
Outline of a symbolic and PAC-learning approach to instruct a
Turing-complete system in natural language

Abstract001

A machine’s capability of interacting in natu-002
ral language and processing in its full Turing-003
complete computing power is our ultimate ex-004
pectation in natural language processing (NLP).005
When utterance carries knowledge, i.e., ut-006
terance are syntactical expressions for knowl-007
edge, we assume the former is isomorphic to008
a bounded function and the latter a partial re-009
cursive function. A bounded function is a to-010
tal mapping from an infinite domain to a fi-011
nite co-domain and a class of such functions012
is PAC learnable. We learn an infinite set of013
utterance by randomly collecting a finite set014
of sample utterance. Along with the sample015
utterance collection and processing, we also016
collect, precisely learn, a set of rules of pars-017
ing and semantic mapping as a side product018
of the utterance sample collection and process-019
ing. We call this process as a PAC learning,020
i.e., with a guaranteed performance, because021
the parsing and semantic mapping rules are in-022
terpreted as bounded function as well. In this023
paper, we propose utterance representation in024
the Enterprise-Participant (EP) data model that025
defines a class of bounded functions. We in-026
troduce Froglingo, a programming language027
extended from EP, to support the parsing and028
semantic mapping rules and additionally to sup-029
port Turing-complete executions over utterance030
to vet knowledge.031

1 Introduction032

We assume knowledge is isomorphic to a partial033

recursive function involving a infinite number of034

entities. The utterance carrying knowledge that035

have occurred so far is finite in number and ref-036

erence only a finite number of entities including037

some with infinite properties. In a natural language,038

there are (potentially infinitely) many paraphrases039

referencing a single entity (or a finite set of entities).040

A bounded function is a total mapping from an in-041

finite domain to a finite co-domain, e.g., a cyclic042

graph possessing a infinite number of paths from 043

a finite number of vertices is a bounded function. 044

Therefore, we assume utterance is isomorphic to a 045

bounded function. 046

The EP data model is a database language rep- 047

resenting a class of bounded functions that is se- 048

mantically equivalent to Turing machine, i.e., what 049

Turing machine can produce within a finite time 050

and space are nothing else but bounded functions. 051

An applicative function, as long as it is total, is 052

bounded. A (cyclic) graph with (infinite) paths can 053

be represented in EP. A class of bounded functions 054

is also Probably Approximately Correct (PAC) 055

learnable, i.e., a finite set of sample EP expressions 056

enables the EP data model to support an infinite 057

set of fresh and meaningful EP expressions. In this 058

paper, we propose to use the EP data model to rep- 059

resent utterance. These utterance are accumulated 060

and learned into a database, i.e., a finite set of ut- 061

terance is admitted into the database that supports 062

an infinite set of fresh and meaningful utterance. 063

When utterance are admitted to a database in the 064

form of EP expression, they are Turing-complete 065

expressions representing knowledge. Froglingo is a 066

programming language based on EP, which extends 067

the space of bounded functions to include partial 068

recursive functions. We use Froglingo beyond EP 069

to execute the Turing-complete expressions in the 070

database carried in through utterance. 071

To efficiently map utterance to EP expressions, 072

we need a precise parser. Instead of relying on a 073

formal grammar or a semantic parser that maps 074

utterance to knowledge representation without a 075

grammar, we collect, precisely learn, a parser by 076

constructing a parsing and semantic mapping rule 077

in Froglingo whenever a sample utterance is sam- 078

pled. Such a rule, which no longer needs to be re- 079

constructed, is used to guide the parsing and seman- 080

tic mapping process when a new utterance meeting 081

the rule is to be processed. We say the process of 082

collecting parsing and mapping rules is a process 083
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of learning because the parsing and mapping rules084

