ ∫⊔⟩⇕⊓↕⟩ ≀\ ⊔⟨⌉ ∇⟩}⟨⊔ ⇐⌋≀\⊔∇⊣↕⌉∫⟩≀\⊣↕⇒ ∫⟩⌈⌉⇔ ⊣\⌈ ⇕⊣‖⟩\} ⇕⊣\† ⇕≀∇⌉ ⌉∇∇≀∇∫ ≀\ ⊔⟨⌉ ∇⟩}⟨⊔ √⊣∇⊔∫ ≀{ ⊒≀∇⌈∫ ⟩\ ∇⌉⊣⌈⟩\}↙ N⌉⊣∇↕† ⊣↕↕ ≀{ ⊔⟨⌉ ⌉∇∇≀∇∫ ⊣∇⌉ ⊑⟩∫⊓⊣↕ ⟩\ \⊣⊔⊓∇⌉↙ O{ √⊣∇⊔⟩⌋⊓↕⊣∇ ⟩\⊔⌉∇⌉∫⊔ ⟩∫ ⊔⟨⊣⊔ ⊔⟨⌉∫⌉ √⊣⊔⟩⌉\⊔∫ ∫⟨≀⊒ ⇕⊣∇‖⌉⌈ ⟩⇕⊣}⌉⊣⌊⟩↕⟩⊔†∝⌋≀\⌋∇⌉⊔⌉\⌉∫∫ ⌉{{⌉⌋⊔∫⇔ ⌉∫√⌉⌋⟩⊣↕↕† {≀∇ ↕≀\}⌉∇ ⊒≀∇⌈∫↙ M↙↖P↙ ⌈⌉ P⊣∇⊔‡ ⇐√⌉∇∫≀\⊣↕ ⌋≀⇕⇕⊓\⟩⌋⊣⊔⟩≀\⇒ ⟨⊣∫ {≀⊓\⌈ ∫⟩⇕⟩↕⊣∇ ⌉{{⌉⌋⊔∫ ⟩\ ⊣\≀⊔⟨⌉∇ \⌉}↕⌉⌋⊔ ⌈†∫↕⌉§⟩⌋↙ M≀‡⌉∇ ↘ B⌉⟨∇⇕⊣\\ ⇐∞∃∃′⇒ ⟨⊣⊑⌉ ⇕≀⌈⌉↕⌉⌈ \⌉}↕⌉⌋⊔ ⟩\ ⊔⌉∇⇕∫ ≀{ ⊣ ⌋≀\\⌉⌋⊔⟩≀\⟩∫⊔ \⌉⊔⊒≀∇‖ ⊔⟨⊣⊔ ≀√⌉∇⊣⊔⌉∫ ≀\ √∇⟩\⌋⟩√↕⌉∫ ∫⟩⇕⟩↕⊣∇ ⊔≀ ≀⊓∇∫↙ O\ ⊔⟨⌉⟩∇ ⇕≀⌈⌉↕⇔ \⌉}↕⌉⌋⊔ ⌈†∫↕⌉§⟩⊣ ⟩∫ ⌋⊣⊓∫⌉⌈ ⌊† ⊣\ ⊣⊔⊔⌉\⊔⟩≀\⊣↕ ⌈⌉⊘⌋⟩⊔ ⊒⟨⟩⌋⟨ ∇⌉∫⊓↕⊔∫⇔ ≀\ ⊣⊑⌉∇⊣}⌉⇔ ⟩\ ⊣ }∇⊣⌈⟩⌉\⊔ ≀{ ⊣⌋⊔⟩⊑⊣⊔⟩≀\ ≀⊑⌉∇ ↕≀⊒↖↕⌉⊑⌉↕ ⊑⟩∫⊓⊣↕ ∇⌉√∇⌉∫⌉\⊔⊣⊔⟩≀\∫ ≀{ ⊒≀∇⌈∫↙ T⟨⌉ ⊣⌋⊔⟩⊑⟩⊔† ⟩∫ ⟨⟩}⟨⌉∇ ≀\ ⊔⟨⌉ ⟩√∫⟩↕⌉∫⟩≀\⊣↕ ∫⟩⌈⌉ ⊣\⌈ ⌈⟩⇕⟩\⟩∫⟨⌉∫ ⇕≀\≀⊔≀\⟩⌋⊣↕↕† ⊔≀ ⌊⌉ ↕≀⊒⌉∫⊔ ⌋≀\⊔∇⊣↕⌉∫⟩≀\⊣↕↕†↙ O⊓∇ ⟩\√⊓⊔ \⌉⊔⊒≀∇‖ ⇕⊣† ⌊⌉ ⊔⟨≀⊓}⟨⊔ ≀{ ⊣∫ ⊣ ⌈⟩{{⌉∇⌉\⊔ ⟩⇕√↕⌉⇕⌉\⊔⊣⊔⟩≀\ ≀{ ⊔⟨⌉ √≀∇⊔⟩≀\∫ ≀{ ⊔⟨⌉⟩∇ ⇕≀⌈⌉↕ ⊔⟨⊣⊔ ≀√⌉∇⊣⊔⌉ ≀\ ⊔⟨⌉∫⌉ ↕≀⊒↖↕⌉⊑⌉↕ ∇⌉√∇⌉∫⌉\⊔⊣⊔⟩≀\∫⇔ ⊒⟩⊔⟨ ≀⊓∇ ⌋↕⌉⊣\↖⊓√ √⊣⊔⟨⊒⊣† ⌋≀∇∇⌉∫√≀\⌈⟩\} ⊔≀ ⊔⟨⌉⟩∇ PULL↖OUT \⌉⊔↙ W⌉ ⊔⟨⌉∇⌉{≀∇⌉ ⌋≀\∫⟩⌈⌉∇⌉⌈ ⊔⟨⌉ ⌉{{⌉⌋⊔ ≀{ √∇⌉∫⌉\⊔⟩\} ⊔⟨⌉ ⟩\⊔⊣⌋⊔ ⊣⌊∫⊔∇⊣⌋⊔∝⌋≀\⌋∇⌉⊔⌉ \⌉⊔⊒≀∇‖ ⊒⟩⊔⟨ ⇕≀\≀⊔≀\⟩⌋⊣↕↕† ⌈⌉}∇⊣⌈⌉⌈ ⟩\√⊓⊔ ⇐⊣⌋⊔⟩⊑⊣⊔⟩≀\∫ ≀{ ∞↙′⇔ ′↙∀∋⇔ ′↙⇎ ′↙▽⇔ ⊣⌋∇≀∫∫ ↕⌉⊔⊔⌉∇ ⊓\⟩⊔∫ {∇≀⇕ ↕⌉{⊔ ⊔≀ ∇⟩}⟨⊔⇔ ⌋≀∇∇⊓√⊔⌉⌈ ⌊† \≀∇⇕⊣↕↕† ⌈⟩∫⊔∇⟩⌊⊓⊔⌉⌈ \≀⟩∫⌉ ⊒⟩⊔⟨ ∫⊔⊣\⌈⊣∇⌈ ⌈⌉⊑⟩⊣⊔⟩≀\ ′↙∞⇒↙ U∫⟩\} ⊣\⊣↕≀}≀⊓∫ ⊔⌉∫⊔⟩\} √∇≀⌋⌉⌈⊓∇⌉∫ ⊔≀ ⊔⟨≀∫⌉ ⊓∫⌉⌈ ⟩\ ⊔⟨⌉ ⊣⌊∫⊔∇⊣⌋⊔∝⌋≀\⌋∇⌉⊔⌉ ∫⟩⇕⊓↕⊣⊔⟩≀\∫ ⇐∫⌉⌉ S⌉⌋⊔⟩≀\ ▽↙▽⇒⇔ ⊔⟨⌉ ≀⊓⊔√⊓⊔ ⊒⊣∫ ↗ ⌋≀∇∇⌉⌋⊔ {≀∇ ⌋≀\⌋∇⌉⊔⌉ ⊒≀∇⌈∫ ⌊⊓⊔ ≀\↕† △↗ ⌋≀∇∇⌉⌋⊔ {≀∇ ⊣⌊∫⊔∇⊣⌋⊔ ⊒≀∇⌈∫↙ I\ ⊔⟨⌉ √∇⌉⌈≀⇕⟩\⊣\⊔ ⌉∇∇≀∇ {≀∇⇕�⊑⟩∫⊓⊣↕ ⌉∇∇≀∇∫�▽▽↗ ≀{ ⊔⟨⌉ ⊘∇∫⊔ ⊣\⌈ ∫⌉⌋≀\⌈ ↕⌉⊔⊔⌉∇∫ ⊒⌉∇⌉ ⌋≀∇∇⌉⌋⊔ ⌊⊓⊔ ≀\↕† ∈∃↗ ≀{ ⊔⟨⌉ ⊔⟨⟩∇⌈ ⊣\⌈ {≀⊓∇⊔⟨ ↕⌉⊔⊔⌉∇∫↙ T⟨⊓∫ ⊔⟨⌉ ∫⟩⇕⊓↕⊣⊔⟩≀\ ∫⟨≀⊒∫ ⊔⟨⌉ ∫⊣⇕⌉ ⌋≀⇕⌊⟩\⊣⊔⟩≀\ ≀{

̸GENERAL DISCUSSION ∞′∋ ⟩⇕⊣}⌉⊣⌊⟩↕⊔⟩⊔† ⊣\⌈ \⌉}↕⌉⌋⊔ ⌋⟨⊣∇⊣⌋⊔⌉∇⟩∫⊔⟩⌋∫ ⊣∫ ⌈≀ H≀⊒⊣∇⌈ ↘ B⌉∫⊔≃∫ √⊣⊔⟩⌉\⊔∫↙∈▽T⟨⊓∫ ⟩⊔ ∫⌉⌉⇕∫ √↕⊣⊓∫⟩⌊↕⌉ ⊔⟨⊣⊔ ⊔⟨⌉ ⇕≀⌈⌉↕ ⌋≀⊓↕⌈ ⌊⌉ ⊓⊔⟩↕⟩‡⌉⌈ ⊣∫ √⊣∇⊔ ≀{ ⊔⟨⌉ ⌉§√↕⊣\⊣⊔⟩≀\ ≀{ ⊔⟨⌉ √⊣⊔⊔⌉∇\∫ ≀{ ⟩⇕√⊣⟩∇⇕⌉\⊔ ∫⟨≀⊒\ ⌊† ⌈†∫↕⌉§⟩⌋ √⊣⊔⟩⌉\⊔∫ ≀⊔⟨⌉∇ ⊔⟨⊣\ ⊔⟨⌉ ⌈⌉⌉√ ⌈†∫↕⌉§⟩⌋∫ ⊒⟩⊔⟨ ⊒⟨≀⇕ ⊔⟨⟩∫ √⊣√⌉∇ ⟨⊣∫ ⌊⌉⌉\ ⌋≀\⌋⌉∇\⌉⌈↙ T⟨⌉ ∫⌉⌋≀\⌈ √↕⊣⊓∫⟩⌊↕⌉ }⌉\⌉∇⊣↕⟩‡⊣⊔⟩≀\ ≀{ ⊔⟨⌉ ⊣√√∇≀⊣⌋⟨ ⟩∫ ⊔≀ ≀⊔⟨⌉∇ ∫†\⌈∇≀⇕⌉∫ ⟩\ ⊒⟨⟩⌋⟨ ⊣\ ⟩\↖ √⊓⊔∝≀⊓⊔√⊓⊔ ⇕⊣√√⟩\} ⌋⊣\ ⌊⌉ ⊣⌋⌋≀⇕√↕⟩∫⟨⌉⌈ ≀\↕† ⊑⟩⊣ ∫⌉⇕⊣\⊔⟩⌋∫↙ T⟨⌉ ⊔⊒≀ ⇕≀∫⊔ ≀⌊⊑⟩≀⊓∫ ∫†\⌈∇≀⇕⌉∫ {≀∇ ⊒⟨⟩⌋⟨ ⊣\ ⊣\⊣↕≀}≀⊓∫ ⌉§√↕⊣\⊣⊔⟩≀\ ⌋≀⊓↕⌈ ⌊⌉ }⟩⊑⌉\ ⊣∇⌉ ⊔⟨⌉ √⊣∇⊣↕↕⌉↕∫ ⊔≀ ⌈⌉⌉√ ⌈†∫↕⌉§⟩⊣ ⟩\ ⊔⟨⌉ ⊣⊓⌈⟩⊔≀∇† ⌈≀⇕⊣⟩\ ⇐⌈⌉⌉√ ⌈†∫√⟨⊣∫⟩⊣⇒ ⊣\⌈ ⟩\ ⊒∇⟩⊔⟩\} ⇐⌈⌉⌉√ ⌈†∫}∇⊣√⟨⟩⊣⇒↙ D⌉⌉√ ⌈†∫√⟨⊣∫⟩⊣ ⟩\⊑≀↕⊑⌉∫ ⊔⟨⌉ ⌋≀↖≀⌋⌋⊓∇∇⌉\⌋⌉ ≀{ ∫⌉⇕⊣\⊔⟩⌋ ⊣\⌈ √⟨≀\≀↕≀}⟩⌋⊣↕ ⌉∇∇≀∇∫ ⟩\ ∇⌉√⌉⊔⟩⊔⟩≀\⇔ ⊣\⌈ ⊣ ⌋≀\⌋∇⌉⊔⌉ ⊒≀∇⌈ ∫⊓√⌉∇⟩≀∇⟩⊔† ⇐∫⌉⌉ ⌉↙}↙ M≀∇⊔≀\⇔ ∞∃∀′∅ M⟩⌋⟨⌉↕ ↘ A\⌈∇⌉⌉⊒∫‖†⇔ ∞∃∀∋∅ H≀⊒⊣∇⌈ ↘ F∇⊣\‖↕⟩\⇔ ∞∃∀∀∅ K⊣⊔‡ ↘ G≀≀⌈}↕⊣∫∫⇔ ∞∃∃′∅ M⊣∇⊔⟩\ ↘ S⊣{{∇⊣\⇔ ∞∃∃′⇒↙ I\ ∫≀⇕⌉ √⊣⊔⟩⌉\⊔∫ ⇐⌉↙}↙ NC ≀{ M⊣∇⊔⟩\ ↘ S⊣{{∇⊣\⇔ MK ≀{ H≀⊒⊣∇⌈ ↘ F∇⊣\‖↕⟩\⇒⇔ ⊔⟨⌉ √⊣∇⊣↕↕⌉↕ ⊒⟩⊔⟨ ⌈⌉⌉√ ⌈†∫↕⌉§⟩⊣ ⟩∫ ⊑⌉∇† ⌋↕≀∫⌉⇔ ⊣∫ ⊔⟨⌉ √⟨≀\≀↕≀}⟩⌋⊣↕ ⌉∇∇≀∇∫ ⟩\ ≀∇⊣↕ ∇⌉√⌉⊔⟩⊔⟩≀\ ⊣∇⌉ \≀∇⇕⊣↕↕† √⟨≀\≀↕≀}⟩⌋⊣↕↕† ∇⌉↕⊣⊔⌉⌈ ⊒≀∇⌈∫↙ I\ ≀⊔⟨⌉∇ √⊣⊔⟩⌉\⊔∫ ⇐⌉↙}↙ R ≀{ M⟩⌋⟨⌉↕ ↘ A\⌈∇⌉⌉⊒∫‖†⇒⇔ ∇⌉∫√≀\∫⌉∫ ⊒⟨⟩⌋⟨ ⊣∇⌉ √⟨≀\≀↕≀}⟩⌋⊣↕↕† ∇⌉↕⊣⊔⌉⌈ ⊔≀ ⊔⟨⌉ ⊔⊣∇}⌉⊔ ⊣∇⌉ ≀{⊔⌉\ ↕⟩⊔⌉∇⊣↕ √⊣∇⊣√⟨⊣∫⟩⊣∫↙ I\ }⌉\⌉∇⊣↕⇔ ⊔⟨≀⊓}⟨⇔ ⊔⟨⟩∫ ∫†\⌈∇≀⇕⌉ ⊒≀⊓↕⌈ ⊘⊔ ⊒⟩⊔⟨ ⊣\ ⌉§√↕⊣\⊣⊔⟩≀\ ⟩\ ⊒⟨⟩⌋⟨ ∇⌉√⌉⊔⟩⊔⟩≀\ ⇕⊓∫⊔ ∇⌉↕† ≀\ √⊣∇⊔⟩⊣↕↕† ⟩⇕√⊣⟩∇⌉⌈ ∫⌉⇕⊣\⊔⟩⌋ ⇕⌉⌈⟩⊣⊔⟩≀\⇔ ⌊⌉⌋⊣⊓∫⌉ ⌈⊣⇕⊣}⌉ ⟨⊣∫ ⌉↕⟩⇕⟩\⊣⊔⌉⌈ ⊔⟨⌉ ∫⊔⊣\⌈⊣∇⌈⇔ ⌈⟩∇⌉⌋⊔ ∇≀⊓⊔⌉ {∇≀⇕ ⟩\√⊓⊔ √⟨≀\≀↕≀}† ⊔≀ ≀⊓⊔√⊓⊔ √⟨≀\≀↕≀}† ⇐∫⌉⌉ M≀∇⊔≀\⇔ ∞∃∀′∅ H≀⊒⊣∇⌈ ↘ F∇⊣\‖↕⟩\⇔ ∞∃∀∀∅ K⊣⊔‡ ↘ G≀≀⌈}↕⊣∫∫⇔ ∞∃∃′⇒↙ M⊣∇⊔⟩\ ⌉⊔ ⊣↕↙ ⇐N≀⊔⌉ ∈⇒ ⌈⌉∫⌋∇⟩⌊⌉ ⊣ ⌋≀\\⌉⌋⊔⟩≀\⟩∫⊔ ∫⟩⇕⊓↕⊣⊔⟩≀\ ≀{ ⌈⌉⌉√ ⌈†∫↕√⟨⊣∫⟩⊣ ⊒⟨⟩⌋⟨ ⌉⇕⌊≀⌈⟩⌉∫ ∇⊣⊔⟨⌉∇ ⌈⟩{{⌉∇⌉\⊔ ⊣∫∫⊓⇕√⊔⟩≀\∫ {∇≀⇕ ≀⊓∇∫ ⊣⌊≀⊓⊔ ⊔⟨⌉ ≀∇⟩}⟩\∫ ≀{ ⊔⟨⌉ √⊣⊔⟩⌉\⊔∫≃ ⌈⟩{⊘⌋⊓↕⊔⟩⌉∫↙ I{ ∫⌉⇕⊣\⊔⟩⌋ ⇕⌉⌈⟩⊣⊔⟩≀\ ⟩\ ⊒∇⟩⊔⟩\} ≀√⌉∇⊣⊔⌉∫ ⌊† √∇⟩\⌋⟩√↕⌉∫ ⊣\⊣↕≀}≀⊓∫ ⊔≀ ⊔⟨≀∫⌉ {≀∇ ∇⌉⊣⌈⟩\}⇔ ⊔⟨⌉\ ⊔⟨⌉ ⌋≀∇∇⌉∫√≀\⌈⟩\} √⊣⊔⊔⌉∇\ ≀{ ∫†⇕√⊔≀⇕∫ ⊒≀⊓↕⌈ ⌊⌉ ⌉§√⌉⌋⊔⌉⌈ ⊔≀ ∇⌉∫⊓↕⊔ {∇≀⇕ ↕⌉∫⟩≀\∫↙ I\ {⊣⌋⊔⇔ ⌉∫∫⌉\⊔⟩⊣↕↕† ⊔⟨⌉ ∫⊣⇕⌉ ⊣∇}⊓⇕⌉\⊔∫ ⊔⟨⊣⊔ ⊣√√↕† {≀∇ ⌈⌉⌉√ ⌈†∫↕⌉§⟩⊣ ⊣↕∫≀ ⊣√√↕† {≀∇ ⌈⌉⌉√ ⌈†∫}∇⊣√⟨⟩⊣ ⇐∫⌉⌉ ⌉↙}↙ B⊓⌊ ↘ K⌉∇⊔⌉∫‡⇔ ∞∃∀∈∅ N⌉⊒⌋≀⇕⌊⌉ ↘ M⊣∇∫⟨⊣↕↕⇔ ∞∃∀△∅ H≀⊒⊣∇⌈ ↘ F∇⊣\‖↕⟩\⇔ ∞∃∀∀⇒↙ S√⌉⌋⟩⊘⌋⊣↕↕†⇔ √⟨≀\≀↕≀}⟩⌋⊣↕ ⇕⌉⌈⟩⊣⊔⟩≀\ ⟩\ ⊒∇⟩⊔⟩\} ⟩∫ ⟩\≀√⌉∇⊣⊔⟩⊑⌉⇔ ⊣\⌈ ∫⌉⇕⊣\⊔⟩⌋ ⇕⌉⌈⟩⊣⊔⟩≀\ ∫⊓{{⌉∇∫ {∇≀⇕ ⌈⊣⇕⊣}⌉ ⌋≀⇕√↕⟩⇕⌉\⊔⊣∇† ⊔≀ ⊔⟨⊣⊔ ⟩\ ⊔⟨⌉ ∇⌉⊣⌈⟩\} √∇≀⌋⌉∫∫⌉∫ ∫⟩⇕⊓↕⊣⊔⌉⌈ ⟩\ ⌋⊓∇∇⌉\⊔ ⊒≀∇‖↙ T⟨⟩∇⌈ ⊣\⌈ ⇕≀∇⌉ }⌉\⌉∇⊣↕↕†⇔ ⊣\† ⌈≀⇕⊣⟩\ ⊔⟨⊣⊔ ⟩\⊑≀↕⊑⌉∫ ⇕⊣√√⟩\} ⌊⌉⊔⊒⌉⌉\ ⊣∇⌊⟩⊔∇⊣∇⟩↕†↖∇⌉↕⊣⊔⌉⌈ ⌈≀↖ ⇕⊣⟩\∫⇔ ⊣\⊣↕≀}≀⊓∫ ⊔≀ ≀∇⊔⟨≀}∇⊣√⟨† ⊣\⌈ ∫⌉⇕⊣\⊔⟩⌋∫⇔ ⊒≀⊓↕⌈ ⌊⌉ ⌉§√⌉⌋⊔⌉⌈ ⊔≀ }⟩⊑⌉ ∇⟩∫⌉ ⊔≀ ⌉∇∇≀∇ √⊣⊔⊔⌉∇\∫ ⊔⟨⊣⊔ ⊣∇⌉ ⊣\⊣↕≀}≀⊓∫ ⊔≀ ⊔⟨≀∫⌉ {≀⊓\⌈ ⟩\ ⌈⌉⌉√ ⌈†∫↕⌉§⟩⊣ ⇐⌉§⌋⌉√⊔ {≀∇ ⊣∫√⌉⌋⊔∫ ⊔⟨⊣⊔ ⊣∇⌉ ∫√⌉⌋⟩⊘⌋ ⊔≀ ≀∇⊔⟨≀}∇⊣√⟨† ≀∇ ∫⌉⇕⊣\⊔⟩⌋∫⇔ ∫⊓⌋⟨ ⊣∫ ⊔⟨⌉ ⌉{{⌉⌋⊔∫ ≀{ ⊣⌊∫⊔∇⊣⌋⊔\⌉∫∫⇒↙ I\ {⊣⌋⊔⇔ P↕⊣⊓⊔ ↘ S⟨⊣↕↕⟩⌋⌉ ⇐N≀⊔⌉ △⇒ ⊣⌋⌋≀⊓\⊔ {≀∇ ⊔⟨⌉ ∫⌉⇕⊣\⊔⟩⌋ ⊣\⌈ √⌉∇∫⌉⊑⌉∇⊣⊔⟩⊑⌉ ⟩\⊙⊓⌉\⌋⌉∫ ⟩\ ⊔⟨⌉ ⊑⟩∫⊓⊣↕ \⊣⇕⟩\} ⌉∇∇≀∇∫ ≀{ ≀√⊔⟩⌋ ⊣√⟨⊣∫⟩⌋∫ ⌊† }⌉\⌉∇↖ ⊣↕⟩‡⟩\} ⊔⟨⌉ ⌋⊓∇∇⌉\⊔ ⊣√√∇≀⊣⌋⟨ ⊔≀ ⊔⟨⌉ ⇕⊣√√⟩\} {∇≀⇕ ⟨⟩}⟨↖↕⌉⊑⌉↕ ⊑⟩∫⊓⊣↕ ∇⌉√∇⌉∫⌉\⊔⊣⊔⟩≀\∫ ≀{ ≀⌊|⌉⌋⊔∫ ≀\⊔≀ ∫⌉⇕⊣\⊔⟩⌋∫↙ ↙̸▽ T⟨⌉ ⟩⇕√⊣⌋⊔ ≀{ ⌋≀\\⌉⌋⊔⟩≀\⟩∫⊔ ⇕≀⌈⌉↕⟩\} ⟩\ \⌉⊓∇≀√∫†⌋⟨≀↕≀}† D⌉⌉√ ⌈†∫↕⌉§⟩⊣ ⊒⊣∫ ⊘∇∫⊔ ⌈⌉∫⌋∇⟩⌊⌉⌈ ⟩\ ⊣ ∫⟩\}↕⌉ √⊣⊔⟩⌉\⊔⇔ GR ⇐M⊣∇∫⟨⊣↕↕ ↘ N⌉⊒⌋≀⇕⌊⌉⇔ ∞∄⇒⇔ ⌊⊓⊔ ⟩⊔ ∫≀≀\ ⌊⌉}⊣\ ⊔≀ ⌊⌉ ⌋≀\⌋⌉⟩⊑⌉⌈ ⊣∫ ⊣ ⊖∫†⇕√⊔≀⇕↖⌋≀⇕√↕⌉§⪰ ⇐M⊣∇∫⟨⊣↕↕ ↘ N⌉⊒⌋≀⇕⌊⌉⇔ ∞∃∋⇒⇔ ⊣\⌈ ⊔⟨⌉\ ⊣∫ ⊣ ⊖∫†\⌈∇≀⇕⌉⪰�⊔⟨⊣⊔ ⟩∫⇔ ⊣∫ ⊣ ⌋≀↕↕⌉⌋⊔⟩≀\ ≀{ ⌊⌉⟨⊣⊑⟩≀∇∫ ⊣∇⟩∫⟩\} {∇≀⇕ ⊣ ∫√⌉⌋⟩⊘⌋ {⊓\⌋⊔⟩≀\⊣↕ ⟩⇕√⊣⟩∇⇕⌉\⊔ ⇐C≀↕⊔⟨⌉⊣∇⊔⇔ ∞∃∀′⊣∅ M⊣∇∫⟨⊣↕↕ ↘ N⌉⊒⌋≀⇕⌊⌉⇔ ∞∃∀′⇒↙ A↕⇕≀∫⊔ ⟩⇕⇕⌉⌈⟩⊣⊔⌉↕† ⊔⟨⟩∫ √≀∫⟩⊔⟩≀\ ⊒⊣∫ ⌋∇⟩⊔⟩⌋⟩‡⌉⌈↙ M≀∇⊔≀\ ↘ P⊣⊔⊔⌉∇∫≀\ ⇐∞∃∀′⇒ ∇⌉|⌉⌋⊔⌉⌈ ⊔⟨⌉ ⌋≀\⌋⌉√⊔ ≀{ ⊣ ∫†\⌈∇≀⇕⌉↙ S⟨⊣↕↕⟩⌋⌉ ↘ W⊣∇∇⟩\}⊔≀\ ⇐∞∃∀′⇒ ⊣∇}⊓⌉⌈ ⊔⟨⊣⊔ ⊔⟨⌉ √⊣⊔⊔⌉∇\ ≀{ ∫†⇕√⊔≀⇕∫ ⌋≀⊓↕⌈ ⟨⊣⊑⌉ ⊣ \⊓⇕⌊⌉∇ ≀{ ⌈⟩{{⌉∇⌉\⊔ ≀∇⟩}⟩\∫ ⇐⊣↕∫≀ ∫⌉⌉ C≀↕⊔⟨⌉⊣∇⊔ ↘ F⊓\\⌉↕↕⇔ ∞∃∀⇒↙ C⊣∇⊣⇕⊣‡‡⊣ ⇐∞∃∀△⇒ ⊣\⌈ S⌋⟨⊒⊣∇⊔‡ ⇐∞∃∀△⇒ ⊣∇}⊓⌉⌈ ⊣}⊣⟩\∫⊔ ⊔⟨⌉ }⌉\⌉∇⊣↕ ⇕⌉⊔⟨≀⌈≀↕≀}† ∈▽T⟨⌉ √⊣⊔⟩⌉\⊔∫ √∇≀⌈⊓⌋⌉ ⊑⟩∇⊔⊓⊣↕↕† \≀ ∫⌉⇕⊣\⊔⟩⌋ ⌉∇∇≀∇∫⇔ ⊒⟨⟩↕⌉ ⊔⟨⌉ ∫⟩⇕⊓↕⊣⊔⟩≀\ √∇≀⌈⊓⌋⌉∫ ∫≀⇕⌉ ⇐⌊⊓⊔ ⊑⌉∇† {⌉⊒ ∇⌉↕⊣⊔⟩⊑⌉ ⊔≀ ⊔⟨⌉ ↕⌉∫⟩≀\ ∫⟩⇕⊓↕⊣⊔⟩≀\∫⇒↙ H≀⊒⌉⊑⌉∇⇔ ⟩⊔ ∫⟨≀⊓↕⌈ ⌊⌉ \≀⊔⌉⌈ ⊔⟨⊣⊔ ⊔⟨⌉ √⊣⊔⟩⌉\⊔∫ ⇕⊣† ⌊⌉ ⊣⌊↕⌉ ⊔≀ ⇕⊣‖⌉ ∫≀⇕⌉ ⊓∫⌉ ≀{ ≀∇⊔⟨≀}∇⊣√⟨⟩⌋↖ ⊔≀↖√⟨≀\≀↕≀}⟩⌋⊣↕ √∇≀⌋⌉∫∫⇔ \≀⊔ ⊣⊑⊣⟩↕⊣⌊↕⌉ ⊔≀ ⊔⟨⌉ \⌉⊔⊒≀∇‖⇔ ⊔≀ ⌉⌈⟩⊔ ≀⊓⊔ ∫⌉⇕⊣\⊔⟩⌋ ⌉∇∇≀∇∫↙

̸GENERAL DISCUSSION ∞′△ ≀{ ⊣∫∫⊓⇕⟩\} ⊔⟨⊣⊔ {∇⌉∐⊓⌉\⊔↕† ≀⌊∫⌉∇⊑⌉⌈ ⌋≀⇕⌊⟩\⊣⊔⟩≀\∫ ≀{ ∫†⇕√⊔≀⇕∫ ∇⌉√∇⌉∫⌉\⊔⌉⌈ ⊔⟨⌉ ⌉{{⌉⌋⊔∫ ≀{ ⊣ ∫⟩\}↕⌉ ⊓\⌈⌉∇↕†⟩\} ⟩⇕√⊣⟩∇⇕⌉\⊔↙ O\⌉ ≀{ ⊓∫ ⇐S⟨⊣↕↕⟩⌋⌉⇔ ∞∃∀∀⇒⇔ ⊒⟨⟩↕⌉ ⊒⟩↕↕⟩\} ⊔≀ ⊣⌋⌋⌉√⊔ ∫†\⌈∇≀⇕⌉∫ ⌊⊣∫⌉⌈ ≀\ ⌈⟩∫∫≀⌋⟩⊣⊔⟩≀\∫⇔ ∇⌉|⌉⌋⊔⌉⌈ ⌉∇∇≀∇∫ ⟩\ √⊣∇⊔⟩⌋⊓↕⊣∇ ⊣∫ ⊣ {∇⊓⟩⊔{⊓↕ ⌊⊣∫⟩∫ ≀\ ⊒⟨⟩⌋⟨ ⊔≀ }⌉\⌉∇⊣↕⟩‡⌉ ⊣⌋∇≀∫∫ √⊣⊔⟩⌉\⊔∫↙ E⊑⌉\ C≀↕⊔⟨⌉⊣∇⊔⇔ P⊣⊔⊔⌉∇∫≀\ ⊣\⌈ M⊣∇∫⟨⊣↕↕ ⇐∞∃∀⇒⇔ ⟩\ ⊔⟨⌉⟩∇ ↕⊣⊔⌉∇ ∇⌉⊑⟩⌉⊒⇔ ∫⌉⌉⇕ ∇⊣⊔⟨⌉∇ √⌉∫∫⟩⇕⟩∫⊔⟩⌋ ⊣⌊≀⊓⊔ ⌋⟨⊣∇⊣⌋⊔⌉∇⟩‡⟩\} ⌈⌉⌉√ ⌈†∫↕⌉§⟩⊣ ⊣∫ ⊣ ∫†\⌈∇≀⇕⌉⇔ ⊓\↕⌉∫∫ ⊔⟨⌉ ∇⟩}⟨⊔ ⟨⌉⇕⟩∫√⟨⌉∇⌉ ⊔⟨⌉≀∇† ⊒⌉∇⌉ ⌋≀∇∇⌉⌋⊔↙ T⟨⌉ √∇⌉∫⌉\⊔ ⟩\⊑⌉∫⊔⟩}⊣⊔⟩≀\ ⟨⊣∫ ⌊≀⊔⟨ √≀∫⟩⊔⟩⊑⌉ ⊣\⌈ \⌉}⊣⊔⟩⊑⌉ ⊔⟨⌉≀∇⌉⊔⟩⌋⊣↕ ⟩⇕√↕⟩⌋⊣⊔⟩≀\∫ {≀∇ ⊔⟨⌉ ⊑⊣↕⟩⌈⟩⊔† ≀{ ⊔⟨⌉ ⌋≀\⌋⌉√⊔ ≀{ ⊣ ⊖∫†\⌈∇≀⇕⌉⇔⪰ ⟩\ ⌈⌉⌉√ ⌈†∫↕⌉§⟩⊣ ⊣\⌈ ⇕≀∇⌉ }⌉\⌉∇⊣↕↕†↙ O\ ⊔⟨⌉ √≀∫⟩⊔⟩⊑⌉ ∫⟩⌈⌉⇔ ⊔⟨⌉ ⊒≀∇‖ ⊒⊣∫ ⇕≀⊔⟩⊑⊣⊔⌉⌈ ⌊† ⊔⟨⌉ √≀∫∫⟩⌊⟩↕⟩⊔† ⊔⟨⊣⊔ ⌈⌉⌉√ ⌈†∫↕⌉§⟩⊣ ⟩∫ ⟩\⌈⌉⌉⌈ ⊣ ⌋≀⟨⌉∇⌉\⊔ {⊓\⌋⊔⟩≀\⊣↕ ⌉\⊔⟩⊔†↙ H≀⊒⌉⊑⌉∇⇔ ⊔⟨⌉∇⌉ ⟩∫ ⊣ ⌋∇⟩⊔⟩⌋⊣↕ ⌈⟩{{⌉∇⌉\⌋⌉ ⟩\ ⊔⟨⌉ \⊣⊔⊓∇⌉ ≀{ ⊔⟨⌉ {⊓\⌋⊔⟩≀\⊣↕ ⌉\⊔⟩⊔† ⊣∫ ⌉\⊑⟩∫⊣}⌉⌈ ⟩\ ⊔⟨⌉ ⌋⊓∇∇⌉\⊔ ∇⌉∫⌉⊣∇⌋⟨⇔ ⊣\⌈ ⊔⟨⌉ {≀∇⇕⊓↕⊣⊔⟩≀\ ⊔⟨⊣⊔ ⟨⊣∫ ⌊⌉⌉\ ⊣⌋⌋⌉√⊔⌉⌈⇔ ⌉⟩⊔⟨⌉∇ ⟩⇕√↕⟩⌋⟩⊔↕† ≀∇ ⌉§√↕⟩⌋⟩⊔↕†⇔ ⌊≀⊔⟨ ⌊† ⌋∇⟩⊔⟩⌋∫ ⇐⌉↙}↙ C⊣∇⊣⇕⊣‡‡⊣⇔ ∞∃∀△∅ ∞∃∀⇏ ⊣\⌈ ⌊† ⌈⌉{⌉\⌈⌉∇∫ ⇐⌉↙}↙ C≀↕⊔⟨⌉⊣∇⊔⇔ ∞∃∀′⊣∅ S⟨⊣↕↕⟩⌋⌉⇔ ∞∃∀∀⇒ ≀{ ⊔⟨⌉ ∫†\⌈∇≀⇕⌉ ⌋≀\⌋⌉√⊔↙ A⌋⌋≀∇⌈⟩\} ⊔≀ ⊔⟨⟩∫ ∫⊔⊣\⌈⊣∇⌈ {≀∇⇕⊓↕⊣⊔⟩≀\⇔ ⟩{ ⊣ ∫†⇕√⊔≀⇕↖⌋≀⇕√↕⌉§ ⟩∫ ⊔≀ ⌊⌉ ≀{ ⊔⟨⌉≀∇⌉⊔⟩⌋⊣↕ ⟩\⊔⌉∇⌉∫⊔⇔ ⟩⊔ ⇕⊓∫⊔ ⊣∇⟩∫⌉ {∇≀⇕ ⊔⟨⌉ ∫⊣⇕⌉ {⊓\⌋⊔⟩≀\⊣↕ ↕⌉∫⟩≀\ ∫⟩⊔⌉ {≀∇ ⊣↕↕ √⊣⊔⟩⌉\⊔∫ ⊒⟨≀ ⌉§⟨⟩⌊⟩⊔ ⟩⊔↙ I{ ⟩⊔ ⌋⊣\ ⌊⌉ ⌈⌉⇕≀\∫⊔∇⊣⊔⌉⌈ ⊔⟨⊣⊔ ∫≀⇕⌉ ⊣∫√⌉⌋⊔∫ ≀{ ⊔⟨⌉ ∫†⇕√⊔≀⇕↖⌋≀⇕√↕⌉§ ⌈≀ \≀⊔ ⊣↕⊒⊣†∫ ⌋≀↖≀⌋⌋⊓∇ ⊣⌋∇≀∫∫ √⊣⊔⟩⌉\⊔∫⇔ ⊔⟨⌉\ ⊔⟨⟩∫ ⟩∫ ⌋≀\∫⟩⌈⌉∇⌉⌈ ⌉⊑⟩⌈⌉\⌋⌉ ⊔⟨⊣⊔ ⊔⟨⌉ ∫†⇕√⊔≀⇕↖⌋≀⇕√↕⌉§ ⌋⊣\ ⊣∇⟩∫⌉ {∇≀⇕ ⇕≀∇⌉ ⊔⟨⊣\ ≀\⌉ ↕≀⌋⊓∫ ≀{ ⌈⊣⇕⊣}⌉↙ T⟨⌉ ∫†⇕√⊔≀⇕↖⌋≀⇕√↕⌉§ ⌊⌉⌋≀⇕⌉∫ ⊣ ⊖√∫†⌋⟨≀↕≀}⟩⌋⊣↕↕† ⊒⌉⊣‖ ∫†\⌈∇≀⇕⌉⪰ ⊣\⌈ ⟨⌉\⌋⌉ ≀{ ↕⟩⊔⊔↕⌉ ≀∇ \≀ ⊔⟨⌉≀∇⌉⊔⟩⌋⊣↕ ⟩\⊔⌉∇⌉∫⊔ ⇐∫⌉⌉ C⊣∇⊣⇕⊣‡‡⊣⇔ ∞∃∀△∅ C≀↕⊔⟨⌉⊣∇⊔⇔ ∞∃∀′⊣⇔ {≀∇ ∇⌉↕⌉⊑⊣\⊔ ⌈⟩∫⌋⊓∫∫⟩≀\⇒↙ W⟨⟩↕⌉ ⊔⟨⟩∫ ↕≀}⟩⌋ ∫⌉⌉⇕∫ ⊣√√∇≀√∇⟩⊣⊔⌉ {≀∇ ⊔⟨⌉≀∇⌉⊔⟩⌋⊣↕ ⊣\⊣↕†∫⌉∫ ⟩\ ⊔⌉∇⇕∫ ≀{ ⌋≀\⊑⌉\⊔⟩≀\⊣↕ ⊖⌊≀§↖⊣\⌈↖ ⊣∇∇≀⊒⪰ ∫†∫⊔⌉⇕∫⇔ ⊔⟨⌉ √∇⌉∫⌉\⊔ ∇⌉∫⌉⊣∇⌋⟨ ∫⟨≀⊒∫ ⊔⟨⊣⊔ ⟩⊔ ⟩∫ \≀⊔ ⊣√√∇≀√∇⟩⊣⊔⌉ {≀∇ ⊣⊔ ↕⌉⊣∫⊔ ∫≀⇕⌉ ⌋≀\\⌉⌋⊔⟩≀\⟩∫⊔ ∫†∫⊔⌉⇕∫↙ P⊣∇⊔ ≀{ ⊔⟨⌉ ≀⊑⌉∇⊣↕↕ ∫†⇕√⊔≀⇕ √⊣⊔⊔⌉∇\ ⇕⊣† ≀⌋⌋⊓∇ ⊣∫ ⊣ ∇⌉∫⊓↕⊔ ≀{ ↕⌉∫⟩≀\∫ ⟩\ ⇕⊣\† √⊣∇⊔∫ ≀{ ⊣ ⌋≀⇕√↕⌉§ ∫†∫⊔⌉⇕⇔ {≀∇ ∇⌉⊣∫≀\∫ ⊔⟨⊣⊔ ⌈⌉∇⟩⊑⌉ ⌈⟩∇⌉⌋⊔↕† {∇≀⇕ ⊔⟨⌉ \⊣⊔⊓∇⌉ ≀{ ⊔⟨⌉ ⌋≀⇕√⊓⊔⊣⊔⟩≀\ ⊔⟨⊣⊔ ⊔⟨⌉ ⊒⟨≀↕⌉ ∫†∫⊔⌉⇕ ⟩∫ ⌋⊣∇∇†⟩\} ≀⊓⊔↙ A\ ⌉§⊣⇕√↕⌉ ⟩∫ }⟩⊑⌉\ ⟩\ ⊔⟨⌉ √∇⌉∫⌉\⊔ ∫⟩⇕⊓↕⊣⊔⟩≀\∫ ⌊† ⊔⟨⌉ ∐⊓⊣↕⟩⊔⊣⊔⟩⊑⌉ ∫⟩⇕⟩↕⊣∇⟩⊔† ≀{ ⌉∇∇≀∇ √⊣⊔⊔⌉∇\∫ ⊒⟨⌉\⌉⊑⌉∇ ↕⌉∫⟩≀\∫ ⊣∇⌉ ⇕⊣⌈⌉ ⌊⌉⊔⊒⌉⌉\ ≀∇⊔⟨≀}∇⊣√⟨⟩⌋ ⟩\√⊓⊔ ⊣\⌈ ∫⌉⇕⊣\⊔⟩⌋ ≀⊓⊔√⊓⊔↙ A⊔ ⊔⟨⌉ ∫⊣⇕⌉ ⊔⟩⇕⌉⇔ ≀⊔⟨⌉∇ ⊣∫√⌉⌋⊔∫ ≀{ ⊔⟨⌉ ∫†⇕√⊔≀⇕↖⌋≀⇕√↕⌉§ ⇕⊣† ⌈⟩{{⌉∇ ⌊⌉⊔⊒⌉⌉\ ↕⌉∫⟩≀\ ∫⟩⊔⌉∫↙ T⟨⊓∫ ↕⌉∫⟩≀\∫ ⊔≀ ⊔⟨⌉ ⌋↕⌉⊣\↖⊓√ \⌉⊔⊒≀∇‖ ⌈≀ \≀⊔ ∫⟨≀⊒ ⊔⟨⌉ ⌋≀\⌋∇⌉⊔⌉ ⊒≀∇⌈ ∫⊓√⌉∇⟩≀∇⟩⊔† ⌉{{⌉⌋⊔∫ ∫⟨≀⊒\ ⌊† ↕⌉∫⟩≀\∫ ⊔≀ ⊔⟨⌉ ⌈⟩∇⌉⌋⊔ √⊣⊔⟨⊒⊣†⇔ ⌉⊑⌉\ ⊔⟨≀⊓}⟨ ⊔⟨⌉† √∇≀⌈⊓⌋⌉ ⊔⟨⌉ ∫⊣⇕⌉ √⊣⊔⊔⌉∇\∫ ≀{ ⊑⟩∫⊓⊣↕ ⊣\⌈ ∫⌉⇕⊣\⊔⟩⌋ ∫⟩⇕⟩↕⊣∇⟩⊔† ⟩\ ⌉∇∇≀∇∫ ⇐∫⌉⌉ S⌉⌋⊔⟩≀\ ▽↙▽⇒↙ T⟨⟩∫ ⇕⌉⊣\∫ ⊔⟨⊣⊔⇔ ⌉⊑⌉\ ⊒⟨⌉\ √⊣⊔⟩⌉\⊔∫ ⌈⟩{{⌉∇ ⟩\ ∫≀⇕⌉ ∇⌉∫√⌉⌋⊔∫⇔ ⊔⟨⌉ ⊣∫√⌉⌋⊔∫ ≀{ ⊔⟨⌉⟩∇ ⌊⌉⟨⊣⊑⟩≀∇ ⊔⟨⊣⊔ ⊣∇⌉ ∫⟩⇕⟩↕⊣∇ ⇕⊣† ∫⊔⟩↕↕ ⊣∇⟩∫⌉ {∇≀⇕ ⊣ ⌋≀⇕⇕≀\ {⊓\⌋⊔⟩≀\⊣↕ ≀∇⟩}⟩\↙ T⟨⊓∫ ⌋≀\∫⟩⌈⌉∇⟩\} ⊔⟨⌉∫⌉ √⊣⊔⟩⌉\⊔∫ ⊔≀}⌉⊔⟨⌉∇ ⇕⊣† ⌊⌉ ⊣ ⊑⊣↕⊓⊣⌊↕⌉ }⊓⟩⌈⌉ ⊔≀ ⊓\⌈⌉∇∫⊔⊣\⌈⟩\} ⊔⟨⌉ ⟩⇕√⊣⟩∇⌉⌈ ∫†∫⊔⌉⇕↙ I\ ⊔⟨⟩∫ ⊒⊣†⇔ ⌉⊑⌉\ ⊔⟨⌉ ⌉§⟩∫⊔⌉\⌋⌉ ≀{ ∫≀↖⌋⊣↕↕⌉⌈ ⊖⊒⌉⊣‖ ∫†\⌈∇≀⇕⌉∫⪰ ⌋⊣\ ⌊⌉ ⊔⟨⌉≀∇⌉⊔⟩⌋⊣↕↕† √∇≀⌈⊓⌋⊔⟩⊑⌉↙ T⟨⌉∇⌉ ⟩∫ ⊣↕∫≀ ⊣ \⌉}⊣⊔⟩⊑⌉ ∫⟩⌈⌉ ⊔≀ ⊔⟨⌉ }⌉\⌉∇⊣↕ ⇕⌉⊔⟨≀⌈≀↕≀}⟩⌋⊣↕ ⟩⇕√↕⟩⌋⊣⊔⟩≀\∫ ≀{ ⊔⟨⌉ ⌋⊓∇∇⌉\⊔ ∫⟩⇕⊓↖ ↕⊣⊔⟩≀\∫↙ H⟩\⊔≀\ ↘ S⟨⊣↕↕⟩⌋⌉ ⇐∞∃∃∞⇒ ∫⟨≀⊒⌉⌈ ⊔⟨⊣⊔ ⊣ ⊖∫⊔∇≀\} ⌈⟩∫∫≀⌋⟩⊣⊔⟩≀\⪰ ⇐S⟨⊣↕↕⟩⌋⌉⇔ ∞∃∀∀⇒ ⌊⌉⊔⊒⌉⌉\ ⊔⟨⌉ √∇≀⌋⌉∫∫⟩\} ≀{ ⌈⟩{{⌉∇⌉\⊔ ∫⌉⇕⊣\⊔⟩⌋ ⌋⊣⊔⌉}≀∇⟩⌉∫ ⌋⊣\ ≀⌋⌋⊓∇ ⊒⟨⌉\ √⊣∇⊔⟩⌋⊓↕⊣∇ ↕⌉∫⟩≀\∫ ⊣∇⌉ ⇕⊣⌈⌉ ⊔≀ ⊔⟨⌉ ⌋↕⌉⊣\↖⊓√ √⊣⊔⟨⊒⊣†↙ T⟨⌉ ⌋⊣⊔⌉}≀∇† ⊖{≀≀⌈∫⪰ ⊒⊣∫ ∫⌉↕⌉⌋⊔⟩⊑⌉↕† √∇⌉∫⌉∇⊑⌉⌈ ⟩\ ⊣ ∫⊔∇⟩‖⟩\} ⇕⊣\\⌉∇↙ H≀⊒⌉⊑⌉∇⇔ ⊒⟨⌉\ ↕⌉∫⟩≀\∫ ⊒⌉∇⌉ ⇕⊣⌈⌉ ⊔≀ ⊣ ∫⌉⌋≀\⌈ \⌉⊔⊒≀∇‖ ⊒⟨⟩⌋⟨ ⊒⊣∫ ⌉∫∫⌉\⊔⟩⊣↕↕† ⊔⟨⌉ ∫⊣⇕⌉ ⌉§⌋⌉√⊔ {≀∇ ⊔⟨⌉ ⊓∫⌉ ≀{ ⊣ ⌈⟩{{⌉∇⌉\⊔ ∇⊣\⌈≀⇕ ∫⊔⊣∇⊔⟩\} √≀⟩\⊔ {≀∇ ⊔⟨⌉ ↕⌉⊣∇\⟩\} √∇≀⌋⌉⌈⊓∇⌉⇔ ⊔⟨⌉ ⌈⟩∫∫≀⌋⟩⊣⊔⟩≀\ ⌈⟩⌈ \≀⊔ ≀⌋⌋⊓∇↙ T⟨⌉ √∇⌉∫⌉\⊔ ∫⟩⇕⊓↕⊣⊔⟩≀\∫ ∫⟨≀⊒ ∫⟩⇕⟩↕⊣∇↕† ⌈∇⊣⇕⊣⊔⟩⌋ ⌉{{⌉⌋⊔∫ ⊒⟨⌉\ ⊔⟨⌉ ∫⊣⇕⌉ ∫⌉⊔ ≀{ ⌋≀\\⌉⌋⊔⟩≀\∫ ⊣∇⌉ ↕⌉∫⟩≀\⌉⌈⇔ ⌊⊓⊔ ⊣}⊣⟩\⇔ ⇕⟩\≀∇ ⌋⟨⊣\}⌉∫ ⟩\ ⊣∇⌋⟨⟩⊔⌉⌋⊔⊓∇⌉ ↕⌉⊣⌈ ⊔≀ ⌈⟩{{⌉∇⌉\⊔ ⌋⊣⊔⌉}≀∇† ⌉{{⌉⌋⊔∫¬ ⊖⊣\⟩⇕⊣↕∫⪰ ⊒⌉∇⌉ √⌉∇↖ {≀∇⇕⌉⌈ ≀⊑⌉∇ ∈′ ⊔⟩⇕⌉∫ ⌊⌉⊔⊔⌉∇ ⊔⟨⊣\ ⊖⌊≀⌈† √⊣∇⊔∫⪰ {≀∇ ⊔⟨⌉ ∞′↖∞▽⌈ \⌉⊔⊒≀∇‖⇔ ⊣\⌈ ≀⊑⌉∇ ⊔⟨∇⌉⌉ ⊔⟩⇕⌉∫ ⌊⌉⊔⊔⌉∇ ⊔⟨⊣\ ⊖≀⊓⊔⌈≀≀∇ ≀⌊|⌉⌋⊔∫⪰ ⟩\ ⊔⟨⌉ △′↖△′{⌊ \⌉⊔⊒≀∇‖ ⇐∫⌉⌉ F⟩}⊓∇⌉ ∋↙▽⇔ √↙ ▽′⇒↙ I⊔ ⊒≀⊓↕⌈ ⊣√√⌉⊣∇ ⊔⟨⊣⊔ ⊔⟨⌉ ∫⊔∇≀\} ⌈⟩∫∫≀⌋⟩⊣⊔⟩≀\∫ ≀⌊⊔⊣⟩\⌉⌈ ⇕⊣† ∇⌉⊙⌉⌋⊔ ⟩⌈⟩≀∫†\⌋∇⊣∫⟩⌉∫ ⟩\ ⊔⟨⌉ ↕⌉⊣∇\⟩\} ⌉§√⌉∇⟩⌉\⌋⌉ ≀{ √⊣∇⊔⟩⌋⊓↕⊣∇ \⌉⊔⊒≀∇‖∫↙ F⟩{⊔⌉⌉\ †⌉⊣∇∫ ⊣}≀⇔ M⊣∇⟩\⇔ S⊣{{∇⊣\ ⊣\⌈ S⌋⟨⊒⊣∇⊔‡ ⇐∞∃⇏ ∇⌉∫√≀\⌈⌉⌈ ⊔≀ ⌋∇⟩⊔⟩⌋⟩∫⇕∫ ≀{ ⊔⟨⌉ ∇⌉↕⌉⊑⊣\⌋⌉ ≀{ \⌉⊓∇≀√∫†⌋⟨≀↕≀}⟩⌋⊣↕ ⊘\⌈⟩\}∫ {≀∇ ⊓\⌈⌉∇∫⊔⊣\⌈⟩\} \≀∇⇕⊣↕ ⌋≀}\⟩⊔⟩≀\ ⌊† √≀⟩\⊔⟩\} ⊔≀ ⟨⟩}⟨↖⌉\⌉∇}† √⟨†∫⟩⌋∫⇔ ⊒⟨⌉∇⌉ ∫⊔⊓⌈†⟩\} ⊔⟨⌉ ⌉{{⌉⌋⊔∫ ≀{ ∇⊣\⌈≀⇕ ⌈⊣⇕⊣}⌉ ⟨⊣∫ √∇≀⌈⊓⌋⌉⌈ ∫⊓⌊∫⊔⊣\⊔⟩⊣↕ ⊔⟨⌉≀∇⌉⊔⟩⌋⊣↕ ∇⌉∫⊓↕⊔∫↙

̸GENERAL DISCUSSION ∞′▽ T⟨⌉ ∇⌉∫⊓↕⊔∫ ≀⌊⊔⊣⟩\⌉⌈ ⟩\ ⊔⟨⟩∫ √⊣√⌉∇⇔ ⊔≀}⌉⊔⟨⌉∇ ⊒⟩⊔⟨ ⊣\⊣↕†∫⌉∫ ≀{ ⌉∐⊓⟩⊑⊣↕⌉\⊔ ⌈⌉√⊔⟨ ⊔⟨⊣⊔ ⊣∇⌉ ⌊⌉}⟩\\⟩\} ⊔≀ ⌊⌉ ⇕⊣⌈⌉ ≀{ ≀⊔⟨⌉∇ ∫†\⌈∇≀⇕⌉∫ ⊣∫ ⊒⌉↕↕⇔ ∫⊓}}⌉∫⊔ ⊔⟨⊣⊔ ⊔⟨⌉ ⊣\⊣↕≀}† ⇕⊣† ⌊⌉ ⌋↕≀∫⌉∇ ⊔⟨⊣\ M⊣∇⟩\ ⊣\⌈ ⌋≀↕↕⌉⊣}⊓⌉∫ ⟩\⊔⌉\⌈⌉⌈↙ I{ ≀⊓∇ ∫⟩⇕⊓↕⊣⊔⟩≀\∫ ⊣∇⌉ ⊑⊣↕⟩⌈⇔ ⟩\ √∇⟩\⌋⟩√↕⌉ ⌉⊑⌉\ ⟩{ \≀⊔ ⟩\ ⌈⌉⊔⊣⟩↕⇔ ⊔⟨⌉\ \⌉⊓∇≀√∫†⌋⟨≀↕≀}⟩⌋⊣↕ ⌉⊑⟩⌈⌉\⌋⌉⇔ ∫⊓⌋⟨ ⊣∫ ⊔⟨⌉ ⌈⌉⌉√ ⌈†∫↕⌉§⟩⊣ ∫†\⌈∇≀⇕⌉⇔ ⊒⟩↕↕ √∇≀⊑⟩⌈⌉ ∫⊔∇≀\} ∫⊓√√≀∇⊔ {≀∇ ⊣ √⊣∇⊔⟩⌋⊓↕⊣∇ ≀∇}⊣\⟩‡⊣⊔⟩≀\ ≀{ ⊔⟨⌉ ⌋≀}\⟩⊔⟩⊑⌉ ∫†∫⊔⌉⇕ ⊒⟨⟩⌋⟨ ⊒≀⊓↕⌈ √∇≀⌊⊣⌊↕† √∇≀⊑⌉ ⌈⟩{⊘⌋⊓↕⊔ ⊔≀ ≀⌊⊔⊣⟩\ ⌊† ⊔⟨⌉ ⊓∫⌉ ≀{ ⌉§√⌉∇⟩⇕⌉\⊔∫ ≀\ \≀∇⇕⊣↕ ∫⊓⌊|⌉⌋⊔∫↙ O\ ⊔⟨⌉ ≀⊔⟨⌉∇ ⟨⊣\⌈⇔ ⊒⟩⊔⟨≀⊓⊔ ⌈⌉⊔⊣⟩↕⌉⌈ ∫⟩⇕⊓↕⊣⊔⟩≀\∫⇔ ⊣√√∇≀√∇⟩⊣⊔⌉ ⟩\⊔⌉∇√∇⌉⊔⊣⊔⟩≀\∫ ≀{ ⇕⊣\† ⊣∫√⌉⌋⊔∫ ≀{ ⊔⟨⌉ ∫†\⌈∇≀⇕⌉ ⊒≀⊓↕⌈ ⌊⌉ ⊑⟩∇⊔⊓⊣↕↕† ⟩⇕√≀∫∫⟩⌊↕⌉↙ I\ ⊔⟨⟩∫ ⌋⊣∫⌉⇔ ⌋≀}\⟩⊔⟩⊑⌉ \⌉⊓∇≀√∫†⌋⟨≀↕≀}† ⊒⟩↕↕ ⌊⌉\⌉⊘⊔ ⇕≀∫⊔ ⌉§⊔⌉\∫⟩⊑⌉↕† {∇≀⇕ ⊣\ ⟩\⊔⌉∇√↕⊣† ⌊⌉⊔⊒⌉⌉\ ⌉⇕√⟩∇⟩⌋⊣↕ ⊣\⌈ ⌋≀⇕√⊓⊔⊣⊔⟩≀\⊣↕ ⊣√√∇≀⊣⌋⟨⌉∫ ⟩\ {⊓⊔⊓∇⌉ ⊒≀∇‖↙

REFERENCES ∞′ R⌉{⌉∇⌉\⌋⌉∫ A⌋‖↕⌉†⇔ D↙ H↙⇔ H⟩\⊔≀\⇔ G↙ E↙⇔ ↘ S⌉|\≀⊒∫‖⟩⇔ T↙ J↙ ⇐∞∃∀▽⇒↙ A ↕⌉⊣∇\⟩\} ⊣↕}≀∇⟩⊔⟨⇕ {≀∇ B≀↕⊔‡⇕⊣\\ M⊣⌋⟨⟩\⌉∫↙ C≀}\⟩⊔⟩⊑⌉ S⌋⟩⌉\⌋⌉⇔ ∃⇐∈⇒¬∞△∘∞∄↙ A↕↕√≀∇⊔⇔ D↙ A↙ ⇐∞∃∀▽⇒↙ D⟩∫⊔∇⟩⌊⊓⊔⌉⌈ ⇕⌉⇕≀∇†⇔ ⇕≀⌈⊓↕⊣∇ ∫†∫⊔⌉⇕∫ ⊣\⌈ ⌈†∫√⟨⊣∫⟩⊣↙ I\ N⌉⊒⇕⊣\⇔ S↙ K↙ ↘ E√∫⊔⌉⟩\⇔ R↙⇔ ⌉⌈⟩⊔≀∇∫⇔ C⊓∇∇⌉\⊔ P⌉∇∫√⌉⌋⊔⟩⊑⌉∫ ⟩\ D†∫√⟨⊣∫⟩⊣↙ C⟨⊓∇⌋⟨⟩↕↕ L⟩⊑⟩\}∫⊔≀\⌉⇔ E⌈⟩\⌊⊓∇}⟨↙ B⊣∇∇†⇔ C↙ ↘ R⟩⌋⟨⊣∇⌈∫≀\⇔ J↙ T↙ E↙ ⇐∞∃∀∀⇒↙ A⌋⌋≀⊓\⊔∫ ≀{ ≀∇⊣↕ ∇⌉⊣⌈⟩\} ⟩\ ⌈⌉⌉√ ⌈†∫↕⌉§⟩⊣↙ I\ W⟨⟩⊔⊣‖⌉∇⇔ H↙ A↙⇔ ⌉⌈⟩⊔≀∇⇔ P⟨≀\≀↕≀}⟩⌋⊣↕ P∇≀⌋⌉∫∫⟩\} ⊣\⌈ B∇⊣⟩\ M⌉⌋⟨⊣\⟩∫⇕∫↙ S√∇⟩\}⌉∇↖V⌉∇↕⊣}⇔ N⌉⊒ Y≀∇‖↙ B⊣†\⌉∫⇔ K↙ ⇐∞∃∃′⇒↙ L⊣\}⊓⊣}⌉ ⊣\⌈ ∇⌉⊣⌈⟩\} ⟩\ ⊔⟨⌉ ∇⟩}⟨⊔ ⟨⌉⇕⟩∫√⟨⌉∇⌉¬ H⟩}⟨⊒⊣†∫ ≀∇ ⌊†⊒⊣†∫ ≀{ ⊔⟨⌉ ⌊∇⊣⟩\⊥ J≀⊓∇\⊣↕ ≀{ C≀}\⟩⊔⟩⊑⌉ N⌉⊓∇≀∫⌋⟩⌉\⌋⌉⇔ ∈⇐∋⇒¬∞▽∃∘∞∃↙ B⌉∇⟩\}⌉∇⇔ K↙ ↘ S⊔⌉⟩\⇔ J↙ ⇐∞∃∋′⇒↙ A\⊣↕†∫⌉ ⌉⟩\⌉∫ F⊣↕↕⌉∫ ⊑≀\ ⊖R⌉⟩\⌉∇⪰ A↕⌉§⟩⌉↙ Z⌉⟩⊔∫⌋⟨∇⟩{⊔ {�⊓∇ ⌈⟩⌉ G⌉∫⊣⇕⊔⌉ N⌉⊓∇≀↕≀}⟩⌉ ⊓\⌈ P∫†⌋⟨⟩⊣⊔∇⟩⌉⇔ ∞∈∋¬△∋∘△∀↙ B⌉∫\⌉∇⇔ D↙⇔ T⊒⟩↕↕⌉†⇔ L↙⇔ M⌋C⊣\\⇔ R↙ S↙⇔ ↘ S⌉⌉∇}≀⌊⟩\⇔ K↙ ⇐∞∃∃′⇒↙ O\ ⊔⟨⌉ ⌋≀\\⌉⌋⊔⟩≀\ ⌊⌉⊔⊒⌉⌉\ ⌋≀\\⌉⌋⊔⟩≀\⟩∫⇕ ⊣\⌈ ⌈⊣⊔⊣¬ A∇⌉ ⊣ {⌉⊒ ⊒≀∇⌈∫ \⌉⌋⌉∫∫⊣∇†⊥ P∫†⌋⟨≀↕≀}⟩⌋⊣↕ R⌉⊑⟩⌉⊒⇔ ∃⇐∋⇒¬△∋∈∘△△↙̸ B∇†∫≀\⇔ A↙ E↙ ↘ H≀⇔ Y↙ C↙ ⇐∞∃∄⇒↙ A√√↕⟩⌉⌈ O√⊔⟩⇕⊣↕ C≀\⊔∇≀↕↙ B↕⊣⟩∫⌈⌉↕↕⇔ N⌉⊒ Y≀∇‖↙ B⊓⌊⇔ D↙ ↘ K⌉∇⊔⌉∫‡⇔ A↙ ⇐∞∃∀∈⇒↙ D⌉⌉√ ⊣}∇⊣√⟨⟩⊣↙ B∇⊣⟩\ ⊣\⌈ L⊣\}⊓⊣}⌉⇔ ∞¬∞△∘̸∞▽̸↙ C⊣√↕⊣\⇔ B↙ ⇐∞∃∀⇒↙ A∫∫⌉∫∫⇕⌉\⊔ ≀{ ⊓\⟩↕⊣⊔⌉∇⊣↕ \⌉}↕⌉⌋⊔¬ A \⌉⊒ ∇⌉⊣⌈⟩\} ⊔⌉∫⊔↙ J≀⊓∇\⊣↕ ≀{ E§√⌉∇⟩⇕⌉\⊔⊣↕ ⊣\⌈ C↕⟩\⟩⌋⊣↕ N⌉⊓∇≀√∫†⌋⟨≀↕≀}†⇔ ∃⇐△⇒¬∋▽∃∘∋△̸↙ C⊣∇⊣⇕⊣‡‡⊣⇔ A↙ ⇐∞∃∀△⇒↙ T⟨⌉ ↕≀}⟩⌋ ≀{ \⌉⊓∇≀√∫†⌋⟨≀↕≀}⟩⌋⊣↕ ∇⌉∫⌉⊣∇⌋⟨ ⊣\⌈ ⊔⟨⌉ √∇≀⌊↕⌉⇕ ≀{ √⊣⊔⟩⌉\⊔ ⌋↕⊣∫∫⟩⊘⌋⊣⊔⟩≀\ ⟩\ ⊣√⟨⊣∫⟩⊣↙ B∇⊣⟩\ ⊣\⌈ L⊣\}⊓⊣}⌉⇔ ∈∞¬∃∘∈′↙ C⊣∇⊣⇕⊣‡‡⊣⇔ A↙ ⇐∞∃∀⇏↙ O\ ⌈∇⊣⊒⟩\} ⟩\{⌉∇⌉\⌋⌉∫ ⊣⌊≀⊓⊔ ⊔⟨⌉ ∫⊔∇⊓⌋⊔⊓∇⌉ ≀{ \≀∇⇕⊣↕ ⌋≀}\⟩⊔⟩⊑⌉ ∫†∫⊔⌉⇕∫ {∇≀⇕ ⊔⟨⌉ ⊣\⊣↕†∫⟩∫ ≀{ √⊣⊔⊔⌉∇\∫ ≀{ ⟩⇕√⊣⟩∇⌉⌈ √⌉∇{≀∇⇕⊣\⌋⌉¬ T⟨⌉ ⌋⊣∫⌉ {≀∇ ∫⟩\}↕⌉↖√⊣⊔⟩⌉\⊔ ∫⊔⊓⌈⟩⌉∫↙ B∇⊣⟩\ ⊣\⌈ C≀}\⟩⊔⟩≀\⇔ ▽¬△∞∘̸↙ C⊣∇⊣⇕⊣‡‡⊣⇔ A↙ ↘ H⟩↕↕⟩∫⇔ A↙ E↙ ⇐∞∃∃′⇒↙ W⟨⌉∇⌉ ⌈≀ ∫⌉⇕⊣\⊔⟩⌋ ⌉∇∇≀∇∫ ⌋≀⇕⌉ {∇≀⇕⊥ C≀∇⊔⌉§⇔ ∈¬̸∃▽∘∞∈∈↙ C≀↕⊔⟨⌉⊣∇⊔⇔ M↙ ⇐∞∃∀′⊣⇒↙ D⌉⌉√ ⌈†∫↕⌉§⟩⊣¬ A ∇⌉⊑⟩⌉⊒ ≀{ ⊔⟨⌉ ∫†\⌈∇≀⇕⌉↙ I\ C≀↕⊔⟨⌉⊣∇⊔⇔ M↙⇔ P⊣⊔⊔⌉∇∫≀\⇔ K↙ E↙⇔ ↘ M⊣∇∫⟨⊣↕↕⇔ J↙ C↙⇔ ⌉⌈⟩⊔≀∇∫⇔ D⌉⌉√ D†∫↕⌉§⟩⊣⇔ ⌋⟨⊣√⊔⌉∇ ∈⇔ √⊣}⌉∫ ∈∈∘△∀↙ R≀⊓⊔↕⌉⌈}⌉⇔ L≀\⌈≀\↙ C≀↕⊔⟨⌉⊣∇⊔⇔ M↙ ⇐∞∃∀′⌊⇒↙ D⌉⌉√ ⌈†∫↕⌉§⟩⊣¬ A ∇⟩}⟨⊔↖⟨⌉⇕⟩∫√⟨⌉∇⌉ ⟨†√≀⊔⟨⌉∫⟩∫↙ I\ C≀↕⊔⟨⌉⊣∇⊔⇔ M↙⇔ P⊣⊔⊔⌉∇∫≀\⇔ K↙ E↙⇔ ↘ M⊣∇∫⟨⊣↕↕⇔ J↙ C↙⇔ ⌉⌈⟩⊔≀∇∫⇔ D⌉⌉√ D†∫↕⌉§⟩⊣⇔ ⌋⟨⊣√⊔⌉∇ ∞⇎ √⊣}⌉∫ ∋∈∘̸∋∀′↙ R≀⊓⊔↕⌉⌈}⌉⇔ L≀\⌈≀\↙ C≀↕⊔⟨⌉⊣∇⊔⇔ M↙ ⇐∞∃∀′⌋⇒↙ T⟨⌉ ∫⌉⇕⊣\⊔⟩⌋ ⌉∇∇≀∇¬ T†√⌉∫ ⊣\⌈ ⊔⟨⌉≀∇⟩⌉∫↙ I\ C≀↕⊔⟨⌉⊣∇⊔⇔ M↙⇔ P⊣⊔⊔⌉∇∫≀\⇔ K↙ E↙⇔ ↘ M⊣∇∫⟨⊣↕↕⇔ J↙ C↙⇔ ⌉⌈⟩⊔≀∇∫⇔ D⌉⌉√ D†∫↕⌉§⟩⊣⇔ ⌋⟨⊣√⊔⌉∇ ⇎ √⊣}⌉∫ ∞△∘̸∞▽∃↙ R≀⊓⊔↕⌉⌈}⌉⇔ L≀\⌈≀\↙ C≀↕⊔⟨⌉⊣∇⊔⇔ M↙ ⇐∞∃∀∋⇒↙ T⟨⌉ ∇⟩}⟨⊔ ⟨⌉⇕⟩∫√⟨⌉∇⌉ ⊣\⌈ ⌈⟩∫≀∇⌈⌉∇∫ ≀{ ∇⌉⊣⌈⟩\}↙ I\ Y≀⊓\}⇔ A↙⇔ ⌉⌈⟩⊔≀∇⇔ F⊓\⌋⊔⟩≀\∫ ≀{ ⊔⟨⌉ ∇⟩}⟨⊔ ⌋⌉∇⌉⌊∇⊣↕ ⟨⌉⇕⟩∫√⟨⌉∇⌉↙ A⌋⊣⌈⌉⇕⟩⌋ P∇⌉∫∫⇔ N⌉⊒ Y≀∇‖↙ C≀↕⊔⟨⌉⊣∇⊔⇔ M↙ ↘ F⊓\\⌉↕↕⇔ E↙ ⇐∞∃∀⇒↙ R⌉⊣⌈⟩\} ⊒∇⟩⊔⟩\}¬ O\⌉ ↕⌉§⟩⌋≀\ ≀∇ ⊔⊒≀⊥ I\ A↕↕√≀∇⊔⇔ D↙ A↙⇔ M⊣⌋K⊣†⇔ D↙ G↙⇔ P∇⟩\⊔‡⇔ W↙⇔ ↘ S⌋⟨⌉⌉∇⌉∇⇔ E↙⇔ ⌉⌈⟩⊔≀∇∫⇔ L⊣\}⊓⊣}⌉ √⌉∇⌋⌉√⊔⟩≀\ ⊣\⌈ √∇≀⌈⊓⌋⊔⟩≀\¬ S⟨⊣∇⌉⌈ ⇕⌉⌋⟨⊣\⟩∫⇕∫ ⟩\ ↕⟩∫⊔⌉\⟩\}⇔ ∫√⌉⊣‖⟩\}⇔ ∇⌉⊣⌈⟩\} ⊣\⌈ ⊒∇⟩⊔⟩\}↙ A⌋⊣⌈⌉⇕⟩⌋ P∇⌉∫∫⇔ N⌉⊒ Y≀∇‖↙

REFERENCES ∞′ C≀↕⊔⟨⌉⊣∇⊔⇔ M↙⇔ P⊣⊔⊔⌉∇∫≀\⇔ K↙⇔ ↘ M⊣∇∫⟨⊣↕↕⇔ J↙ C↙ ⇐∞∃∀⇒↙ D⌉⌉√ ⌈†∫↕⌉§⟩⊣ ∫⟩\⌋⌉ ∞∃∀′↙ I\ C≀↕⊔⟨⌉⊣∇⊔⇔ M↙⇔ P⊣⊔⊔⌉∇∫≀\⇔ K↙ E↙⇔ ↘ M⊣∇∫⟨⊣↕↕⇔ J↙ C↙⇔ ⌉⌈⟩⊔≀∇∫⇔ D⌉⌉√ D†∫↕⌉§⟩⊣⇔ ⌋⟨⊣√⊔⌉∇ ∞∀⇔ √⊣}⌉∫ △′∘△▽∞↙ R≀⊓⊔↕⌉⌈}⌉⇔ L≀\⌈≀\↙ C≀↕⊔⟨⌉⊣∇⊔⇔ M↙⇔ P⊣⊔⊔⌉∇∫≀\⇔ K↙ E↙⇔ ↘ M⊣∇∫⟨⊣↕↕⇔ J↙ C↙ ⇐∞∃∀′⇒↙ D⌉⌉√ D†∫↕⌉§⟩⊣↙ R≀⊓⊔↕⌉⌈}⌉⇔ L≀\⌈≀\↙ C≀∫↕⌉⊔⊔⇔ H↙ B↙ ↘ S⊣{{∇⊣\⇔ E↙ M↙ ⇐∞∃∀∃⇒↙ E⊑⟩⌈⌉\⌋⌉ {≀∇ √∇⌉∫⌉∇⊑⌉⌈ ∇⌉⊣⌈⟩\} ⟩\ ⊖√⊓∇⌉ ⊣↕⌉§⟩⊣⪰↙ B∇⊣⟩\⇔ ∞∞∈¬∋∈∘∋▽∃↙ C≀⊔⇕⊣\⇔ C↙ W↙ ↘ M≀\⊣}⟨⊣\⇔ D↙ T↙ ⇐∞∃∀∀⇒↙ E§⌋⟩⊔⊣⊔≀∇† ⊣⇕⟩\≀ ⊣⌋⟩⌈ \⌉⊓∇≀⊔∇⊣\∫⇕⟩∫∫⟩≀\¬ NMDA ∇⌉⌋⌉√⊔≀∇∫ ⊣\⌈ H⌉⌊⌊↖⊔†√⌉ ∫†\⊣√⊔⟩⌋ √↕⊣∫⊔⟩⌋⟩⊔†↙ A\\⊓⊣↕ R⌉⊑⟩⌉⊒ ≀{ N⌉⊓∇≀∫⌋⟩⌉\⌋⌉⇔ ∞∞¬∞̸∘∀′↙ C∇⟩⌋‖⇔ F↙ ⇐∞∃∀∃⇒↙ T⟨⌉ ∇⌉⌋⌉\⊔ ⌉§⌋⟩⊔⌉⇕⌉\⊔ ⊣⌊≀⊓⊔ \⌉⊓∇⊣↕ \⌉⊔⊒≀∇‖∫↙ N⊣⊔⊓∇⌉⇔ ∋∋¬∞∈∃∘∞∋∈↙ D⌉↕↕⇔ G↙ S↙ ⇐∞∃∀⇏↙ A ∫√∇⌉⊣⌈⟩\}↖⊣⌋⊔⟩⊑⊣⊔⟩≀\ ⊔⟨⌉≀∇† ≀{ ∇⌉⊔∇⟩⌉⊑⊣↕ ⟩\ ∫⌉\⊔⌉\⌋⌉ √∇≀⌈⊓⌋⊔⟩≀\↙ P∫†⌋⟨≀↕≀}⟩⌋⊣↕ R⌉⊑⟩⌉⊒⇔ ∃∋⇐∋⇒¬∈∀∋∘∋∈∞↙ D⌉↕↕⇔ G↙ S↙ ⇐∞∃∀∀⇒↙ T⟨⌉ ∇⌉⊔∇⟩⌉⊑⊣↕ ≀{ √⟨≀\≀↕≀}⟩⌋⊣↕ {≀∇⇕∫ ⟩\ √∇≀⌈⊓⌋⊔⟩≀\¬ T⌉∫⊔∫ ≀{ √∇⌉⌈⟩⌋⊔⟩≀\∫ {∇≀⇕ ⊣ ⌋≀\\⌉⌋⊔⟩≀\⟩∫⊔ ⇕≀⌈⌉↕↙ J≀⊓∇\⊣↕ ≀{ M⌉⇕≀∇† ⊣\⌈ L⊣\}⊓⊣}⌉⇔ ∈¬∞∈△∘∞△∈↙ D⌉\‖⌉∇⇔ J↙⇔ S⌋⟨⊒⊣∇⊔‡⇔ D↙⇔ W⟩⊔⊔\⌉∇⇔ B↙⇔ S≀↕⊣⇔ S↙⇔ H≀⊒⊣∇⌈⇔ R↙⇔ J⊣⌋‖⌉↕⇔ L↙⇔ ↘ H≀√⊘⌉↕⌈⇔ J↙ ⇐∞∃∀⇒↙ L⊣∇}⌉ ⊣⊓⊔≀⇕⊣⊔⟩⌋ ↕⌉⊣∇\⟩\}⇔ ∇⊓↕⌉ ⌉§⊔∇⊣⌋⊔⟩≀\⇔ ⊣\⌈ }⌉\⌉∇⊣↕⟩‡⊣⊔⟩≀\↙ C≀⇕√↕⌉§ S†∫⊔⌉⇕∫⇔ ∞¬∀∘∃∈∈↙ D⌉∇⊔⟨⟩⌋‖⇔ M↙ ⇐∞∃∀∀⇒↙ M⊓\⌈⊣\⌉ R⌉⊣∫≀\⟩\} ⌊† P⊣∇⊣↕↕⌉↕ C≀\∫⊔∇⊣⟩\⊔ S⊣⊔⟩∫{⊣⌋⊔⟩≀\↙ P⟨D ⊔⟨⌉∫⟩∫⇔ C≀⇕√⊓⊔⌉∇ S⌋⟩⌉\⌋⌉ D⌉√⊣∇⊔⇕⌉\⊔⇔ C⊣∇\⌉}⟩⌉ M⌉↕↕≀\ U\⟩⊑⌉∇∫⟩⊔†↙ A⊑⊣⟩↕⊣⌊↕⌉ ⊣∫ T⌉⌋⟨\⟩⌋⊣↕ R⌉√≀∇⊔ CMU↖CS↖∀∀↖∞∀∈↙ D⊓⌈⊣⟩⇔ Y↙ ⇐∞∃∀∃⇒↙ T⟨⌉ N⌉⊓∇≀⌊⟩≀↕≀}† ≀{ M⌉⇕≀∇†¬ C≀\⌋⌉√⊔∫⇔ F⟩\⌈⟩\}∫ ⊣\⌈ T∇⌉\⌈∫↙ O§{≀∇⌈ U\⟩⊑⌉∇∫⟩⊔† P∇⌉∫∫⇔ O§{≀∇⌈⇔ E\}↕⊣\⌈↙ E↕↕⟩∫⇔ A↙ W↙ ↘ M⊣∇∫⟨⊣↕↕⇔ J↙ C↙ ⇐∞∃∀⇒↙ S⌉⇕⊣\⊔⟩⌋ ⌉∇∇≀∇∫ ≀∇ ∫⊔⊣⊔⟩∫⊔⟩⌋⊣↕ ⊙⊓‖⌉∫⊥ A \≀⊔⌉ ≀\ A↕↕√≀∇⊔≃∫ ⊖O\ ‖\≀⊒⟩\} ⊔⟨⌉ ⇕⌉⊣\⟩\}∫ ≀{ ⊒≀∇⌈∫ ⊒⌉ ⊣∇⌉ ⊓\⊣⌊↕⌉ ⊔≀ ∇⌉√≀∇⊔⪰↙ Q⊓⊣∇⊔⌉∇↕† J≀⊓∇\⊣↕ ≀{ E§√⌉∇⟩⇕⌉\⊔⊣↕ P∫†⌋⟨≀↕≀}†⇔ ∋′¬▽∄∘▽▽↙ E↕⇕⊣\⇔ J↙ L↙ ⇐∞∃∃′⇒↙ F⟩\⌈⟩\} ∫⊔∇⊓⌋⊔⊓∇⌉ ⟩\ ⊔⟩⇕⌉↙ C≀}\⟩⊔⟩⊑⌉ S⌋⟩⌉\⌋⌉⇔ ∞△⇐∈⇒¬∞∃∘∈∞∞↙ F⊣∇⊣⟨⇔ M↙ J↙ ↘ M⌋C↕⌉↕↕⊣\⌈⇔ J↙ L↙ ⇐⟩\ √∇⌉∫∫⇒↙ A ⌋≀⇕√⊓⊔⊣⊔⟩≀\⊣↕ ⇕≀⌈⌉↕ ≀{ ∫⌉⇕⊣\⊔⟩⌋ ⇕⌉⇕≀∇† ⟩⇕√⊣⟩∇⇕⌉\⊔¬ M≀⌈⊣↕⟩⊔†↖∫√⌉⌋⟩⊘⌋⟩⊔† ⊣\⌈ ⌉⇕⌉∇}⌉\⊔ ⌋⊣⊔⌉}≀∇†↖∫√⌉⌋⟩⊘⌋⟩⊔†↙ J≀⊓∇\⊣↕ ≀{ E§√⌉∇⟩⇕⌉\⊔⊣↕ P∫†⌋⟨≀↕≀}†¬ G⌉\⌉∇⊣↕↙ F⊣⊓∫⊔⇔ C↙ ⇐∞∃▽▽⇒↙ D⟩⌉ ‡⌉∇⌉⌊∇⊣↕⌉\ H⌉∇⌈∫⊔�≀∇⊓\}⌉\ ⌊⌉⟩ H⟩\⊔⌉∇⟨⊣⊓√⊔∫⊑⌉∇↕⌉⊔‡⊓\}⌉\ ⊓\⌈ ⟩⟨∇ B⌉⊓∇⊔⌉⟩↕⊓\}↙ T⟨⟩⌉⇕⌉⇔ S⊔⊓⊔⊔}⊣∇⊔⇔ G⌉∇⇕⊣\†↙ F⌉↕⌈⇕⊣\⇔ J↙ A↙ ↘ B⊣↕↕⊣∇⌈⇔ D↙ H↙ ⇐∞∃∀∈⇒↙ C≀\\⌉⌋⊔⟩≀\⟩∫⊔ ⇕≀⌈⌉↕∫ ⊣\⌈ ⊔⟨⌉⟩∇ √∇≀√⌉∇⊔⟩⌉∫↙ C≀}\⟩⊔⟩⊑⌉ S⌋⟩⌉\⌋⌉⇔ ¬̸∈′▽∘∈▽△↙ F∇⟩⌉⌈⇕⊣\⇔ R↙ B↙ ↘ P⌉∇↕⇕⊣\⇔ M↙ B↙ ⇐∞∃∀∈⇒↙ O\ ⊔⟨⌉ ⊓\⌈⌉∇↕†⟩\} ⌋⊣⊓∫⌉∫ ≀{ ∫⌉⇕⊣\⊔⟩⌋ √⊣∇⊣↕⌉§⟩⊣∫ ⟩\ ⊣ √⊣⊔⟩⌉\⊔ ⊒⟩⊔⟨ ⌈⌉⌉√ ⌈†∫↕⌉§⟩⊣↙ N⌉⊓∇≀√∫†⌋⟨≀↕≀}⟩⊣⇔ ∈′¬▽▽∃∘▽∀̸↙

REFERENCES ∞′∀ F⊓\\⌉↕↕⇔ E↙ ⇐∞∃∀⇒↙ M≀∇√⟨≀↕≀}⟩⌋⊣↕ ⌉∇∇≀∇∫ ⟩\ ⊣⌋∐⊓⟩∇⌉⌈ ⌈†∫↕⌉§⟩⊣¬ A ⌋⊣∫⌉ ≀{ ⇕⟩∫⊔⊣‖⌉\ ⟩⌈⌉\⊔⟩⊔†↙ Q⊓⊣∇⊔⌉∇↕† J≀⊓∇\⊣↕ ≀{ E§√⌉∇⟩⇕⌉\⊔⊣↕ P∫†⌋⟨≀↕≀}†⇔ ∋∃A¬△∃∘▽∋∃↙ F⊓\\⌉↕↕⇔ E↙ ↘ A↕↕√≀∇⊔⇔ A↙ ⇐∞∃∀⇒↙ N≀\↖↕⟩\}⊓⟩∫⊔⟩⌋ ⌋≀}\⟩⊔⟩≀\ ⊣\⌈ ⊒≀∇⌈ ⇕⌉⊣\⟩\}∫¬ N⌉⊓∇≀√∫†⌋⟨≀↕≀}↖ ⟩⌋⊣↕ ⌉§√↕≀∇⊣⊔⟩≀\ ≀{ ⌋≀⇕⇕≀\ ⇕⌉⌋⟨⊣\⟩∫⇕∫↙ I\ A↕↕√≀∇⊔⇔ A↙⇔ M⊣⌋K⊣†⇔ D↙⇔ S⌋⟨⌉⌉∇⌉∇⇔ E↙⇔ ↘ P∇⟩\‡⇔ W↙⇔ ⌉⌈⟩⊔≀∇∫⇔ L⊣\}⊓⊣}⌉ P⌉∇⌋⌉√⊔⟩≀\ ⊣\⌈ P∇≀⌈⊓⌋⊔⟩≀\⇔ ⌋⟨⊣√⊔⌉∇ ∞⇔ √⊣}⌉∫ ∋∘̸△′′↙ A⌋⊣⌈⌉⇕⟩⌋ P∇⌉∫∫⇔ L≀\⌈≀\⇔ E\}↕⊣\⌈↙ G⊣↕↕⊣\⌈⇔ C↙ C↙ ↘ H⟩\⊔≀\⇔ G↙ E↙ ⇐∞∃∀∃⇒↙ D⌉⊔⌉∇⇕⟩\⟩∫⊔⟩⌋ B≀↕⊔‡⇕⊣\\ ↕⌉⊣∇\⟩\} ⟩\ \⌉⊔⊒≀∇‖∫ ⊒⟩⊔⟨ ⊣∫†⇕⇕⌉⊔∇⟩⌋ ⌋≀\\⌉⌋⊔⟩⊑⟩⊔†↙ T⌉⌋⟨\⟩⌋⊣↕ R⌉√≀∇⊔ CRG↖TR↖∀∃↖⇎ C≀\\⌉⌋⊔⟩≀\⟩∫⊔ R⌉∫⌉⊣∇⌋⟨ G∇≀⊓√⇔ D⌉√⊣∇⊔⇕⌉\⊔ ≀{ C≀⇕√⊓⊔⌉∇ S⌋⟩⌉\⌋⌉⇔ U\⟩⊑⌉∇∫⟩⊔† ≀{ T≀∇≀\⊔≀⇔ T≀∇≀\⊔≀⇔ O\⊔⊣∇⟩≀⇔ C⊣\⊣⌈⊣↙ G⊣↕↕⊣\⌈⇔ C↙ C↙ ↘ H⟩\⊔≀\⇔ G↙ E↙ ⇐∞∃∃′⇒↙ E§√⌉∇⟩⇕⌉\⊔∫ ≀\ ⌈⟩∫⌋≀⊑⌉∇⟩\} ⟨⟩}⟨ ≀∇⌈⌉∇ {⌉⊣⊔⊓∇⌉∫ ⊒⟩⊔⟨ ⇕⌉⊣\ ⊘⌉↕⌈ ⇕≀⌈⊓↕⌉∫↙ T⌉⌋⟨\⟩⌋⊣↕ R⌉√≀∇⊔ CRG↖TR↖∃′↖∋⇔ C≀\\⌉⌋⊔⟩≀\⟩∫⊔ R⌉∫⌉⊣∇⌋⟨ G∇≀⊓√⇔ D⌉√⊣∇⊔⇕⌉\⊔ ≀{ C≀⇕√⊓⊔⌉∇ S⌋⟩⌉\⌋⌉⇔ U\⟩⊑⌉∇∫⟩⊔† ≀{ T≀∇≀\⊔≀⇔ T≀∇≀\⊔≀⇔ O\⊔⊣∇⟩≀⇔ C⊣\⊣⌈⊣↙ G⌉\⊔\⌉∇⇔ D↙ ⇐∞∃∀∞⇒↙ S≀⇕⌉ ⟩\⊔⌉∇⌉∫⊔⟩\} ⌈⟩{{⌉∇⌉\⌋⌉∫ ⌊⌉⊔⊒⌉⌉\ ⊑⌉∇⌊∫ ⊣\⌈ \≀⊓\∫↙ C≀}\⟩⊔⟩≀\ ⊣\⌈ B∇⊣⟩\ T⟨⌉≀∇†⇔ △⇐∈⇒¬∞∞̸∘∞∀↙ G≀↕⌈⌊↕⊓⇕⇔ M↙ C↙ ⇐∞∃∀▽⇒↙ W≀∇⌈ ⌋≀⇕√∇⌉⟨⌉\∫⟩≀\ ⟩\ ∫⊓∇{⊣⌋⌉ ⌈†∫↕⌉§⟩⊣↙ I\ P⊣⊔⊔⌉∇∫≀\⇔ K↙ E↙⇔ C≀↕⊔⟨⌉⊣∇⊔⇔ M↙⇔ ↘ M⊣∇∫⟨⊣↕↕⇔ J↙ C↙⇔ ⌉⌈⟩⊔≀∇∫⇔ S⊓∇{⊣⌋⌉ D†∫↕⌉§⟩⊣⇔ ⌋⟨⊣√⊔⌉∇ ⇔ √⊣}⌉∫ ∞▽∘∈′▽↙ L⊣⊒∇⌉\⌋⌉ E∇↕⌊⊣⊓⇕ A∫∫≀⌋⟩⊣⊔⌉∫⇔ H⟩↕↕∫⌈⊣↕⌉⇔ NJ↙ G≀∇⌈≀\⇔ B↙⇔ G≀≀⌈⇕⊣\↖S⌋⟨⊓↕⇕⊣\⇔ R↙⇔ ↘ C⊣∇⊣⇕⊣‡‡⊣⇔ A↙ ⇐∞∃∀⇒↙ S⌉√⊣∇⊣⊔⟩\} ⊔⟨⌉ ∫⊔⊣}⌉∫ ≀{ ∇⌉⊣⌈⟩\} ⌉∇∇≀∇∫↙ T⌉⌋⟨\⟩⌋⊣↕ R⌉√≀∇⊔ ∈∀⇔ C≀}\⟩⊔⟩⊑⌉ N⌉⊓∇≀√∫†⌋⟨≀↕≀}† L⊣⌊≀∇⊣⊔≀∇†⇔ J≀⟨\∫ H≀√‖⟩\∫ U\⟩⊑⌉∇∫⟩⊔†⇔ B⊣↕⊔⟩⇕≀∇⌉⇔ MD↙ G∇≀∫∫⌊⌉∇}⇔ S↙ ⇐∞∃∀⇒↙ F∇≀⇕ ⟩\⊔⌉∇⊣⌋⊔⟩⊑⌉ ⊣⌋⊔⟩⊑⊣⊔⟩≀\ ⊔≀ ⊣⌈⊣√⊔⟩⊑⌉ ∇⌉∫≀\⊣\⌋⌉↙ C≀}\⟩⊔⟩⊑⌉ S⌋⟩⌉\⌋⌉⇔ ∞∞¬∈∋∘∌↙ H⊣⇕√∫⟨⟩∇⌉⇔ J↙ ↘ W⊣⟩⌊⌉↕⇔ A↙ ⇐∞∃∀∃⇒↙ T⟨⌉ M⌉⊔⊣↖P⟩ \⌉⊔⊒≀∇‖¬ B⊓⟩↕⌈⟩\} ⌈⟩∫⊔∇⟩⌊⊓⊔⌉⌈ ‖\≀⊒↕⌉⌈}⌉ ∇⌉√∇⌉∫⌉\⊣⊔⟩≀\∫ {≀∇ ∇≀⌊⊓∫⊔ √⊣⊔⊔⌉∇\ ∇⌉⌋≀}\⟩⊔⟩≀\↙ T⌉⌋⟨\⟩⌋⊣↕ R⌉√≀∇⊔ CMU↖CS↖∀∃↖∞̸⇔ S⌋⟨≀≀↕ ≀{ C≀⇕√⊓⊔⌉∇ S⌋⟩⌉\⌋⌉⇔ C⊣∇\⌉}⟩⌉ M⌉↕↕≀\ U\⟩⊑⌉∇∫⟩⊔†⇔ P⟩⊔⊔∫⌊⊓∇}⟨⇔ PA↙ H⌉⌊⌊⇔ D↙ O↙ ⇐∞∃△∃⇒↙ T⟨⌉ O∇}⊣\⟩‡⊣⊔⟩≀\ ≀{ B⌉⟨⊣⊑⟩≀∇↙ W⟩↕⌉†⇔ N⌉⊒ Y≀∇‖↙ H⟩↕↕⟩∫⇔ A↙ E↙⇔ R⊣√√⇔ B↙⇔ R≀⇕⊣\⟩⇔ C↙⇔ ↘ C⊣∇⊣⇕⊣‡‡⊣⇔ A↙ ⇐∞∃∃′⇒↙ S⌉↕⌉⌋⊔⟩⊑⌉ ⟩⇕√⊣⟩∇⇕⌉\⊔∫ ≀{ ∫⌉⇕⊣\⊔⟩⌋∫ ⟩\ ↕⌉§⟩⌋⊣↕ √∇≀⌋⌉∫∫⟩\}↙ C≀}\⟩⊔⟩⊑⌉ N⌉⊓∇≀√∫†⌋⟨≀↕≀}†⇔ ¬∞∃∞∘∈△∋↙ H⟩\⊔≀\⇔ G↙ E↙ ⇐∞∃∀∞⇒↙ I⇕√↕⌉⇕⌉\⊔⟩\} ∫⌉⇕⊣\⊔⟩⌋ \⌉⊔⊒≀∇‖∫ ⟩\ √⊣∇⊣↕↕⌉↕ ⟨⊣∇⌈⊒⊣∇⌉↙ I\ H⟩\⊔≀\⇔ G↙ E↙ ↘ A\⌈⌉∇∫≀\⇔ J↙ A↙⇔ ⌉⌈⟩⊔≀∇∫⇔ P⊣∇⊣↕↕⌉↕ M≀⌈⌉↕∫ ≀{ A∫∫≀⌋⟩⊣⊔⟩⊑⌉ M⌉⇕≀∇†⇔ √⊣}⌉∫ ∞∞̸∘∞∀∀↙ L⊣⊒∇⌉\⌋⌉ E∇↕⌊⊣⊓⇕ A∫∫≀⌋⟩⊣⊔⌉∫⇔ H⟩↕↕∫⌈⊣↕⌉⇔ NJ↙ H⟩\⊔≀\⇔ G↙ E↙ ⇐∞∃∀∃⊣⇒↙ C≀\\⌉⌋⊔⟩≀\⟩∫⊔ ↕⌉⊣∇\⟩\} √∇≀⌋⌉⌈⊓∇⌉∫↙ A∇⊔⟩⊘⌋⟩⊣↕ I\⊔⌉↕↕⟩}⌉\⌋⌉⇔ △′¬∞∀▽∘∈∋△↙ H⟩\⊔≀\⇔ G↙ E↙ ⇐∞∃∀∃⌊⇒↙ D⌉⊔⌉∇⇕⟩\⟩∫⊔⟩⌋ B≀↕⊔‡⇕⊣\\ ↕⌉⊣∇\⟩\} √⌉∇{≀∇⇕∫ ∫⊔⌉⌉√⌉∫⊔ ⌈⌉∫⌋⌉\⊔ ⟩\ ⊒⌉⟩}⟨⊔↖ ∫√⊣⌋⌉↙ N⌉⊓∇⊣↕ C≀⇕√⊓⊔⊣⊔⟩≀\⇔ ∞⇐∞⇒¬∞△∋∘∞▽′↙ H⟩\⊔≀\⇔ G↙ E↙ ↘ A\⌈⌉∇∫≀\⇔ J↙ A↙ ⇐∞∃∀∞⇒↙ P⊣∇⊣↕↕⌉↕ M≀⌈⌉↕∫ ≀{ A∫∫≀⌋⟩⊣⊔⟩⊑⌉ M⌉⇕≀∇†↙ L⊣⊒∇⌉\⌋⌉ E∇↕⌊⊣⊓⇕ A∫∫≀⌋⟩⊣⊔⌉∫⇔ H⟩↕↕∫⌈⊣↕⌉⇔ NJ↙