are interpreted also as bounded functions, a class085

of which is PAC learnable.086

The parsing and semantic mapping rules map087

utterance to intermediate syntactical structures first088

and eventually map the syntactical structures to089

their semantics, i.e., data in the database (note090

any EP and Froglingo expressions are data in the091

database as all are uniformly inventoried in the092

same database). The parser, including the rules,093

references data in the database when it processes094

an utterance and makes a decision on which rule is095

chosen for the utterance. Therefore, even if a utter-096

ance has a perfect grammatical structure and makes097

a full sense in the real world, the system may not098

recognize (read) it, as if a child didn’t understand099

what an adult was talking about. This process is100

critical to maintain the realizability assumption of101

the PAC learnability and ensure that the database102

for knowledge will eventually converge. It is also103

critical to resolve and many times to avoid the chal-104

lenges from natural language ambiguity that are105

important to linguistics and philosophy but unnec-106

essary to most of NLP applications.107

Constructing the parsing and mapping rules by108

PAC learning guarantees the performance con-109

verges to a designed level when the size of samples110

reaches upto a foreseeable amount. In other words111

intuitively, the performance is guaranteed because112

we only need to deal with a finite set of sample113

rules, where in the worst case we are able to tune114

individual rules that in general don’t depends on115

each other because they are constructed from inde-116

pendently selected utterance samples.117

In this paper, we only discuss knowledge repre-118

sentation and parsing in Froglingo because these119

two areas are the most critical ones in NLP.120

In Section 2, we give related work in program-121

ming language and statistical machine learning. In122

Section 3, we briefly describe EP that has been123

covered in (Xu, 2017), (Xu et al., 2010), and (Xu,124

2025). In Section 4, we briefly introduce Froglingo125

and a formal discussion is provided in Appendix A.126

In Section 5, we give example utterance and the cor-127

responding Froglingo expressions to demonstrate128

what the PAC learnability is meant in using EP and129

constrained Froglingo expressions. In Section 6,130

we show why the Froglingo parsing and mapping131

rules can be precise. In Section 7, we introduce132

a user interface on how to interact with Froglingo133

in the native Froglingo expressions and in natural134

language.135

2 Related work 136

Developing a shared functional space for both ma- 137

chine learning and symbolic computing has been a 138

long and hard topic. For machine learning to utilize 139

knowledge through symbolic computing, we must 140

have a knowledge representation that is accessible 141

to machine learning. Today’s statistical machine 142

learning accepts data such as raw images and utter- 143

ance through flat-structured vectors. Embedding 144

(injecting) knowledge like in graph into statisti- 145

cal machine learning is a process to integrating 146

symbolic computing to statistical machine learn- 147

ing by converting knowledge with more complex 148

data structure like graph into vectors and eventually 149

into a dimension-reduced geometric space. This ef- 150

fort however has not been successful theoretically 151

and practically, (Seshadhri et al., 2020), (Berant 152

et al., 2012), (Nickel and Kiela, 2017), (Apidianaki, 153

2022). 154

There is an effort to integrate Turing machine 155

computability into deep learning’s data represen- 156

tation space using Recurrent Neural Networks 157

(RNNs) and Transformers (Merrill and Sabharwal, 158

2024) as they are claimed to be Turing-complete 159

(while this capability doesn’t use the most power- 160

ful features in learning, e.g., weights and biases 161

adjustment and backpropogation). Because Turing- 162

machine is theoretically not PAC learnable (Gold, 163

1967), however, it is a question on how much 164

properties of Turing-machine can be truly injected 165

(transformed) to a data representation deep learning 166

can access in terms of learnability. The bottom line 167

is a controllable precision toward machine learn- 168

ing from symbolic computing is an advantage over 169

statistical machine learning that doesn’t keep the 170

realizability assumption. 171

In today’s learning theory supporting machine 172

learning practice, all we have been talking about 173

is binary and multiclass PAC learnability (Daniely 174

and Shalev-Shwartz, 2014), (Shalev-Shwartz and 175

Ben-David, 2014),(Brukhim et al., 2022), (Natara- 176

jan, 1989), which are actually bounded functions 177

definable in EP and Froglingo. We believe a class 178

of bounded functions is the mathematical limit for 179

an efficient PAC learnability. 180

Formal grammars, such as combinatory categor- 181

ical grammar (CCG) and phase structure grammar 182

(PSG), are aimed to map the syntactical structure of 183

all possible sentences (utterance) by only analyzing 184

their grammatical structures. This approach is diffi- 185

cult to consider all various meanings of a utterance 186
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and variant utterance that don’t following the stan-187

dard grammars. There hasn’t been a known gram-188

mar implemented yet that would closely represent189

a natural language (Barton et al., 1987; Shieber,190

1985; Gazdar et al., 1985).191

Semantic parsers directly map utterance to their192

symbolic representations like in relational data193

Jiang-2024, logical form (Wang et al., 2020), and194

the lambda calculus (Poon, 2013). The expres-195

siveness of such symbolic representations is either196

limited or too powerful to halt. Although statistical197

machine learning has advanced semantic parsing198

technologies that led popular applications in our199

daily life, such as language translation, question an-200

swering, and code generation, it is still a challenge201

to produce a parser that would be as reliable as a202

human being.203

3 The EP data model204

Identifiers are the most basic building blocks in EP.205

Like in programming languages, we can choose206

alphanumeric tokens as identifiers, such as abc123,207

_abc, and more often we take words from a natural208

language vocabulary as identifiers, such as hello,209

John, sport, law, and person. The entire set210

of identifiers, isomorphic to the set of integers, is211

denoted as I. We also introduce a set constants C,212

including elements from infinite domains such as213

integers, reals, and strings.214

An EP term, or briefly term, is either an identifier215

or an application, i.e., using E0 to denote the entire216

set of terms, we have:217

m ∈ I =⇒ m ∈ E0218

m ∈ E0, n ∈ E0 ∪C =⇒ (m n) ∈ E0219

where a parenthesis ’(’ and ’)’ pair is omitted when-220

ever possible. For example, x x, a b c (actually221

for((a b) c)), a b c (d e a (d t a)), and sq 3.14222

are legitimate terms where x, a, b, c, d, e, t ∈ I and223

3.14 ∈ C. By EP terms alone, we can represent224

containment relationships. For example, the hier-225

archical structure of geographical locations can be226

expressed: Massachusetts Boston Somerville227

and Manhattan (Wall Street).228

The containment relationships among subterms229

of a given term are tree-structured. The first kind is230

the relation of a term being contained within one of231

its leftmost subterms, denoted as {+. For example,232

we have: Massachusetts Boston Somerville233

{+ Massachusetts Boston {+ Massachusetts.234

The second kind is the relation of a term235

being contained within one of its rightmost236

subterms, denoted as {-. For example, we have 237

Manhattan (Wall Street) {- (Wall Street) 238

{- Street. Further the relations {+ and {- 239

are extended to have tree-structured transi- 240

tive relations {=+ and {=- respectively, e.g., 241

Massachusetts Boston Somerville {=+ 242

Massachusetts and Manhattan (Wall Street) 243

{=- Street. 244

An EP database, denoted as D, is a finite set of 245

EP terms from E0 and a finite set of assignments 246

such that for each assignment p := q ∈ D, where 247

p, q ∈ E0, the following constraints are met: 248

1. p has only one assigner, i.e., 249

p := q and p := q′ ∈ D =⇒ q ≡ q′; 250

2. a proper subterm of p cannot be an as- 251

signee, i.e., p := q ∈ D =⇒ ∀x ∈ 252

SUB+(p) [∀m ∈ E0 [x := m ̸∈ D]]; 253

3. q must be a term without assigner 254

p := q ∈ D =⇒ ∀m ∈ E0 [q := m ̸∈ D] 255

where SUB+(p) denote the proper subterms of 256

p, e.g., the terms a b c has the proper subterms 257

a, b, c, a b. When a term is in D, so is one of its 258

subterms. Here are a few sample assignments that 259

can be in an EP database: 260

• {a b := b; b a := a; b c := c}, for a directed 261

and cyclical graph with connections from a to 262

b, from b to a, and from b to c. 263

• {College John major := College math; 264

Collegemathmath100 (College John) grade 265

:= A}, for a college administration database. 266

• {New Y ork City := NY C}, for a fixed 267

English phrase and its abbreviation in EP. 268

A database D has a finite set of EP normal forms, 269

denoted as NF (D). A term n ∈ E0 is a normal 270

form if and only if 271

1. n is null, i.e, n ≡ null, where null is a spe- 272

cial identifier in I, or 273

2. n is a term in D and not an assignee, i.e., 274

n ∈ D and ∀b ∈ E0 [n := b ̸∈ D]. 275

To support queries, we give another set of EP 276

terms, denoted as E1: 277

m ∈ I ∪C =⇒ m ∈ E1 278

m,n ∈ E1 =⇒ (m n) ∈ E1 279

Given a database D, and an arbitrary term a ∈ 280

E1, we have one-step reduction rules, denoted as 281

⇒: 282

1. if a is an assignee, then it is reduced to the 283

assigner, i.e., a := b ∈ D =⇒ a ⇒ b 284

2. if a is an identifier not in the database, then 285

it is reduced to null, i.e., a ∈ I, a ̸∈ D =⇒ 286

a ⇒ null 287
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3. If a ≡ a′ b′, a′ and b′ are normal forms, and288