REFERENCES ∞′∃ H⟩\⊔≀\⇔ G↙ E↙⇔ M⌋C↕⌉↕↕⊣\⌈⇔ J↙ L↙⇔ ↘ R⊓⇕⌉↕⟨⊣∇⊔⇔ D↙ E↙ ⇐∞∃∀⇏↙ D⟩∫⊔∇⟩⌊⊓⊔⌉⌈ ∇⌉√∇⌉∫⌉\⊔⊣⊔⟩≀\∫↙ I\ R⊓⇕⌉↕⟨⊣∇⊔⇔ D↙ E↙⇔ M⌋C↕⌉↕↕⊣\⌈⇔ J↙ L↙⇔ ↘ ⊔⟨⌉ PDP ∇⌉∫⌉⊣∇⌋⟨ }∇≀⊓√⇔ ⌉⌈⟩⊔≀∇∫⇔ P⊣∇⊣↕↕⌉↕ D⟩∫⊔∇⟩⌊⊓⊔⌉⌈ P∇≀⌋⌉∫∫⟩\}¬ E§√↕≀∇⊣⊔⟩≀\∫ ⟩\ ⊔⟨⌉ M⟩⌋∇≀∫⊔∇⊓⌋⊔⊓∇⌉ ≀{ C≀}\⟩⊔⟩≀\↙ V≀↕⊓⇕⌉ ∞¬ F≀⊓\⌈⊣⊔⟩≀\∫⇔ ⌋⟨⊣√⊔⌉∇ ∋⇔ √⊣}⌉∫ ∘∞′∃↙ MIT P∇⌉∫∫⇔ C⊣⇕⌊∇⟩⌈}⌉⇔ MA↙ H⟩\⊔≀\⇔ G↙ E↙ ↘ S⌉|\≀⊒∫‖⟩⇔ T↙ J↙ ⇐∞∃∀∋⇒↙ A\⊣↕†‡⟩\} ⌋≀≀√⌉∇⊣⊔⟩⊑⌉ ⌋≀⇕√⊓⊔⊣⊔⟩≀\↙ I\ P∇≀⌋⌉⌉⌈⟩\}∫ ≀{ ⊔⟨⌉ ▽⊔⟨ A\\⊓⊣↕ C≀\{⌉∇⌉\⌋⌉ ≀{ ⊔⟨⌉ C≀}\⟩⊔⟩⊑⌉ S⌋⟩⌉\⌋⌉ S≀⌋⟩⌉⊔†⇔ R≀⌋⟨⌉∫⊔⌉∇⇔ NY↙ H⟩\⊔≀\⇔ G↙ E↙ ↘ S⌉|\≀⊒∫‖⟩⇔ T↙ J↙ ⇐∞∃∀⇏↙ L⌉⊣∇\⟩\} ⊣\⌈ ∇⌉↕⌉⊣∇\⟩\} ⟩\ B≀↕⊔‡⇕⊣\\ M⊣⌋⟨⟩\⌉∫↙ I\ R⊓⇕⌉↕⟨⊣∇⊔⇔ D↙ E↙⇔ M⌋C↕⌉↕↕⊣\⌈⇔ J↙ L↙⇔ ↘ ⊔⟨⌉ PDP ∇⌉∫⌉⊣∇⌋⟨ }∇≀⊓√⇔ ⌉⌈⟩⊔≀∇∫⇔ P⊣∇⊣↕↕⌉↕ D⟩∫⊔∇⟩⌊⊓⊔⌉⌈ P∇≀⌋⌉∫∫⟩\}¬ E§√↕≀∇⊣⊔⟩≀\∫ ⟩\ ⊔⟨⌉ M⟩⌋∇≀∫⊔∇⊓⌋⊔⊓∇⌉ ≀{ C≀}\⟩⊔⟩≀\↙ V≀↕⊓⇕⌉ ∞¬ F≀⊓\⌈⊣⊔⟩≀\∫⇔ ⌋⟨⊣√⊔⌉∇ ⇔ √⊣}⌉∫ ∈∀∈∘∋∞↙ MIT P∇⌉∫∫⇔ C⊣⇕⌊∇⟩⌈}⌉⇔ MA↙ H⟩\⊔≀\⇔ G↙ E↙ ↘ S⟨⊣↕↕⟩⌋⌉⇔ T↙ ⇐∞∃∀∃⇒↙ L⌉∫⟩≀\⟩\} ⊣ ⌋≀\\⌉⌋⊔⟩≀\⟩∫⊔ \⌉⊔⊒≀∇‖¬ I\⊑⌉∫⊔⟩}⊣⊔⟩≀\∫ ≀{ ⊣⌋∐⊓⟩∇⌉⌈ ⌈†∫↕⌉§⟩⊣↙ T⌉⌋⟨\⟩⌋⊣↕ R⌉√≀∇⊔ CRG↖TR↖∀∃↖∋⇔ D⌉√⊣∇⊔⇕⌉\⊔ ≀{ C≀⇕√⊓⊔⌉∇ S⌋⟩⌉\⌋⌉⇔ U\⟩⊑⌉∇∫⟩⊔† ≀{ T≀∇≀\⊔≀⇔ T≀∇≀\⊔≀⇔ O\⊔⊣∇⟩≀⇔ C⊣\⊣⌈⊣↙ H⟩\⊔≀\⇔ G↙ E↙ ↘ S⟨⊣↕↕⟩⌋⌉⇔ T↙ ⇐∞∃∃∞⇒↙ L⌉∫⟩≀\⟩\} ⊣\ ⊣⊔⊔∇⊣⌋⊔≀∇ \⌉⊔⊒≀∇‖¬ I\⊑⌉∫⊔⟩}⊣⊔⟩≀\∫ ≀{ ⊣⌋∐⊓⟩∇⌉⌈ ⌈†∫↕⌉§⟩⊣↙ P∫†⌋⟨≀↕≀}⟩⌋⊣↕ R⌉⊑⟩⌉⊒⇔ ∃∀⇐∞⇒¬△∘∃▽↙ H≀√⊘⌉↕⌈⇔ J↙ J↙ ⇐∞∃∀∈⇒↙ N⌉⊓∇⊣↕ \⌉⊔⊒≀∇‖∫ ⊣\⌈ √⟨†∫⟩⌋⊣↕ ∫†∫⊔⌉⇕∫ ⊒⟩⊔⟨ ⌉⇕⌉∇}⌉\⊔ ⌋≀↕↕⌉⌋⊔⟩⊑⌉ ⌋≀⇕√⊓⊔⊣↖ ⊔⟩≀\⊣↕ ⊣⌊⟩↕⟩⊔⟩⌉∫↙ P∇≀⌋⌉⌉⌈⟩\}∫ ≀{ ⊔⟨⌉ N⊣⊔⟩≀\⊣↕ A⌋⊣⌈⌉⇕† ≀{ S⌋⟩⌉\⌋⌉⇔ U↙S↙A↙⇔ ∃¬∈▽▽△∘∈▽▽∀↙ H≀√⊘⌉↕⌈⇔ J↙ J↙ ⇐∞∃∀△⇒↙ N⌉⊓∇≀\∫ ⊒⟩⊔⟨ }∇⊣⌈⌉⌈ ∇⌉∫√≀\∫⌉∫ ⟨⊣⊑⌉ ⌋≀↕↕⌉⌋⊔⟩⊑⌉ ⌋≀⇕√⊓⊔⊣⊔⟩≀\⊣↕ √∇≀√⌉∇⊔⟩⌉∫ ↕⟩‖⌉ ⊔⟨≀∫⌉ ≀{ ⊔⊒≀↖∫⊔⊣⊔⌉ \⌉⊓∇≀\∫↙ P∇≀⌋⌉⌉⌈⟩\}∫ ≀{ ⊔⟨⌉ N⊣⊔⟩≀\⊣↕ A⌋⊣⌈⌉⇕† ≀{ S⌋⟩⌉\⌋⌉⇔ U↙S↙A↙⇔ ∀∞¬∋′∀∀∘∋′∃∈↙ H≀√⊘⌉↕⌈⇔ J↙ J↙ ↘ T⊣\‖⇔ D↙ W↙ ⇐∞∃∀▽⇒↙ N⌉⊓∇⊣↕ ⌋≀⇕√⊓⊔⊣⊔⟩≀\ ≀{ ⌈⌉⌋⟩∫⟩≀\∫ ⟩\ ≀√⊔⟩⇕⟩‡⊣⊔⟩≀\ √∇≀⌊↕⌉⇕∫↙ B⟩≀↕≀}⟩⌋⊣↕ C†⌊⌉∇\⌉⊔⟩⌋∫⇔ ▽∈¬∞△∞∘∞▽∈↙ H≀⊒⊣∇⌈⇔ D↙ ↘ F∇⊣\‖↕⟩\⇔ S↙ ⇐∞∃∀∀⇒↙ M⟩∫∫⟩\} ⊔⟨⌉ M⌉⊣\⟩\}⊥ MIT P∇⌉∫∫⇔ C⊣⇕⌊∇⟩⌈}⌉⇔ MA↙ J⊣⌋≀⌊∫⇔ R↙ A↙⇔ J≀∇⌈⊣\⇔ M↙ I↙⇔ ↘ B⊣∇⊔≀⇔ A↙ G↙ ⇐∞∃∃∞⇒↙ T⊣∫‖ ⌈⌉⌋≀⇕√≀∫⟩⊔⟩≀\ ⊔⟨∇≀⊓}⟨ ⌋≀⇕√⌉⊔⟩⊔⟩≀\ ⟩\ ⊣ ⇕≀⌈⊓↕⊣∇ ⌋≀\\⌉⌋⊔⟩≀\⟩∫⊔ ⊣∇⌋⟨⟩⊔⌉⌋⊔⊓∇⌉¬ T⟨⌉ ⊒⟨⊣⊔ ⊣\⌈ ⊒⟨⌉∇⌉ ⊑⟩∫⟩≀\ ⊔⊣∫‖∫↙ C≀}\⟩⊔⟩⊑⌉ S⌋⟩⌉\⌋⌉⇔ ∞▽⇐∈⇒¬∈∞∃∘∈▽′↙ J≀\⌉∫⇔ G↙ V↙ ⇐∞∃∀▽⇒↙ D⌉⌉√ ⌈†∫↕⌉§⟩⊣⇔ ⟩⇕⊣}⌉⊣⌊⟩↕⟩⊔†⇔ ⊣\⌈ ⌉⊣∫⌉ ≀{ √∇⌉⌈⟩⌋⊣⊔⟩≀\↙ B∇⊣⟩\ ⊣\⌈ L⊣\}⊓⊣}⌉⇔ ∈△¬∞∘∞∃↙ J≀\⌉∫⇔ G↙ V↙ ↘ M⊣∇⊔⟩\⇔ M↙ ⇐∞∃∀▽⇒↙ D⌉⌉√ ⌈†∫↕⌉§⟩⊣ ⊣\⌈ ⊔⟨⌉ ∇⟩}⟨⊔↖⟨⌉⇕⟩∫√⟨⌉∇⌉ ⟨†√≀⊔⟨⌉∫⟩∫ {≀∇ ∫⌉⇕⊣\⊔⟩⌋ √⊣∇⊣↕⌉§⟩⊣¬ A ∇⌉√↕† ⊔≀ M⊣∇∫⟨⊣↕↕ ⊣\⌈ P⊣⊔⊔⌉∇∫≀\↙ N⌉⊓∇≀√∫†⌋⟨≀↕≀}⟩⊣⇔ ∈∋¬∀̸▽∘∀̸∀↙ J≀∇⌈⊣\⇔ M↙ I↙ ⇐∞∃∀⇏↙ A⊔⊔∇⊣⌋⊔≀∇ ⌈†\⊣⇕⟩⌋∫ ⊣\⌈ √⊣∇⊣↕↕⌉↕⟩∫⇕ ⟩\ ⊣ ⌋≀\\⌉⌋⊔⟩≀\⟩∫⊔ ∫⌉∐⊓⌉\⊔⟩⊣↕ ⇕⊣⌋⟨⟩\⌉↙ I\ P∇≀⌋⌉⌉⌈⟩\}∫ ≀{ ⊔⟨⌉ ∀⊔⟨ A\\⊓⊣↕ C≀\{⌉∇⌉\⌋⌉ ≀{ ⊔⟨⌉ C≀}\⟩⊔⟩⊑⌉ S⌋⟩⌉\⌋⌉ S≀⌋⟩⌉⊔†⇔ √⊣}⌉∫ ▽∋∞∘▽△⇎ A⇕⟨⌉∇∫⊔⇔ MA↙ K⊣√⊓∇⇔ N↙ ↘ P⌉∇↕⇔ N↙ T↙ ⇐∞∃∀⇒↙ R⌉⌋≀}\⟩⊔⟩≀\ ∇⌉⊣⌈⟩\} ⟩\ √⊣∇⊣↕⌉§⟩⊣↙ C≀∇⊔⌉§⇔ ∞△¬△∋∃∘△△∋↙ K⊣⊔‡⇔ J↙ J↙ ↘ F≀⌈≀∇⇔ J↙ A↙ ⇐∞∃∌⇒↙ T⟨⌉ ∫⊔∇⊓⌋⊔⊓∇⌉ ≀{ ⊣ ∫⌉⇕⊣\⊔⟩⌋ ⊔⟨⌉≀∇†↙ L⊣\}⊓⊣}⌉⇔ ∋∃¬∞′∘∈∞′↙

REFERENCES ∞∞′ K⊣⊔‡⇔ R↙ B↙ ↘ G≀≀⌈}↕⊣∫∫⇔ H↙ ⇐∞∃∃′⇒↙ D⌉⌉√ ⌈†∫√⟨⊣∫⟩⊣¬ A\⊣↕†∫⟩∫ ≀{ ⊣ ∇⊣∇⌉ {≀∇⇕ ≀{ ∇⌉√⌉⟩⊔⟩⊔⟩≀\ ⌈⟩∫≀∇⌈⌉∇↙ B∇⊣⟩\ ⊣\⌈ L⊣\}⊓⊣}⌉⇔ ∋∃¬∞▽∋∘∞∀▽↙ K⟩\∫⌊≀⊓∇\⌉⇔ M↙ ↘ W⊣∇∇⟩\}⊔≀\⇔ E↙ K↙ ⇐∞∃∉⇒↙ A ⊑⊣∇⟩⌉⊔† ≀{ ∇⌉⊣⌈⟩\} ⌈⟩∫⊣⌊⟩↕⟩⊔† ⊣∫∫≀⌋⟩⊣⊔⌉⌈ ⊒⟩⊔⟨ ∇⟩}⟨⊔ ⟨⌉⇕⟩∫√⟨⌉∇⌉ ↕⌉∫⟩≀\∫↙ J≀⊓∇\⊣↕ ≀{ N⌉⊓∇≀↕≀}†⇔ N⌉⊓∇≀∫⊓∇}⌉∇† ⊣\⌈ P∫†⌋⟨⟩⊣⊔∇†⇔ ∈▽¬∋∋∃∘∋△△↙ K⟩∇‖√⊣⊔∇⟩⌋‖⇔ S↙⇔ G⌉↕⊣⊔⊔⇔ C↙ D↙⇔ ↘ V⌉⌋⌋⟨⟩⇔ M↙ P↙ ⇐∞∃∀∋⇒↙ O√⊔⟩⇕⟩‡⊣⊔⟩≀\ ⌊† ∫⟩⇕⊓↕⊣⊔⌉⌈ ⊣\\⌉⊣↕⟩\}↙ S⌋⟩⌉\⌋⌉⇔ ∈∈′¬∞̸∘∀̸′↙ K≀↕⌉\⇔ J↙ F↙ ↘ P≀↕↕⊣⌋‖⇔ J↙ B↙ ⇐∞∃∃∞⇒↙ B⊣⌋‖ √∇≀√⊣}⊣⊔⟩≀\ ⟩∫ ∫⌉\∫⟩⊔⟩⊑⌉ ⊔≀ ⟩\⟩⊔⟩⊣↕ ⌋≀\⌈⟩⊔⟩≀\∫↙ I\ L⟩√√⇕⊣\\⇔ R↙ P↙⇔ M≀≀⌈†⇔ J↙ E↙⇔ ↘ T≀⊓∇⌉⊔‡‖†⇔ D↙ S↙⇔ ⌉⌈⟩⊔≀∇∫⇔ A⌈⊑⊣\⌋⌉∫ ⟩\ N⌉⊓∇⊣↕ I\{≀∇⇕⊣⊔⟩≀\ P∇≀⌋⌉∫∫⟩\} S†∫⊔⌉⇕∫ ∋⇔ √⊣}⌉∫ ∀′̸∘∀↙̸ M≀∇}⊣\ K⊣⊓{⇕⊣\\⇔ S⊣\ M⊣⊔⌉≀⇔ CA↙ K≀∫∫↕†\⇔ S↙ M↙⇔ F↕†\\⇔ R↙ A↙⇔ A⇕∫⊔⌉∇⌈⊣⇕⇔ J↙ B↙⇔ ↘ W⊣\}⇔ G↙ ⇐∞∃∃′⇒↙ C≀⇕√≀\⌉\⊔∫ ≀{ ⟨⟩}⟨↖↕⌉⊑⌉↕ ⊑⟩∫⟩≀\¬ A ⌋≀}\⟩⊔⟩⊑⌉ \⌉⊓∇≀∫⌋⟩⌉\⌋⌉ ⊣\⊣↕†∫⟩∫ ⊣\⌈ ⊣⌋⌋≀⊓\⊔∫ ≀{ \⌉⊓∇≀↕≀}⟩⌋⊣↕ ∫†\⌈∇≀⇕⌉∫↙ C≀}\⟩⊔⟩≀\⇔ ∋△⇐∋⇒¬∈′∋∘∈↙ K∇⌉⇕⟩\⇔ H↙ ⇐∞∃∀∈⇒↙ A↕⌉§⟩⊣¬ T⟨⌉≀∇† ⊣\⌈ ∇⌉∫⌉⊣∇⌋⟨↙ I\ M⊣↕⊣⊔⌉∫⟨⊣⇔ R↙ N↙ ↘ A⊣∇≀\⇔ P↙ G↙⇔ ⌉⌈⟩⊔≀∇∫⇔ R⌉⊣⌈⟩\} ⌈⟩∫≀∇⌈⌉∇∫¬ V⊣∇⟩⌉⊔⟩⌉∫ ⊣\⌈ ⊔∇⌉⊣⊔⇕⌉\⊔∫↙ A⌋⊣⌈⌉⇕⟩⌋ P∇⌉∫∫⇔ N⌉⊒ Y≀∇‖↙ L⊣⌋⟨⊔⌉∇⇔ J↙ ↘ B⌉⊑⌉∇⇔ T↙ ⇐∞∃∀∀⇒↙ T⟨⌉ ∇⌉↕⊣⊔⟩≀\ ⌊⌉⊔⊒⌉⌉\ ↕⟩\}⊓⟩∫⊔⟩⌋ ∫⊔∇⊓⌋⊔⊓∇⌉ ⊣\⌈ ⊔⟨⌉≀∇⟩⌉∫ ≀{ ↕⊣\}⊓⊣}⌉ ↕⌉⊣∇\⟩\}¬ A ⌋≀\∫⊔∇⊓⌋⊔⟩⊑⌉ ⌋∇⟩⊔⟩∐⊓⌉ ≀{ ∫≀⇕⌉ ⌋≀\\⌉⌋⊔⟩≀\⟩∫⊔ ↕⌉⊣∇\⟩\} ⇕≀⌈⌉↕∫↙ C≀}\⟩⊔⟩≀\⇔ ∈∀¬∞∃▽∘∈△↙ ↕⌉ C⊓\⇔ Y↙ ⇐∞∃∀▽⇒↙ U\⌉ √∇≀⌈⌉⌈⊓∇⌉ ⌈≃⊣√√∇⌉\⊔⟩∫∫⊣}⌉ √≀⊓∇ ∇⌉∫≻⌉⊣⊓ ≺⊣ ∫⌉⊓⟩↕ ⊣∫†⇕⇕≻⌉⊔∇⟩∐⊓⌉ ⇐⊣ ↕⌉⊣∇\⟩\} ∫⌋⟨⌉⇕⌉ {≀∇ ⊣∫†⇕⇕⌉⊔∇⟩⌋ ⊔⟨∇⌉∫⟨≀↕⌈ \⌉⊔⊒≀∇‖⇒↙ I\ C≀}\⟩⊔⟩⊑⊣ ∀▽¬ A ↕⊣ F∇≀\⊔⟩≺⌉∇⌉ ⌈⌉ ↕≃I\⊔⌉↕↕⟩}⌉\⌋⌉ A∇⊔⟩⊘⌋⟩⌉↕↕⌉ ⌈⌉∫ S⌋⟩⌉\⌋⌉∫ ⌈⌉ ↕⊣ C≀\\⊣⟩∫∫⊣\⌋⌉ ⌈⌉∫ N⌉⊓∇≀∫⌋⟩⌉\⌋⌉∫ ⇐P⊣∇⟩∫ ∞∃∀▽⇒⇔ √⊣}⌉∫ ▽∃∃∘′̸△↙ CESTA⇔ P⊣∇⟩∫↙ L⌉⊑⌉↕⊔⇔ W↙ J↙ M↙ ⇐∞∃∀∃⇒↙ S√⌉⊣‖⟩\}¬ F∇≀⇕ I\⊔⌉\⊔⟩≀\ ⊔≀ A∇⊔⟩⌋⊓↕⊣⊔⟩≀\↙ MIT P∇⌉∫∫⇔ C⊣⇕⌊∇⟩⌈}⌉⇔ MA↙ M⊣∇⟩\⇔ O↙ S↙ M↙⇔ S⊣{{∇⊣\⇔ E↙ M↙⇔ ↘ S⌋⟨⊒⊣∇⊔‡⇔ D↙ F↙ ⇐∞∃⇏↙ D⟩∫∫≀⌋⟩⊣⊔⟩≀\∫ ≀{ ↕⊣\}⊓⊣}⌉ ⟩\ ⊣√⟨⊣∫⟩⊣¬ I⇕√↕⟩⌋⊣⊔⟩≀\∫ {≀∇ \≀∇⇕⊣↕ {⊓\⌋⊔⟩≀\∫↙ A\\⊣↕∫ ≀{ ⊔⟨⌉ N⌉⊒ Y≀∇‖ A⌋⊣⌈⌉⇕† ≀{ S⌋⟩⌉\⌋⌉∫⇔ ∈∀′¬∀∀̸∘∀∀△↙ M⊣∇∫⟨⊣↕↕⇔ J↙ C↙ ↘ N⌉⊒⌋≀⇕⌊⌉⇔ F↙ ⇐∞∄⇒↙ S†\⊔⊣⌋⊔⟩⌋ ⊣\⌈ ∫⌉⇕⊣\⊔⟩⌋ ⌉∇∇≀∇∫ ⟩\ √⊣∇⊣↕⌉§⟩⊣↙ N⌉⊓∇≀√∫†↖ ⌋⟨≀↕≀}⟩⊣⇔ △¬∞∄∘∞↙̸ M⊣∇∫⟨⊣↕↕⇔ J↙ C↙ ↘ N⌉⊒⌋≀⇕⌊⌉⇔ F↙ ⇐∞∃∋⇒↙ P⊣⊔⊔⌉∇\∫ ≀{ √⊣∇⊣↕⌉§⟩⊣¬ A √∫†⌋⟨≀↕⟩\}⊓⟩∫⊔⟩⌋ ⊣√√∇≀⊣⌋⟨↙ J≀⊓∇\⊣↕ ≀{ P∫†⌋⟨≀↕⟩\}⊓⟩∫⊔⟩⌋ R⌉∫⌉⊣∇⌋⟨⇔ ∈¬∞▽∘∞∃∃↙ M⊣∇∫⟨⊣↕↕⇔ J↙ C↙ ↘ N⌉⊒⌋≀⇕⌊⌉⇔ F↙ ⇐∞∃∀′⇒↙ T⟨⌉ ⌋≀\⌋⌉√⊔⊓⊣↕ ∫⊔⊣⊔⊓∫ ≀{ ⌈⌉⌉√ ⌈†∫↕⌉§⟩⊣¬ A\ ⟨⟩∫⊔≀∇⟩⌋⊣↕ √⌉∇∫√⌉⌋⊔⟩⊑⌉↙ I\ C≀↕⊔⟨⌉⊣∇⊔⇔ M↙⇔ P⊣⊔⊔⌉∇∫≀\⇔ K↙ E↙⇔ ↘ M⊣∇∫⟨⊣↕↕⇔ J↙ C↙⇔ ⌉⌈⟩⊔≀∇∫⇔ D⌉⌉√ D†∫↕⌉§⟩⊣⇔ ⌋⟨⊣√⊔⌉∇ ∞⇔ √⊣}⌉∫ ∞∘∈∞↙ R≀⊓⊔↕⌉⌈}⌉⇔ L≀\⌈≀\↙ M⊣∇∫⟨⊣↕↕⇔ J↙ C↙ ↘ P⊣⊔⊔⌉∇∫≀\⇔ K↙ E↙ ⇐∞∃∀∋⇒↙ S⌉⇕⊣\⊔⟩⌋ √⊣∇⊣↕⌉§⟩⊣∫ ⊣\⌈ ⊔⟨⌉ ⊒∇≀\} ⟨⌉⇕⟩∫√⟨⌉∇⌉¬ A \≀⊔⌉ ≀\ L⊣\⌈⟩∫⇔ R⌉}⊣∇⌈⇔ G∇⊣⊑⌉∫ ⊣\⌈ G≀≀⌈}↕⊣∫∫ ⇐∞∃∀∋⇒↙ N⌉⊓∇≀√∫†⌋⟨≀↕≀}⟩⊣⇔ ∈∞¬△∈▽∘△∈↙ M⊣∇∫⟨⊣↕↕⇔ J↙ C↙ ↘ P⊣⊔⊔⌉∇∫≀\⇔ K↙ E↙ ⇐∞∃∀▽⇒↙ L⌉{⊔ ⟩∫ ∫⊔⟩↕↕ ↕⌉{⊔ {≀∇ ∫⌉⇕⊣\⊔⟩⌋ √⊣∇⊣↕⌉§⟩⊣∫¬ A ∇⌉√↕† ⊔≀ J≀\⌉∫ ⊣\⌈ M⊣∇⊔⟩\↙ N⌉⊓∇≀√∫†⌋⟨≀↕≀}⟩⊣⇔ ∈∋¬∀̸∃∘∄′↙

REFERENCES ∞∞∞ M⊣∇⊔⟩\⇔ N↙ ↘ S⊣{{∇⊣\⇔ E↙ M↙ ⇐∞∃∃′⇒↙ R⌉√⌉⊔⟩⊔⟩≀\ ⊣\⌈ ⊑⌉∇⌊⊣↕ STM ⟩\ ⊔∇⊣\∫⌋≀∇⊔⟩⌋⊣↕ ∫⌉\∫≀∇† ⊣√⟨⊣∫⟩⊣¬ A ⌋⊣∫⌉ ∫⊔⊓⌈†↙ B∇L⊣\}⇔ ∋∃¬∈▽△∘∈∀∀↙ M⊣∫∫⊣∇≀⇔ D↙ W↙ ⇐∞∃∀∀⇒↙ S≀⇕⌉ ⌋∇⟩⊔⟩⌋⟩∫⇕∫ ≀{ ⌋≀\\⌉⌋⊔⟩≀\⟩∫⊔ ⇕≀⌈⌉↕∫ ≀{ ⟨⊓⇕⊣\ √⌉∇{≀∇⇕⊣\⌋⌉↙ J≀⊓∇\⊣↕ ≀{ M⌉⇕≀∇† ⊣\⌈ L⊣\}⊓⊣}⌉⇔ ∈¬∈∞∋∘∈∋△↙ M⌋C↕⌉↕↕⊣\⌈⇔ J↙ L↙ ⇐∞∃∃⇒↙ O\ ⊔⟨⌉ ⊔⟩⇕⌉ ∇⌉↕⊣⊔⟩≀\∫ ≀{ ⇕⌉\⊔⊣↕ √∇≀⌋⌉∫∫⌉∫¬ A\ ⌉§⊣⇕⟩\⊣⊔⟩≀\ ≀{ ∫†∫⊔⌉⇕∫ ≀{ √∇≀⌋⌉∫∫⌉∫ ⟩\ ⌋⊣∫⌋⊣⌈⌉↙ P∫†⌋⟨≀↕≀}⟩⌋⊣↕ R⌉⊑⟩⌉⊒⇔ ∀¬̸∈∀∘∋∋′↙ M⌋C↕⌉↕↕⊣\⌈⇔ J↙ L↙ ↘ R⊓⇕⌉↕⟨⊣∇⊔⇔ D↙ E↙ ⇐∞∃∀∞⇒↙ A\ ⟩\⊔⌉∇⊣⌋⊔⟩⊑⌉ ⊣⌋⊔⟩⊑⊣⊔⟩≀\ ⇕≀⌈⌉↕ ≀{ ⌋≀\⊔⌉§⊔ ⌉{{⌉⌋⊔∫ ⟩\ ↕⌉⊔⊔⌉∇ √⌉∇⌋⌉√⊔⟩≀\¬ P⊣∇⊔ ∞↙ A\ ⊣⌋⌋≀⊓\⊔ ≀{ ⌊⊣∫⟩⌋ ⊘\⌈⟩\}∫↙ P∫†⌋⟨≀↕≀}⟩⌋⊣↕ R⌉⊑⟩⌉⊒⇔ ∀∀⇐▽⇒¬∋▽∘△′↙ M⌋C↕⌉↕↕⊣\⌈⇔ J↙ L↙⇔ R⊓⇕⌉↕⟨⊣∇⊔⇔ D↙ E↙⇔ ↘ ⊔⟨⌉ PDP ∇⌉∫⌉⊣∇⌋⟨ }∇≀⊓√ ⇐∞∃∀⇏↙ P⊣∇⊣↕↕⌉↕ D⟩∫⊔∇⟩⌊⊓⊔⌉⌈ P∇≀⌋⌉∫∫⟩\}¬ E§√↕≀∇⊣⊔⟩≀\∫ ⟩\ ⊔⟨⌉ M⟩⌋∇≀∫⊔∇⊓⌋⊔⊓∇⌉ ≀{ C≀}\⟩⊔⟩≀\↙ V≀↕⊓⇕⌉ ∈¬ P∫†⌋⟨≀↕≀}⟩⌋⊣↕ ⊣\⌈ B⟩≀↕≀}⟩⌋⊣↕ M≀⌈⌉↕∫↙ MIT P∇⌉∫∫⇔ C⊣⇕⌊∇⟩⌈}⌉⇔ MA↙ M⟩⌋⌉↕⟩⇔ G↙ ↘ C⊣∇⊣⇕⊣‡‡⊣⇔ A↙ ⇐∞∃∃′⇒↙ T⟨⌉ ∫⊔∇⊓⌋⊔⊓∇⌉ ≀{ ≀∇⊔⟨≀}∇⊣√⟨⟩⌋ ∇⌉√∇⌉∫⌉\⊔⊣⊔⟩≀\∫ ⟩\ ∫√⌉↕↕⟩\}↙ C≀}\⟩⊔⟩≀\⇔ ∋¬∈△∋∘∈∃↙ M⟩⌋⟨⌉↕⇔ F↙ ↘ A\⌈∇⌉⌉⊒∫‖†⇔ E↙ ⇐∞∃∀∋⇒↙ D⌉⌉√ ⌈†∫√⟨⊣∫⟩⊣¬ A\ ⊣\⊣↕≀} ≀{ ⌈⌉⌉√ ⌈†∫↕⌉§⟩⊣ ⟩\ ⊔⟨⌉ ⊣⊓⌈⟩⊔≀∇† ⇕≀⌈⊣↕⟩⊔†↙ B∇⊣⟩\ ⊣\⌈ L⊣\}⊓⊣}⌉⇔ ∞∀¬∈∞∈∘∈∈∋↙ M⟩↕↕⌉∇⇔ D↙ ↘ E↕↕⟩∫⇔ A↙ W↙ ⇐∞∃∀⇒↙ S√⌉⌉⌋⟨ ⊣\⌈ ⊒∇⟩⊔⟩\} ⌉∇∇≀∇∫ ⟩\ \⌉≀↕≀}⟩∫⊔⟩⌋ |⊣∇}≀\ ⊣√⟨⊣∫⟩⊣¬ A ↕⌉§⟩⌋⊣↕ ⊣⌋⊔⟩⌋⊣⊔⟩≀\ ⟨†√≀⊔⟨⌉∫⟩∫↙ I\ C≀↕⊔⟨⌉⊣∇⊔⇔ M↙⇔ S⊣∇⊔≀∇⟩⇔ G↙⇔ ↘ J≀⌊⇔ R↙⇔ ⌉⌈⟩⊔≀∇∫⇔ T⟨⌉ C≀}\⟩⊔⟩⊑⌉ N⌉⊓∇≀√∫†⌋⟨≀↕≀}† ≀{ L⊣\}⊓⊣}⌉⇔ √⊣}⌉∫ ∈▽∋∘∈∞↙ L⊣⊒∇⌉\⌋⌉ E∇↕⌊⊣⊓⇕ A∫∫≀⌋⟩⊣⊔⌉∫⇔ H⟩↕↕∫⌈⊣↕⌉⇔ NJ↙ M⟩\∫‖†⇔ M↙ ⇐∞∃▽⇒↙ A {∇⊣⇕⌉⊒≀∇‖ {≀∇ ∇⌉√∇⌉∫⌉\⊔⟩\} ‖\≀⊒↕⌉⌈}⌉↙ I\ W⟩\∫⊔≀\⇔ P↙ H↙⇔ ⌉⌈⟩⊔≀∇⇔ T⟨⌉ P∫†⌋⟨≀↕≀}† ≀{ C≀⇕√⊓⊔⌉∇ V⟩∫⟩≀\⇔ √⊣}⌉∫ ∈∞∞∘∈⇔ N⌉⊒ Y≀∇‖↙ M⌋G∇⊣⊒↖H⟩↕↕↙ M⟩\∫‖†⇔ M↙ ↘ P⊣√⌉∇⊔⇔ S↙ ⇐∞∃∄⇒↙ P⌉∇⌋⌉√⊔∇≀\∫¬ A\ ⟩\⊔∇≀⌈⊓⌋⊔⟩≀\ ⊔≀ ⌋≀⇕√⊓⊔⊣⊔⟩≀\⊣↕ }⌉≀⇕⌉⊔∇†↙ MIT P∇⌉∫∫⇔ C⊣⇕⌊∇⟩⌈}⌉⇔ MA↙ M≀∇⊔≀\⇔ J↙ ⇐∞∃∄⇒↙ T⟨⌉ ⟩\⊔⌉∇⊣⌋⊔⟩≀\ ≀{ ⟩\{≀∇⇕⊣⊔⟩≀\ ⟩\ ⊒≀∇⌈ ∇⌉⌋≀}\⟩⊔⟩≀\↙ P∫†⌋⟨≀↕≀}⟩⌋⊣↕ R⌉⊑⟩⌉⊒⇔ ¬̸∞▽̸∘∞∀↙ M≀∇⊔≀\⇔ J↙ ⇐∞∃∀′⇒↙ T⊒≀ ⊣⊓⌈⟩⊔≀∇† √⊣∇⊣↕↕⌉↕∫ ⊔≀ ⌈⌉⌉√ ⌈†∫↕⌉§⟩⊣↙ I\ C≀↕⊔⟨⌉⊣∇⊔⇔ M↙⇔ P⊣⊔⊔⌉∇∫≀\⇔ K↙ E↙⇔ ↘ M⊣∇∫⟨⊣↕↕⇔ J↙ C↙⇔ ⌉⌈⟩⊔≀∇∫⇔ D⌉⌉√ D†∫↕⌉§⟩⊣⇔ ⌋⟨⊣√⊔⌉∇ ∃⇔ √⊣}⌉∫ ∞∀∃∘∞∃↙̸ R≀⊓⊔↕⌉⌈}⌉⇔ L≀\⌈≀\↙ M≀∇⊔≀\⇔ J↙ ↘ P⊣⊔⊔⌉∇∫≀\⇔ K↙ ⇐∞∃∀′⇒↙ A \⌉⊒ ⊣⊔⊔⌉⇕√⊔ ⊣⊔ ⊣\ ⟩\⊔⌉∇√∇⌉⊔⊣⊔⟩≀\⇔ ≀∇⇔ ⊣\⌈ ⊣⊔⊔⌉⇕√⊔ ⊣⊔ ⊣ \⌉⊒ ⟩\⊔⌉∇√∇⌉⊔⊣⊔⟩≀\↙ I\ C≀↕⊔⟨⌉⊣∇⊔⇔ M↙⇔ P⊣⊔⊔⌉∇∫≀\⇔ K↙ E↙⇔ ↘ M⊣∇∫⟨⊣↕↕⇔ J↙ C↙⇔ ⌉⌈⟩⊔≀∇∫⇔ D⌉⌉√ D†∫↕⌉§⟩⊣⇔ ⌋⟨⊣√⊔⌉∇ △⇔ √⊣}⌉∫ ∃∞∘∞∞∀↙ R≀⊓⊔↕⌉⌈}⌉⇔ L≀\⌈≀\↙ M≀‡⌉∇⇔ M↙ C↙ ⇐∞∃∃′⇒↙ T⟨⌉ P⌉∇⌋⌉√⊔⟩≀\ ≀{ M⊓↕⊔⟩√↕⌉ O⌊|⌉⌋⊔∫¬ A C≀\\⌉⌋⊔⟩≀\⟩∫⊔ A√√∇≀⊣⌋⟨↙ MIT P∇⌉∫∫⇔ C⊣⇕⌊∇⟩⌈}⌉⇔ MA↙ M≀‡⌉∇⇔ M↙ C↙ ↘ B⌉⟨∇⇕⊣\\⇔ M↙ ⇐∞∃∃′⇒↙ O\ ⊔⟨⌉ ⟩\⊔⌉∇⊣⌋⊔⟩≀\ ≀{ ∫⌉↕⌉⌋⊔⟩⊑⌉ ⊣⊔⊔⌉\⊔⟩≀\ ⊣\⌈ ↕⌉§⟩⌋⊣↕ ‖\≀⊒↕⌉⌈}⌉¬ A ⌋≀\\⌉⌋⊔⟩≀\⟩∫⊔ ⊣⌋⌋≀⊓\⊔ ≀{ \⌉}↕⌉⌋⊔ ⌈†∫↕⌉§⟩⊣↙ J≀⊓∇\⊣↕ ≀{ C≀}\⟩⊔⟩⊑⌉ N⌉⊓∇≀∫⌋⟩⌉\⌋⌉⇔ ∈⇐∈⇒¬∃∘̸∞∈∋↙

REFERENCES ∞∞∈ N⌉⊒⌋≀⇕⌊⌉⇔ F↙ ↘ M⊣∇∫⟨⊣↕↕⇔ J↙ C↙ ⇐∞∃∀′⇒↙ R⌉∫√≀\∫⌉ ⇕≀\⟩⊔≀∇⟩\} ⊣\⌈ ∇⌉∫√≀\∫⌉ ⌊↕≀⌋‖⟩\} ⟩\ ⌈⌉⌉√ ⌈†∫↕⌉§⟩⊣↙ I\ C≀↕⊔⟨⌉⊣∇⊔⇔ M↙⇔ P⊣⊔⊔⌉∇∫≀\⇔ K↙ E↙⇔ ↘ M⊣∇∫⟨⊣↕↕⇔ J↙ C↙⇔ ⌉⌈⟩⊔≀∇∫⇔ D⌉⌉√ D†∫↕⌉§⟩⊣⇔ ⌋⟨⊣√⊔⌉∇ ⇔ √⊣}⌉∫ ∞′̸∘∞▽↙ R≀⊓⊔↕⌉⌈}⌉⇔ L≀\⌈≀\↙ N⌉⊒⌋≀⇕⌊⌉⇔ F↙ ↘ M⊣∇∫⟨⊣↕↕⇔ J↙ C↙ ⇐∞∃∀△⇒↙ T⊣∫‖↖ ⊣\⌈ ⇕≀⌈⊣↕⟩⊔†↖∫√⌉⌋⟩⊘⌋ ⊣√⟨⊣∫⟩⊣∫↙ I\ R≀∫⌉⇔ F↙ C↙⇔ ⌉⌈⟩⊔≀∇⇔ A⌈⊑⊣\⌋⌉∫ ⟩\ N⌉⊓∇≀↕≀}†⇔ V≀↕⊓⇕⌉ △∈¬ P∇≀}∇⌉∫∫ ⟩\ A√⟨⊣∫⟩≀↕≀}†↙ R⊣⊑⌉\ P∇⌉∫∫⇔ N⌉⊒ Y≀∇‖⇔ NY↙ N≀↕⊣\⇔ K↙ A↙ ↘ C⊣∇⊣⇕⊣‡‡⊣⇔ A↙ ⇐∞∃∀∈⇒↙ M≀⌈⊣↕⟩⊔†↖⟩\⌈⌉√⌉\⌈⌉\⊔ ⟩⇕√⊣⟩∇⇕⌉\⊔∫ ⟩\ ⊒≀∇⌈ √∇≀⌋⌉∫∫⟩\} ⟩\ ⊣ ⌈⌉⌉√ ⌈†∫↕⌉§⟩⌋ √⊣⊔⟩⌉\⊔↙ B∇⊣⟩\ ⊣\⌈ L⊣\}⊓⊣}⌉⇔ ∞¬̸∈∋∘∈△̸↙ N≀⊒↕⊣\⇔ S↙ J↙ ⇐∞∃∀∀⇒↙ G⊣⟩\ ⊑⊣∇⟩⊣⊔⟩≀\ ⟩\ ∇⌉⌋⊓∇∇⌉\⊔ ⌉∇∇≀∇ √∇≀√⊣}⊣⊔⟩≀\ \⌉⊔⊒≀∇‖∫↙ C≀⇕√↕⌉§ S†∫⊔⌉⇕∫⇔ ∈¬∋′▽∘∋∈′↙ N≀⊒↕⊣\⇔ S↙ J↙ ⇐∞∃∃′⇒↙ C≀⇕√⌉⊔⟩\} ⌉§√⌉∇⊔∫¬ A\ ⌉§√⌉∇⟩⇕⌉\⊔⊣↕ ⟩\⊑⌉∫⊔⟩}⊣⊔⟩≀\ ≀{ ⊣∫∫≀⌋⟩⊣⊔⟩⊑⌉ ⇕⟩§↖ ⊔⊓∇⌉ ⇕≀⌈⌉↕∫↙ T⌉⌋⟨\⟩⌋⊣↕ R⌉√≀∇⊔ CRG↖TR↖∃′↖▽⇔ C≀\\⌉⌋⊔⟩≀\⟩∫⊔ R⌉∫⌉⊣∇⌋⟨ G∇≀⊓√⇔ D⌉√⊣∇⊔⇕⌉\⊔ ≀{ C≀⇕√⊓⊔⌉∇ S⌋⟩⌉\⌋⌉⇔ U\⟩⊑⌉∇∫⟩⊔† ≀{ T≀∇≀\⊔≀⇔ T≀∇≀\⊔≀⇔ O\⊔⊣∇⟩≀⇔ C⊣\⊣⌈⊣↙ N†∫⊔∇≀⇕⇔ L↙ E↙ ↘ M⌋C↕⌉↕↕⊣\⌈⇔ J↙ L↙ ⇐∞∃∃∞⇒↙ B↕⌉\⌈ ⌉∇∇≀∇∫ ⌈⊓∇⟩\} ⌋⊓⌉⌈ ∇⌉⌋⊣↕↕↙ I\ P∇≀⌋⌉⌉⌈⟩\}∫ ≀{ ⊔⟨⌉ ∞∋⊔⟨ A\\⊓⊣↕ C≀\{⌉∇⌉\⌋⌉ ≀{ ⊔⟨⌉ C≀}\⟩⊔⟩⊑⌉ S⌋⟩⌉\⌋⌉ S≀⌋⟩⌉⊔†⇔ √⊣}⌉∫ ∞∀▽∘∞∃′⇔ C⟨⟩⌋⊣}≀⇔ IL↙ P⊣∇‖⌉∇⇔ D↙ B↙ ⇐∞∃∀▽⇒↙ L⌉⊣∇\⟩\}↖↕≀}⟩⌋↙ T⌉⌋⟨\⟩⌋⊣↕ R⌉√≀∇⊔ TR↖△⇔ C⌉\⊔⌉∇ {≀∇ ⌋≀⇕√⊓⊔⊣⊔⟩≀\⊣↕ R⌉∫⌉⊣∇⌋⟨ ⟩\ E⌋≀\≀⇕⟩⌋∫ ⊣\⌈ M⊣\⊣}⌉⇕⌉\⊔ S⌋⟩⌉\⌋⌉⇔ M⊣∫∫⊣⌋⟨⊓∫⌉⊔∫ I\∫⊔⟩⊔⊓⊔⌉ ≀{ T⌉⌋⟨\≀↕≀}†⇔ C⊣⇕⌊∇⟩⌈}⌉⇔ MA↙ P⊣⊔⊔⌉∇∫≀\⇔ K↙ ⇐∞∃∃⇒↙ W⟨⊣⊔ ⟩∫ ∇⟩}⟨⊔ ⊒⟩⊔⟨ ⊖⌈⌉⌉√⪰ ⌈†∫↕⌉§⟩⌋∫⊥ B∇⊣⟩\ ⊣\⌈ L⊣\}⊓⊣}⌉⇔ ∀¬∞∞∞∘∞∈∃↙ P⊣⊔⊔⌉∇∫≀\⇔ K↙ ⇐∞∃∀′⇒↙ D⌉∇⟩⊑⊣⊔⟩≀\⊣↕ ⌉∇∇≀∇∫↙ I\ C≀↕⊔⟨⌉⊣∇⊔⇔ M↙⇔ P⊣⊔⊔⌉∇∫≀\⇔ K↙ E↙⇔ ↘ M⊣∇∫⟨⊣↕↕⇔ J↙ C↙⇔ ⌉⌈⟩⊔≀∇∫⇔ D⌉⌉√ D†∫↕⌉§⟩⊣⇔ ⌋⟨⊣√⊔⌉∇ ∞△⇔ √⊣}⌉∫ ∈∀∘̸∋′↙̸ R≀⊓⊔↕⌉⌈}⌉⇔ L≀\⌈≀\↙ P⊣⊔⊔⌉∇∫≀\⇔ K↙ ⇐∞∃∃′⇒↙ A↕⌉§⟩⊣ ⊣\⌈ \⌉⊓∇⊣↕ \⌉⊔∫↙ J⊣√⊣\⌉∫⌉ J≀⊓∇\⊣↕ ≀{ N⌉⊓∇≀√∫†⌋⟨≀↕≀}†⇔ ¬̸∃′∘∃∃↙ P⊣⊔⊔⌉∇∫≀\⇔ K↙ ↘ B⌉∫\⌉∇⇔ D↙ ⇐∞∃∀△⊣⇒↙ R⌉⊣⌈⟩\} {∇≀⇕ ⊔⟨⌉ ↕⌉{⊔¬ A ∇⌉√↕† ⊔≀ R⊣⌊⟩\≀⊒⟩⌋‡ ⊣\⌈ M≀∫⌋≀⊑⟩⊔⌋⟨ ⊣\⌈ ⊔≀ Z⊣⟩⌈⌉↕ ⊣\⌈ S⌋⟨⊒⌉⟩}⌉∇↙ C≀}\⟩⊔⟩⊑⌉ N⌉⊓∇≀√∫†⌋⟨≀↕≀}†⇔ ∞¬∋▽̸∘∋∀′↙ P⊣⊔⊔⌉∇∫≀\⇔ K↙ E↙ ⇐∞∃∀⇒↙ P⟨≀\⌉⇕⟩⌋ ⌈†∫↕⌉§⟩⊣¬ E∇∇≀∇∫ ≀{ ⇕⌉⊣\⟩\} ⊣\⌈ ⊔⟨⌉ ⇕⌉⊣\⟩\} ≀{ ⌉∇∇≀∇∫↙ Q⊓⊣∇⊔⌉∇↕† J≀⊓∇\⊣↕ ≀{ E§√⌉∇⟩⇕⌉\⊔⊣↕ P∫†⌋⟨≀↕≀}†⇔ ∋′¬▽∀∘′̸∀↙ P⊣⊔⊔⌉∇∫≀\⇔ K↙ E↙ ↘ B⌉∫\⌉∇⇔ D↙ ⇐∞∃∀△⌊⇒↙ I∫ ⊔⟨⌉ ∇⟩}⟨⊔ ⟨⌉⇕⟩∫√⟨⌉∇⌉ ↕⟩⊔⌉∇⊣⊔⌉⊥ C≀}\⟩⊔⟩⊑⌉ N⌉⊓∇≀√∫†⌋⟨≀↕≀}†⇔ ∋¬∋△∞∘∋↙̸ P⊣⊔⊔⌉∇∫≀\⇔ K↙ E↙ ↘ M⊣∇⌋⌉↕⇔ A↙ J↙ ⇐∞∃⇒↙ A√⟨⊣∫⟩⊣⇔ ⌈†∫↕⌉§⟩⊣ ⊣\⌈ ⊔⟨⌉ √⟨≀\≀↕≀}⟩⌋⊣↕ ⌋≀⌈⟩\} ≀{ ⊒∇⟩⊔⊔⌉\ ⊒≀∇⌈∫↙ Q⊓⊣∇⊔⌉∇↕† J≀⊓∇\⊣↕ ≀{ E§√⌉∇⟩⇕⌉\⊔⊣↕ P∫†⌋⟨≀↕≀}†⇔ ∈∃¬∋′∘∋∞∀↙ P⊣⊔⊔⌉∇∫≀\⇔ K↙ E↙⇔ S⌉⟩⌈⌉\⌊⌉∇}⇔ M↙ S↙⇔ ↘ M⌋C↕⌉↕↕⊣\⌈⇔ J↙ L↙ ⇐∞∃∃′⇒↙ C≀\\⌉⌋⊔⟩≀\∫ ⊣\⌈ ⌈⟩∫⌋≀\\⌉⌋↖ ⊔⟩≀\∫¬ A⌋∐⊓⟩∇⌉⌈ ⌈†∫↕⌉§⟩⊣ ⟩\ ⊣ ⌋≀⇕√⊓⊔⊣⊔⟩≀\⊣↕ ⇕≀⌈⌉↕ ≀{ ∇⌉⊣⌈⟩\} √∇≀⌋⌉∫∫⌉∫↙ I\ M≀∇∇⟩∫⇔ R↙ G↙ M↙⇔ ⌉⌈⟩⊔≀∇⇔ P⊣∇⊣↕↕⌉↕ D⟩∫⊔∇⟩⌊⊓⊔⌉⌈ P∇≀⌋⌉∫∫⟩\}¬ I⇕√↕⟩⌋⊣⊔⟩≀\∫ {≀∇ P∫†⌋⟨≀↕≀}† ⊣\⌈ N⌉⊓∇≀∫⌋⟩⌉\⌋⌉↙ O§{≀∇⌈ U\⟩⊑⌉∇∫⟩⊔† P∇⌉∫∫⇔ L≀\⌈≀\↙

REFERENCES ∞∞∋ P⊣⊔⊔⌉∇∫≀\⇔ K↙ E↙⇔ V⊣∇}⟨⊣↖K⟨⊣⌈⌉⇕⇔ F↙⇔ ↘ P≀↕‖⌉†⇔ C↙ E↙ ⇐∞∃∀∃⇒↙ R⌉⊣⌈⟩\} ⊒⟩⊔⟨ ≀\⌉ ⟨⌉⇕⟩∫√⟨⌉∇⌉↙ B∇⊣⟩\⇔ ∞∞∈¬∋∃∘∌↙ P⌉⊣∇↕⇕⊓⊔⊔⌉∇⇔ B↙ A↙ ⇐∞∃∀∃⇒↙ L⌉⊣∇\⟩\} ∫⊔⊣⊔⌉ ∫√⊣⌋⌉ ⊔∇⊣|⌉⌋⊔≀∇⟩⌉∫ ⟩\ ∇⌉⌋⊓∇∇⌉\⊔ \⌉⊓∇⊣↕ \⌉⊔⊒≀∇‖∫↙ N⌉⊓∇⊣↕ C≀⇕√⊓⊔⊣⊔⟩≀\⇔ ∞⇐∈⇒¬∈∌∘∈∄↙ P⌉⊔⌉∇∫≀\⇔ C↙ ↘ A\⌈⌉∇∫≀\⇔ J↙ R↙ ⇐∞∃∀⇒↙ A ⇕⌉⊣\ ⊘⌉↕⌈ ⊔⟨⌉≀∇† ↕⌉⊣∇\⟩\} ⊣↕}≀∇⟩⊔⟨⇕ {≀∇ \⌉⊓∇⊣↕ \⌉⊔∫↙ C≀⇕√↕⌉§ S†∫⊔⌉⇕∫⇔ ∞¬∃∃▽∘∞′∞∃↙ P⌉⊔⌉∇∫≀\⇔ C↙ ↘ H⊣∇⊔⇕⊣\⇔ E↙ ⇐∞∃∀∀⇒↙ E§√↕≀∇⊣⊔⟩≀\∫ ≀{ ⊔⟨⌉ ⇕⌉⊣\ ⊘⌉↕⌈ ⊔⟨⌉≀∇† ↕⌉⊣∇\⟩\} ⊣↕}≀∇⟩⊔⟨⇕↙ T⌉⌋⟨\⟩⌋⊣↕ R⌉√≀∇⊔ ACA↖ST∝HI↖′▽̸↖∀∀⇔ M⟩⌋∇≀⌉↕⌉⌋⊔∇≀\⟩⌋∫ ⊣\⌈ C≀⇕√⊓⊔⌉∇ T⌉⌋⟨\≀↕≀}† C≀∇√≀∇⊣↖ ⊔⟩≀\⇔ A⊓∫⊔⟩\⇔ TX↙ P⟩\‖⌉∇⇔ S↙ ↘ P∇⟩\⌋⌉⇔ A↙ ⇐∞∃∀∀⇒↙ O\ ↕⊣\}⊓⊣}⌉ ⊣\⌈ ⌋≀\\⌉⌋⊔⟩≀\⟩∫⇕¬ A\⊣↕†∫⟩∫ ≀{ ⊣ √⊣∇⊣↕↕⌉↕ ⌈⟩∫⊔∇⟩⌊⊓⊔⌉⌈ √∇≀⌋⌉∫∫⟩\} ⇕≀⌈⌉↕ ≀{ ↕⊣\}⊓⊣}⌉ ⊣⌋∐⊓⟩∫⟩⊔⟩≀\↙ C≀}\⟩⊔⟩≀\⇔ ∈∀¬∋∘∞∃∋↙ P↕⊣⊓⊔⇔ D↙ C↙ ⇐∞∃∃∞⇒↙ C≀\\⌉⌋⊔⟩≀\⟩∫⊔ N⌉⊓∇≀√∫†⌋⟨≀↕≀}†¬ T⟨⌉ B∇⌉⊣‖⌈≀⊒\ ⊣\⌈ R⌉⌋≀⊑⌉∇† ≀{ B⌉⟨⊣⊑⟩≀∇ ⟩\ L⌉∫⟩≀\⌉⌈ A⊔⊔∇⊣⌋⊔≀∇ N⌉⊔⊒≀∇‖∫↙ P⟨D ⊔⟨⌉∫⟩∫⇔ S⌋⟨≀≀↕ ≀{ C≀⇕√⊓⊔⌉∇ S⌋⟩⌉\⌋⌉⇔ C⊣∇\⌉}⟩⌉ M⌉↕↕≀\ U\⟩⊑⌉∇∫⟩⊔†↙ A⊑⊣⟩↕⊣⌊↕⌉ ⊣∫ T⌉⌋⟨\⟩⌋⊣↕ R⌉√≀∇⊔ CMU↖CS↖∃∞↖∞∀▽↙ P↕⊣⊓⊔⇔ D↙ C↙ ↘ H⟩\⊔≀\⇔ G↙ E↙ ⇐∞∃∀⇒↙ L⌉⊣∇\⟩\} ∫⌉⊔∫ ≀{ ⊘↕⊔⌉∇∫ ⊓∫⟩\} ⌊⊣⌋‖ √∇≀√⊣}⊣⊔⟩≀\↙ C≀⇕√⊓⊔⌉∇ S√⌉⌉⌋⟨ ⊣\⌈ L⊣\}⊓⊣}⌉⇔ ∈¬∋▽∘∞̸↙ P↕⊣⊓⊔⇔ D↙ C↙ ↘ S⟨⊣↕↕⟩⌋⌉⇔ T↙ ⇐∞∃∃∞⇒↙ E{{⌉⌋⊔∫ ≀{ ⊣⌊∫⊔∇⊣⌋⊔\⌉∫∫ ⟩\ ⊣ ⌋≀\\⌉⌋⊔⟩≀\⟩∫⊔ ⇕≀⌈⌉↕ ≀{ ⌈⌉⌉√ ⌈†∫↕⌉§⟩⊣↙ I\ P∇≀⌋⌉⌉⌈⟩\}∫ ≀{ ⊔⟨⌉ ∞∋⊔⟨ A\\⊓⊣↕ C≀\{⌉∇⌉\⌋⌉ ≀{ ⊔⟨⌉ C≀}\⟩⊔⟩⊑⌉ S⌋⟩⌉\⌋⌉ S≀⌋⟩⌉⊔†⇔ √⊣}⌉∫ ∋∘∀⇔ C⟨⟩⌋⊣}≀⇔ IL↙ R⊣⌊⟩\≀⊒⟩⌋‡⇔ B↙ ↘ M≀∫⌋≀⊑⟩⊔⌋⟨⇔ M↙ ⇐∞∃∀△⇒↙ R⟩}⟨⊔ ⟨⌉⇕⟩∫√⟨⌉∇⌉ ↕⟩⊔⌉∇⊣⌋†¬ A ⌋∇⟩⊔⟩∐⊓⌉ ≀{ ∫≀⇕⌉ ∇⌉⌋⌉\⊔ ⊣√√∇≀⊣⌋⟨⌉∫↙ C≀}\⟩⊔⟩⊑⌉ N⌉⊓∇≀√∫†⌋⟨≀↕≀}†⇔ ∞¬∋△∋∘∋▽′↙ R⟩⌈⌈≀⌋⟨⇔ M↙ J↙ ↘ H⊓⇕√⟨∇⌉†∫⇔ G↙ W↙ ⇐∞∃∀⇒↙ V⟩∫⊓⊣↕ ≀⌊|⌉⌋⊔ √∇≀⌋⌉∫∫⟩\} ⟩\ ≀√⊔⟩⌋ ⊣√⟨⊣∫⟩⊣¬ A ⌋⊣∫⌉ ≀{ ∫⌉⇕⊣\⊔⟩⌋ ⊣⌋⌋⌉∫∫ ⊣}\≀∫⟩⊣↙ C≀}\⟩⊔⟩⊑⌉ N⌉⊓∇≀√∫†⌋⟨≀↕≀}†⇔ △⇐∈⇒¬∞∋∞∘∞∀▽↙ R≀⌉↕⊔}⌉\⇔ D↙ P↙ ⇐∞∃∀⇒↙ L≀∫∫ ≀{ ⌈⌉⌉√ ⌈†∫↕⌉§⟩⌋ ∇⌉⊣⌈⟩\} ⊣⌊⟩↕⟩⊔† {∇≀⇕ ⊣ ∫⌉⌋≀\⌈ ↕⌉{⊔ ⟨⌉⇕⟩∫√⟨⌉∇⌉ ↕⌉∫⟩≀\↙ A∇⌋⟨⟩⊑⌉∫ ≀{ N⌉⊓∇≀↕≀}†⇔ △△¬∋△∘̸∋△∀↙ R≀∫⌋⟨⇔ E↙⇔ M⌉∇⊑⟩∫⇔ C↙⇔ G∇⊣†⇔ W↙⇔ J≀⟨\∫≀\⇔ D↙⇔ ↘ B≀†⌉∫↖B∇⊣⌉⇕⇔ P↙ ⇐∞∃⇏↙ B⊣∫⟩⌋ ≀⌊|⌉⌋⊔∫ ⟩\ \⊣⊔⊓∇⊣↕ ⌋⊣⊔⌉}≀∇⟩⌉∫↙ C≀}\⟩⊔⟩⊑⌉ P∫†⌋⟨≀↕≀}†⇔ ∀¬∋∀∈∘△∋∃↙ R⊓⇕⌉↕⟨⊣∇⊔⇔ D↙ E↙⇔ H⟩\⊔≀\⇔ G↙ E↙⇔ ↘ W⟩↕↕⟩⊣⇕∫⇔ R↙ J↙ ⇐∞∃∀⊣̸⇒↙ L⌉⊣∇\⟩\} ⟩\⊔⌉∇\⊣↕ ∇⌉√∇⌉∫⌉\⊔⊣⊔⟩≀\∫ ⌊† ⌉∇∇≀∇ √∇≀√⊣}⊣⊔⟩≀\↙ I\ R⊓⇕⌉↕⟨⊣∇⊔⇔ D↙ E↙⇔ M⌋C↕⌉↕↕⊣\⌈⇔ J↙ L↙⇔ ↘ ⊔⟨⌉ PDP ∇⌉∫⌉⊣∇⌋⟨ }∇≀⊓√⇔ ⌉⌈⟩⊔≀∇∫⇔ P⊣∇⊣↕↕⌉↕ D⟩∫⊔∇⟩⌊⊓⊔⌉⌈ P∇≀⌋⌉∫∫⟩\}¬ E§√↕≀∇⊣⊔⟩≀\∫ ⟩\ ⊔⟨⌉ M⟩⌋∇≀∫⊔∇⊓⌋⊔⊓∇⌉ ≀{ C≀}\⟩⊔⟩≀\↙ V≀↕⊓⇕⌉ ∞¬ F≀⊓\⌈⊣⊔⟩≀\∫⇔ ⌋⟨⊣√⊔⌉∇ ∀⇔ √⊣}⌉∫ ∋∞∀∘∋∉↙ MIT P∇⌉∫∫⇔ C⊣⇕⌊∇⟩⌈}⌉⇔ MA↙ R⊓⇕⌉↕⟨⊣∇⊔⇔ D↙ E↙⇔ H⟩\⊔≀\⇔ G↙ E↙⇔ ↘ W⟩↕↕⟩⊣⇕∫⇔ R↙ J↙ ⇐∞∃∀⌊̸⇒↙ L⌉⊣∇\⟩\} ∇⌉√∇⌉∫⌉\⊔⊣⊔⟩≀\∫ ⌊† ⌊⊣⌋‖↖ √∇≀√⊣}⊣⊔⟩\} ⌉∇∇≀∇∫↙ N⊣⊔⊓∇⌉⇔ ∋∈∋⇐∃⇒¬▽∋∋∘▽∋↙̸

REFERENCES ∞∞△ R⊓⇕⌉↕⟨⊣∇⊔⇔ D↙ E↙ ↘ M⌋C↕⌉↕↕⊣\⌈⇔ J↙ L↙ ⇐∞∃∀⇏↙ O\ ↕⌉⊣∇\⟩\} ⊔⟨⌉ √⊣∫⊔ ⊔⌉\∫⌉∫ ≀{ E\}↕⟩∫⟨ ⊑⌉∇⌊∫↙ I\ M⌋C↕⌉↕↕⊣\⌈⇔ J↙ L↙⇔ R⊓⇕⌉↕⟨⊣∇⊔⇔ D↙ E↙⇔ ↘ ⊔⟨⌉ PDP ∇⌉∫⌉⊣∇⌋⟨ }∇≀⊓√⇔ ⌉⌈⟩⊔≀∇∫⇔ P⊣∇⊣↕↕⌉↕ D⟩∫⊔∇⟩⌊⊓⊔⌉⌈ P∇≀⌋⌉∫∫⟩\}¬ E§√↕≀∇⊣⊔⟩≀\∫ ⟩\ ⊔⟨⌉ M⟩⌋∇≀∫⊔∇⊓⌋⊔⊓∇⌉ ≀{ C≀}\⟩⊔⟩≀\↙ V≀↕⊓⇕⌉ ∈¬ P∫†⌋⟨≀↕≀}⟩⌋⊣↕ ⊣\⌈ B⟩≀↕≀}⟩⌋⊣↕ M≀⌈⌉↕∫⇔ ⌋⟨⊣√⊔⌉∇ ∞∀⇔ √⊣}⌉∫ ∈∞∘̸∈∞↙ MIT P∇⌉∫∫⇔ C⊣⇕⌊∇⟩⌈}⌉⇔ MA↙ S⊣{{∇⊣\⇔ E↙ M↙⇔ B≀}†≀⇔ L↙ C↙⇔ S⌋⟨⊒⊣∇⊔‡⇔ M↙ F↙⇔ ↘ M⊣∇⟩\⇔ O↙ S↙ M↙ ⇐∞∃∀′⇒↙ D≀⌉∫ ⌈⌉⌉√ ⌈†∫↕⌉§⟩⊣ ∇⌉⊙⌉⌋⊔ ∇⟩}⟨⊔↖⟨⌉⇕⟩∫√⟨⌉∇⌉ ∇⌉⊣⌈⟩\}⊥ I\ C≀↕⊔⟨⌉⊣∇⊔⇔ M↙⇔ P⊣⊔⊔⌉∇∫≀\⇔ K↙ E↙⇔ ↘ M⊣∇∫⟨⊣↕↕⇔ J↙ C↙⇔ ⌉⌈⟩⊔≀∇∫⇔ D⌉⌉√ D†∫↕⌉§⟩⊣⇔ ⌋⟨⊣√⊔⌉∇ ∞⇔ √⊣}⌉∫ ∋∀∞∘△′↙̸ R≀⊓⊔↕⌉⌈}⌉⇔ L≀\⌈≀\↙ S⊣{{∇⊣\⇔ E↙ M↙ ↘ M⊣∇⟩\⇔ O↙ S↙ M↙ ⇐∞∃⇒↙ R⌉⊣⌈⟩\} ⊒⟩⊔⟨≀⊓⊔ √⟨≀\≀↕≀}†↙ Q⊓⊣∇⊔⌉∇↕† J≀⊓∇\⊣↕ ≀{ E§√⌉∇⟩⇕⌉\⊔⊣↕ P∫†⌋⟨≀↕≀}†⇔ ∈∃¬▽∞▽∘▽∈▽↙ S⊣{{∇⊣\⇔ E↙ M↙⇔ S⌋⟨⊒⊣∇⊔‡⇔ M↙ F↙⇔ ↘ M⊣∇⟩\⇔ O↙ S↙ M↙ ⇐∞∃⇏↙ S⌉⇕⊣\⊔⟩⌋ ⇕⌉⌋⟨⊣\⟩∫⇕∫ ⟩\ √⊣∇⊣↕⌉§⟩⊣↙ B∇⊣⟩\ ⊣\⌈ L⊣\}⊓⊣}⌉⇔ ∋¬∈▽▽∘∈▽̸↙ S⌋⟨⊒⊣∇⊔‡⇔ M↙ F↙ ⇐∞∃∀△⇒↙ W⟨⊣⊔ ⊔⟨⌉ ⌋↕⊣∫∫⟩⌋⊣↕ ⊣√⟨⊣∫⟩⊣ ⌋⊣⊔⌉}≀∇⟩⌉∫ ⌈≀\≃⊔ ⌈≀ {≀∇ ⊓∫ ⊣\⌈ ⊒⟨†↙ B∇⊣⟩\ ⊣\⌈ L⊣\}⊓⊣}⌉⇔ ∈∞¬∋∘∀↙ S⌋⟨⊒⊣∇⊔‡⇔ M↙ F↙⇔ M⊣∇⟩\⇔ O↙ M↙⇔ ↘ S⊣{{∇⊣\⇔ E↙ M↙ ⇐∞∃∃⇒↙ D⟩∫∫≀⌋⟩⊣⊔⟩≀\∫ ≀{ ↕⊣\}⊓⊣}⌉ {⊓\⌋⊔⟩≀\ ⟩\ ⌈⌉⇕⌉\⊔⟩⊣¬ A ⌋⊣∫⌉ ∫⊔⊓⌈†↙ B∇⊣⟩\ ⊣\⌈ L⊣\}⊓⊣}⌉⇔ ¬∈∘∋′↙̸ S⌉⟩⌈⌉\⌊⌉∇}⇔ M↙ ⇐∞∃∀∀⇒↙ C≀}\⟩⊔⟩⊑⌉ \⌉⊓∇≀√∫†⌋⟨≀↕≀}† ⊣\⌈ ↕⊣\}⊓⊣}⌉¬ T⟨⌉ ∫⊔⊣⊔⌉ ≀{ ⊔⟨⌉ ⊣∇⊔↙ C≀}\⟩⊔⟩⊑⌉ N⌉⊓∇≀√∫†⌋⟨≀↕≀}†⇔ ▽⇐△⇒¬△′∋∘△∈↙̸ S⌉⟩⌈⌉\⌊⌉∇}⇔ M↙ ↘ M⌋C↕⌉↕↕⊣\⌈⇔ J↙ L↙ ⇐∞∃∀∃⇒↙ A ⌈⟩∫⊔∇⟩⌊⊓⊔⌉⌈⇔ ⌈⌉⊑⌉↕≀√⇕⌉\⊔⊣↕ ⇕≀⌈⌉↕ ≀{ ⊒≀∇⌈ ∇⌉⌋≀}↖ \⟩⊔⟩≀\ ⊣\⌈ \⊣⇕⟩\}↙ P∫†⌋⟨≀↕≀}⟩⌋⊣↕ R⌉⊑⟩⌉⊒⇔ ∃¬̸▽∈∋∘▽∀̸↙ S⌉⟩⌈⌉\⌊⌉∇}⇔ M↙ S↙ ↘ M⌋C↕⌉↕↕⊣\⌈⇔ J↙ L↙ ⇐∞∃∃′⇒↙ M≀∇⌉ ⊒≀∇⌈∫ ⌊⊓⊔ ∫⊔⟩↕↕ \≀ ↕⌉§⟩⌋≀\¬ R⌉√↕† ⊔≀ B⌉∫\⌉∇ ⌉⊔ ⊣↕↙ ⇐∞∃∃′⇒↙ P∫†⌋⟨≀↕≀}⟩⌋⊣↕ R⌉⊑⟩⌉⊒⇔ ∃⇐∋⇒¬△∘△▽∈↙ S⌉|\≀⊒∫‖⟩⇔ T↙ J↙⇔ K≀⌋⟨⇔ C↙⇔ ↘ C⟨⊓∇⌋⟨↕⊣\⌈⇔ P↙ S↙ ⇐∞∃∀∃⇒↙ C≀⇕√⊓⊔⊣⊔⟩≀\⊣↕ \⌉⊓∇≀∫⌋⟩⌉\⌋⌉↙ S⌋⟩⌉\⌋⌉↙ S⌉|\≀⊒∫‖⟩⇔ T↙ J↙ ↘ R≀∫⌉\⌊⌉∇}⇔ C↙ R↙ ⇐∞∃∀⇒↙ P⊣∇⊣↕↕⌉↕ \⌉⊔⊒≀∇‖∫ ⊔⟨⊣⊔ ↕⌉⊣∇\ ⊔≀ √∇≀\≀⊓\⌋⌉ E\}↕⟩∫⟨ ⊔⌉§⊔↙ C≀⇕√↕⌉§ S†∫⊔⌉⇕∫⇔ ∞¬∞△▽∘∞∀̸↙ S⟨⊣↕↕⟩⌋⌉⇔ T↙ ⇐∞∃∀∀⇒↙ F∇≀⇕ N⌉⊓∇≀√∫†⌋⟨≀↕≀}† ⊔≀ M⌉\⊔⊣↕ S⊔∇⊓⌋⊔⊓∇⌉↙ C⊣⇕⌊∇⟩⌈}⌉ U\⟩⊑⌉∇∫⟩⊔† P∇⌉∫∫⇔ C⊣⇕⌊∇⟩⌈}⌉⇔ E\}↕⊣\⌈↙ S⟨⊣↕↕⟩⌋⌉⇔ T↙ ↘ C≀⊓}⟨↕⊣\⇔ A↙ K↙ ⇐∞∃∀′⇒↙ M≀⌈⊣↕⟩⊔† ∫√⌉⌋⟩⊘⌋ ⊒≀∇⌈ ⌋≀⇕√∇⌉⟨⌉\∫⟩≀\ ⌈⌉⊘⌋⟩⊔∫ ⟩\ ⌈⌉⌉√ ⌈†∫↕⌉§⟩⊣↙ J≀⊓∇\⊣↕ ≀{ N⌉⊓∇≀↕≀}†⇔ N⌉⊓∇≀∫⊓∇}⌉∇† ⊣\⌈ P∫†⌋⟨⟩⊣⊔∇†⇔ △∋¬∀̸∘∀∈↙ S⟨⊣↕↕⟩⌋⌉⇔ T↙ ↘ M⌋G⟩↕↕⇔ J↙ ⇐∞∃∀⇒↙ T⟨⌉ ≀∇⟩}⟩\∫ ≀{ ⇕⟩§⌉⌈ ⌉∇∇≀∇∫↙ I\ R⌉∐⊓⟩\⇔ J↙⇔ ⌉⌈⟩⊔≀∇⇔ A⊔⊔⌉\⊔⟩≀\ ⊣\⌈ P⌉∇{≀∇⇕⊣\⌋⌉ VII⇔ √⊣}⌉∫ ∞∃∋∘∈′∀↙ L⊣⊒∇⌉\⌋⌉ E∇↕⌊⊣⊓⇕ A∫∫≀⌋⟩⊣⊔⌉∫⇔ H⟩↕↕∫⌈⊣↕⌉⇔ NJ↙ S⟨⊣↕↕⟩⌋⌉⇔ T↙ ↘ W⊣∇∇⟩\}⊔≀\⇔ E↙ K↙ ⇐∞∃▽⇒↙ W≀∇⌈ ∇⌉⌋≀}\⟩⊔⟩≀\ ⟩\ ⊣ √⟨≀\⌉⇕⟩⌋ ⌈†∫↕⌉§⟩⌋ √⊣⊔⟩⌉\⊔↙ Q⊓⊣∇⊔⌉∇↕† J≀⊓∇\⊣↕ ≀{ E§√⌉∇⟩⇕⌉\⊔⊣↕ P∫†⌋⟨≀↕≀}†⇔ ∈¬∞∀∘∞∃∃↙ S⟨⊣↕↕⟩⌋⌉⇔ T↙ ↘ W⊣∇∇⟩\}⊔≀\⇔ E↙ K↙ ⇐∞∃∀′⇒↙ S⟩\}↕⌉ ⊣\⌈ ⇕⊓↕⊔⟩√↕⌉ ⌋≀⇕√≀\⌉\⊔ ⌋⌉\⊔∇⊣↕ ⌈†∫↕⌉§⟩⌋ ∫†\↖ ⌈∇≀⇕⌉∫↙ I\ C≀↕⊔⟨⌉⊣∇⊔⇔ M↙⇔ P⊣⊔⊔⌉∇∫≀\⇔ K↙ E↙⇔ ↘ M⊣∇∫⟨⊣↕↕⇔ J↙ C↙⇔ ⌉⌈⟩⊔≀∇∫⇔ D⌉⌉√ D†∫↕⌉§⟩⊣↙ R≀⊓⊔↕⌉⌈}⌉⇔ L≀\⌈≀\↙

REFERENCES ∞∞▽ S⟩⌉∇≀{{⇔ E↙⇔ P≀↕↕⊣⊔∫⌉‖⇔ A↙⇔ ↘ P≀∫\⌉∇⇔ M↙ I↙ ⇐∞∃∀∀⇒↙ R⌉⌋≀}\⟩⊔⟩≀\ ≀{ ⊑⟩∫⊓⊣↕ ↕⌉⊔⊔⌉∇ ∫⊔∇⟩\}∫ {≀↕↕≀⊒⟩\} ⟩\|⊓∇† ⊔≀ ⊔⟨⌉ √≀∫⊔⌉∇⟩≀∇ ⊑⟩∫⊓⊣↕ ∫√⊣⊔⟩⊣↕ ⊣⊔⊔⌉\⊔⟩≀\ ∫†∫⊔⌉⇕↙ C≀}\⟩⊔⟩⊑⌉ N⌉⊓∇≀√∫†⌋⟨≀↕≀}†⇔ ▽⇐△⇒¬△∈∘△△∃↙ S‖⊣∇⌈⊣⇔ C↙ A↙ ↘ F∇⌉⌉⇕⊣\⇔ W↙ J↙ ⇐∞∃∀⇒↙ H≀⊒ ⌊∇⊣⟩\∫ ⇕⊣‖⌉ ⌋⟨⊣≀∫ ⟩\ ≀∇⌈⌉∇ ⊔≀ ⇕⊣‖⌉ ∫⌉\∫⌉ ≀{ ⊔⟨⌉ ⊒≀∇↕⌈↙ B⌉⟨⊣⊑⟩≀∇⊣↕ ⊣\⌈ B∇⊣⟩\ S⌋⟩⌉\⌋⌉∫⇔ ∞′¬∞∞̸∘∞∃▽↙ S⇕⟩⊔⟨⇔ E↙ E↙ ↘ M⌉⌈⟩\⇔ D↙ L↙ ⇐∞∃∀∞⇒↙ C⊣⊔⌉}≀∇⟩⌉∫ ⊣\⌈ ⌋≀\⌋⌉√⊔∫↙ H⊣∇⊑⊣∇⌈ U\⟩⊑⌉∇∫⟩⊔† P∇⌉∫∫⇔ C⊣⇕⌊∇⟩⌈}⌉⇔ MA↙ S⇕⟩⊔⟨⇔ E↙ E↙⇔ S⟨≀⌊⌉\⇔ E↙ J↙⇔ ↘ R⟩√∫⇔ L↙ J↙ ⇐∞∃△⇒↙ S⊔∇⊓⌋⊔⊓∇⌉ ⊣\⌈ √∇≀⌋⌉∫∫ ⟩\ ∫⌉⇕⊣\⊔⟩⌋ ⇕⌉⇕≀∇†¬ A {⌉⊣⊔⊓∇⊣↕ ⇕≀⌈⌉↕ {≀∇ ∫⌉⇕⊣\⊔⟩⌋ ⌈⌉⌋⟩∫⟩≀\↙ P∫†⌋⟨≀↕≀}⟩⌋⊣↕ R⌉⊑⟩⌉⊒⇔ ∀∞¬∈∞△∘∈△∞↙ S⇕≀↕⌉\∫‖†⇔ P↙ ⇐∞∃∀∀⇒↙ O\ ⊔⟨⌉ √∇≀√⌉∇ ⊔∇⌉⊣⊔⇕⌉\⊔ ≀{ ⌋≀\\⌉⌋⊔⟩≀\⟩∫⇕↙ B⌉⟨⊣⊑⟩≀∇⊣↕ ⊣\⌈ B∇⊣⟩\ S⌋⟩⌉\⌋⌉∫⇔ ∞∞¬∞∘△↙ S⊔⌉⇕⌊⌉∇}⌉∇⇔ J↙ P↙ ⇐∞∃∀▽⇒↙ A\ ⟩\⊔⌉⊣⌋⊔⟩⊑⌉ ⊣⌋⊔⟩⊑⊣⊔⟩≀\ ⇕≀⌈⌉↕ ≀{ ↕⊣\}⊓⊣}⌉ √∇≀⌈⊓⌋⊔⟩≀\↙ I\ E↕↕⟩∫⇔ A↙ W↙⇔ ⌉⌈⟩⊔≀∇⇔ P∇≀}∇⌉∫∫ ⟩\ ⊔⟨⌉ P∫†⌋⟨≀↕≀}† ≀{ L⊣\}⊓⊣}⌉⇔ V≀↕↙ ∞↙ L⊣⊒∇⌉\⌋⌉ E∇↕⌊⊣⊓⇕ A∫∫≀⌋⟩⊣⊔⌉∫⇔ H⟩↕↕∫⌈⊣↕⌉⇔ NJ↙ V⊣\ E∫∫⌉\⇔ D↙ C↙ ⇐∞∃∀▽⇒↙ F⊓\⌋⊔⟩≀\⊣↕ ≀∇}⊣\⟩‡⊣⊔⟩≀\ ≀{ √∇⟩⇕⊣⊔⌉ ⊑⟩∫⊓⊣↕ ⌋≀∇⊔⌉§↙ I\ P⌉⊔⌉∇∫⇔ A↙ ↘ J≀\⌉∫⇔ E↙ B↙⇔ ⌉⌈⟩⊔≀∇∫⇔ C⌉∇⌉⌊∇⊣↕ C≀∇⊔⌉§⇔ ⊑≀↕⊓⇕⌉ ∋⇔ √⊣}⌉∫ ∈▽∃∘∋∈∃↙ P↕⌉\⊓⇕ P∇⌉∫∫⇔ N⌉⊒ Y≀∇‖⇔ NY↙ W⊣⟩⌊⌉↕⇔ A↙ ⇐∞∃∀∃⇒↙ M≀⌈⊓↕⊣∇ ⌋≀\∫⊔∇⊓⌋⊔⟩≀\ ≀{ T⟩⇕⌉↖D⌉↕⊣† N⌉⊓∇⊣↕ N⌉⊔⊒≀∇‖∫ {≀∇ ∫√⌉⌉⌋⟨ ∇⌉⌋≀}\⟩⊔⟩≀\↙ N⌉⊓∇⊣↕ C≀⇕√⊓⊔⊣⊔⟩≀\⇔ ∞⇐∞⇒¬∋∃∘△↙̸ W⊣∇∇⟩\}⊔≀\⇔ E↙ K↙ ⇐∞∃∀∞⇒↙ C≀\⌋∇⌉⊔⌉ ⊒≀∇⌈ ⌈†∫↕⌉§⟩⊣↙ B∇⟩⊔⟩∫⟨ J≀⊓∇\⊣↕ ≀{ P∫†⌋⟨≀↕≀}†⇔ ∈¬∞▽∘∞∃↙̸ W⊣∇∇⟩\}⊔≀\⇔ E↙ K↙ ↘ S⟨⊣↕↕⟩⌋⌉⇔ T↙ ⇐∞∃∃⇒↙ S⌉⇕⊣\⊔⟩⌋ ⊣⌋⌋⌉∫∫ ⌈†∫↕⌉§⟩⊣↙ B∇⊣⟩\⇔ ∞′∈¬△∋∘∌↙ Z⊣⟩⌈⌉↕⇔ E↙ ↘ P⌉⊔⌉∇∫⇔ A↙ M↙ ⇐∞∃∀∞⇒↙ P⟨≀\≀↕≀}⟩⌋⊣↕ ⌉\⌋≀⌈⟩\} ⊣\⌈ ⟩⌈⌉≀}∇⊣√⟨⟩⌋ ∇⌉⊣⌈⟩\} ⌊† ⊔⟨⌉ ⌈⟩∫⌋≀\\⌉⌋⊔⌉⌈ ∇⟩}⟨⊔ ⟨⌉⇕⟩∫√⟨⌉∇⌉¬ T⊒≀ ⌋⊣∫⌉ ∫⊔⊓⌈⟩⌉∫↙ B∇⊣⟩\ ⊣\⌈ L⊣\}⊓⊣}⌉⇔ ∞△¬∈′▽∘∈∋△↙ Z⊣⟩⌈⌉↕⇔ E↙ ↘ S⌋⟨⊒⌉⟩}⌉∇⇔ A↙ ⇐∞∃∀△⇒↙ O\ ⊒∇≀\} ⟨†√≀⊔⟨⌉∫⌉∫ ⊣⌊≀⊓⊔ ⊔⟨⌉ ∇⟩}⟨⊔ ⟨⌉⇕⟩∫√⟨⌉∇⌉¬ C≀⇕⇕⌉\⊔⊣∇† ≀\ K↙ P⊣⊔⊔⌉∇∫≀\ ⊣\⌈ D↙ B⌉∫\⌉∇⇔ ⊖I∫ ⊔⟨⌉ ∇⟩}⟨⊔ ⟨⌉⇕⟩∫√⟨⌉∇⌉ ↕⟩⊔⌉∇⊣⊔⌉⊥⪰↙ C≀}\⟩⊔⟩⊑⌉ N⌉⊓∇≀√∫†⌋⟨≀↕≀}†⇔ ∞¬∋▽∞∘∋△̸↙

REFERENCES ∞∞ R⌉{⌉∇⌉\⌋⌉ N≀⊔⌉∫ ∞↙ H≀⊒⊣∇⌈⇔ D↙ ↘ B⌉∫⊔⇔ W↙ ⇐∞∃∃∞⇒↙ V⟩∫⊓⊣↕ ⌈†∫↕⌉§⟩⊣⊥ P⊣√⌉∇ √∇⌉∫⌉\⊔⌉⌈ ⊣⊔ ⊔⟨⌉ E§√⌉∇⟩⇕⌉\⊔⊣↕ P∫†⌋⟨≀↕≀}† S≀⌋⟩⌉⊔† ⇕⌉⌉⊔⟩\}⇔ B∇⟩}⟨⊔≀\⇔ E\}↕⊣\⌈↙ ∈↙ M⊣∇⊔⟩\⇔ N↙⇔ S⊣{{∇⊣\⇔ E↙ M↙⇔ D⌉↕↕⇔ G↙ S↙⇔ ↘ S⌋⟨⊒⊣∇⊔‡⇔ M↙ F↙ ⇐∞∃∃∞⇒↙ O\ ⊔⟨⌉ ≀∇⟩}⟩\ ≀{ √⊣∇⊣√⟨⊣∫⟩⌋ ⌉∇∇≀∇∫ ⟩\ ⌈⌉⌉√ ⌈†∫√⟨⊣∫⟩⊣¬ S⟩⇕⊓↕⊣⊔⟩\} ⌉∇∇≀∇ √⊣⊔⊔⌉∇\∫ ⟩\ ⌈⌉⌉√ ⌈†∫√⟨⊣∫⟩⊣↙ P⊣√⌉∇ √∇⌉∫⌉\⊔⌉⌈ ⊣⊔ ⊔⟨⌉ D⌉⌉√ D†∫↕⌉§⟩⊣ II ⇕⌉⌉⊔⟩\}⇔ B⟩∇‖⌊⌉⌋‖ C≀↕↕⌉}⌉⇔ L≀\⌈≀\⇔ E\}↕⊣\⌈↙ ∋↙ O↕∫⌉\⇔ A↙ ↘ C⊣∇⊣⇕⊣‡‡⊣⇔ A↙ ⇐∞∃∀∀⇒↙ L⌉∫⟩≀\⟩\} ⊣ ⌋≀\\⌉⌋⊔⟩≀\⟩∫⊔ ⇕≀⌈⌉↕ ≀{ ∫√⌉↕↕⟩\}↙ T⊣↕‖ }⟩⊑⌉\ ⊣⊔ V⌉\⟩⌋⌉ III¬ C≀}\⟩⊔⟩⊑⌉ N⌉⊓∇≀√∫†⌋⟨≀↕≀}† ⊣\⌈ C≀\\⌉⌋⊔⟩≀\⟩∫⇕⇔ V⌉\⟩⌋⌉⇔ I⊔⊣↕†↙ △↙ P↕⊣⊓⊔⇔ D↙ C↙ ↘ S⟨⊣↕↕⟩⌋⌉⇔ T↙ ⇐⟩\ √∇⌉√⊣∇⊣⊔⟩≀\⇒↙ P⌉∇∫⌉⊑⌉∇⊣⊔⟩⊑⌉ ⊣\⌈ ∫⌉⇕⊣\⊔⟩⌋ ⟩\⊙⊓⌉\⌋⌉∫ ≀\ ⊑⟩∫⊓⊣↕ ≀⌊|⌉⌋⊔ \⊣⇕⟩\} ⌉∇∇≀∇∫ ⟩\ ≀√⊔⟩⌋ ⊣√⟨⊣∫⟩⊣¬ A ⌋≀\\⌉⌋⊔⟩≀\⟩∫⊔ ⊣⌋⌋≀⊓\⊔↙ ▽↙ W⌉∇⌊≀∫⇔ P↙ J↙ ⇐∞∃△⇒↙ B⌉†≀\⌈ R⌉}∇⌉∫∫⟩≀\¬ N⌉⊒ T≀≀↕∫ {≀∇ P∇⌉⌈⟩⌋⊔⟩≀\ ⊣\⌈ A\⊣↕†∫⟩∫ ⟩\ ⊔⟨⌉ B⌉⟨⊣⊑⟩≀∇⊣↕ S⌋⟩⌉\⌋⌉∫↙ P⟨D ⊔⟨⌉∫⟩∫⇔ H⊣∇⊑⊣∇⌈ U\⟩⊑⌉∇∫⟩⊔†↙