a′ b′ ̸∈ D, then a′ b′ is reduced to null, i.e.,289

a′, b′ ∈ NF (D), a′ b′ ̸∈ D =⇒ a ≡290

a′ b′ ⇒ null291

4. a ⇒ a′ =⇒ C[a] ⇒ C[a′], where C[ ]292

denotes a context, i.e., given any term e ∈ E0,293

we have C[e] ∈ E0 and e is a subterm in C[e].294

Let a ⇒ a0, a0 ⇒ a1, . . . , an−1 ⇒ an for a295

number n ∈ N. We say that a is effectively, i.e.,296

in finite steps, reduced to an, denoted as a →D an,297

and further we say that a and an are equal, denoted298

as a == an.299

A term a has a normal form b if b is in normal300

form and a →D b.301

Here are a few sample reductions to their nor-302

mal forms under the example databases provided303

earlier: a b a →D a, a b c →D c, c b →D null,304

college John major math100 (college John)305

grade →D A, and New Y ork City →D NY C.306

E1 is slightly bigger than E0 as E1 contains307

terms that have a constant as a leftmost subterm and308

are always reduced to null, e.g., 3.14 a →D null.309

Any term m ∈ E1 has one and only one normal310

form and the reduction system is strongly normal-311

izing, i.e., there is another term n ∈ NF (D) such312

that m →D n. The set of all the normal forms313

NF (D) is finite, i.e., |NF (D)| ≤ s for a given314

s ∈ N .315

An EP database is interpreted as a bounded func-316

tion that is recursive and has a finite co-domain317

while an infinite domain. Let f : X → Y be a318

function, where X has an arbitrary number of ob-319

jects and Y a finite number of objects, let A ⊆ X320

and a (e.g., null in the EP data model) be a special321

object in Y , i.e., a ∈ Y , and further let322

f(x) = b, where b ∈ Y and b ̸= a, if x ∈ A

= a if x ∈ X\A.
323

Then we say f is bounded, particularly when A ≡324

X . When A is finite, i.e., A ⊂ X , we say f has325

a finite support, or simply we say f is finite. A326

finite function is bounded, but a bounded function327

may not be finite as it potentially has an infinite328

domain X . Further, a bounded function is always329

recursive, i.e., the computation on f(x) terminates330

and f(x) ∈ Y for any x ∈ X .331

By saying a function being bounded, we mean332

that under a given EP database D, potentially an333

arbitrary number of EP expressions are meaningful.334

For example, the EP database defining a directed335

cyclic graph earlier has infinite paths, i.e., the terms336

a b, b a, a b a, ..., a b...a b will be reduced to non 337

null value. Even a path is not cyclic, we also call 338

it derivable information. For example, we have 339

a b c →D c in the given example graph. These 340

derivable (or called fresh) information from an EP 341

database is the source of the PAC learnability of a 342

class of bounded functions. 343

From the equality relation ==, additional pre- 344

ordering relations are available. One of those re- 345

lations, denoted as (=+, can be used to express if 346

there is a path or cycle between two vertexes. For 347

example, we have a (=+ c →D true to verify a path 348

from a to c, a (=+ b and b (=+ a →D true to verify 349

a cycle between a and b, and c (=+ a →D false to 350

verify there is no path from c to a. 351

Like the relational data model, EP has a 352

set-oriented operations using the operators select 353

and there_is. For example, the expression 354

select $x where $x {=+ Massachusetts would 355

retrieve all the terms, including Massachusetts, 356

Massachusetts Boston, and Massachusetts 357

Boston Somerville, that have Massachusetts 358

as a leftmost subterm. The expression 359

there_is $x where c (=+ $x for the given 360

example graph would inquire if there is a vertex 361

that has a directed connection from c, which would 362

be responded with the answer of false because 363

there is not a directed connection started from c in 364

the graph. 365

The EP data model is said to be semantically 366

equivalent to Turing machine because an approxi- 367

mation to the lambda calculus can be syntactically 368

converted to an EP database. 369

4 Froglingo 370

Now we are ready to extend EP to Froglingo pro- 371

gramming language. First of all, we allow vari- 372

ables, identifiers preceded with the $ symbol and 373

denoted as V for an entire set, to be part of an 374

extended database, denoted as D again. For ex- 375

ample, the factorial function can be expressed as 376

fac $n := ($n × (fac ($n− 1))), where $n is a 377

variable, × is a built-in function for multiplication. 378

The factorial function is a typical example demon- 379

strating a language is Turing-complete as it has 1) a 380

structure of recursion over fac and 2) an arithmeti- 381

cal function (×) with an infinite co-domain that 382

EP doesn’t have. For simplifying our discussion 383

in this paper, we consider an arithmetical function 384

(operator) like × as an identifier in this paper while 385

it would be more convenient to syntactically treat 386
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an arithmetical function differently.387

Secondly, we introduce types, denoted as T for388

an entire set, to provide constraints on variables.389

There are commonly available built-in types such390

as integers, denoted as integer, and strings, de-391

noted as string, with infinite domains. There is a392

built-in transitive relational operator isA, represent-393

ing an instance or a subtype is a type and further394

if we have A isA B,B isA C, we have A isA C.395

With the operator isA, we can constrain the vari-396

able $n in the factorial function to a non-negative397

integer: fac $n : [$n isA integer and $n ≥398

0] := ($n × (fac ($n− 1))).399

We use B∞ to denote the set of all built-in arith-400

metical functions (with the most essential function401

f(x) = x+ 1) as well as those built-in types.402

In this paper, we are more interested in user-403

defined types because we can infer among types404

along with the operator isA. A type is syntactically405

an identifier. While an identifier remains to be itself406

when it is introduced to database using the built-407

in command create, a type must be introduced408

to a database by the built-in command schema.409

For example, we can have schema vehicle and410

schema person to declare types vehicle and411

person, and create joe to declare an object in-412

stance joe. We can further use isA to associate413

a type with another type, or a type with an in-414

stance. For example: schema car isA vehicle415

and create joe isA person.416

With the addition of variables V and types T, we417

classify Froglingo databases into three categories:418

1. DEP: a Froglingo database without variables419

and types is an EP database. We call the420

EP expressions in such a database EP data421

and denote all such database as DEP. Dif-422

ferent from a traditional programming lan-423

guage, Froglingo always include the EP data424

model as an additional component that defines425

bounded functions1. Therefore EP is PAC426

learnable and terminates on arbitrary queries.427

2. DF0 : a Froglingo database with identifiers,428

constants, user-defined types and variables429

constrained by the types through boolean430

expressions. Such a constrained database431

contains EP data and constrained expressions.432

While not all such databases terminate433

on all possible queries, there is a set of434

1strictly speaking, EP data only without constants purely
defines bounded functions (Xu, 2017). But it doesn’t make a
big difference when we call all EP data, including constants,
bounded functions.

such databases that terminate all the time. 435

We use DF0 to denote all the databases 436

containing EP data and constrained expres- 437

sions that terminate all the time. We conclude: 438

439

Theorem 2 DF0 defines nothing else but 440

a set of bounded functions, and therefore it 441

is PAC learnable. (See Appendix A for the 442

proof.) 443

444

3. DF1 : a Froglingo database with identi- 445

fiers, constants, variables (constrained or not), 446

user-defined types, and B∞ (built-in types, 447

and built-in arithmetical functions). Such a 448

database contains EP data, constrained expres- 449

sions, and Froglingo expressions with B∞ 450

that pushes Froglingo to be Turing-complete, 451

a full programming language. We use DF1 to 452

denote all possible databases, particularly in- 453

cluding expressions having B∞ beyond DEP 454

and DF0 . 455

5 Fresh information from sample 456

utterance 457

Assume all utterance is isomorphic to EP expres- 458

sions, we can map utterance to EP expressions first 459

and then apply the converted EP terms to the PAC 460

learnability. In this section, we give a few exam- 461

ples in natural language to demonstrate this idea 462

that the EP-driven PAC learnability can actually be 463

applied to the instance space of natural language. 464

A primary task of learning from utterance us- 465

ing Froglingo is to implement a parser that can 466

map utterance to Froglingo expressions that rep- 467

resent the syntactical structure of the given ut- 468

terance. Instead of a formal grammar, we use 469

Froglingo expressions, called rules or templates, 470

serving as a semantic parser for both syntacti- 471

cal parsing and semantic mapping. For the geo- 472

graphical containment relationships described in 473

Section 2, for example, we can have the follow- 474

ing template: location (bE be) part (preP of) 475

$x : [$x isA location] := there_is $y : 476

[$y isA location] where $y {=+ $x and $y 477

{- location, where location is a type for a ge- 478

ographical location, such as Florida, Miami, 479

and Florida Miami, $x and $y are vari- 480

ables typed as location. When a sentence 481

like: “Somerville is part of Boston” is to be 482

parsed, the template above would guide the parser 483

to break the utterance into the EP expression: 484
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Somerville (bE is) part (preP of) Boston.485

The template above guides the syntactical struc-486

ture Somerville (bE is) part (preP of)Boston487

to be reduced (mapped) to: there_is $y :488

[$y isA location] where $y {=+ Boston and $y489

{- Somerville.490

Froglingo works in at least two modes as491

to be further discussion in Section 7: a learn-492

ing (L) model and an operation (O) mode.493

When it is in L mode, it creates new data494

that would meet the where clause, i.e., add495

Boston Somerville isA location as a new fact496

into the database, where Boston Somerville {=+497

Boston 2.498

With the same template, the same con-499

struction process would be able to receive500

additional utterance such as “Boston is501

part of Massachusetts”, which causes the502

database to be updated to have the term503

Massachusetts Boston Somerville isA location.504

Now the database supports “Somerville is part505

of Massachusetts”, which is a new piece of506

information. Reconstructing the database from507

the two separate sentences is a learning process508

enhanced from the learning algorithm on the509

instance space of EP terms.510

We also allow utterance to be part of an assigner.511

For example: person (verB drive) home :=512

Botran (person “come home by car”). This513

assignment defines a rule that “a person514

drives home” is equivalent to “a person comes515

home by car”, where we assume a template516

person (verB come) home (preP by) car has517

already being constructed in the database. The518

identifier Botran is a built-in term (operator) that519

obtains an instance of type person, e.g., Jessie,520

that is passed from the assignee at the left hand521

side, concatenates and adjusts the assigner to522

a text, e.g., “Jassie comes home by car”, and523

parses the text back to a term in Froglingo, e.g.,524

Jassie (verB comes) home ((preP by) car).525

As a result, the following conversation would be526

newly meaningful to the NLP process: “Did Jassie527

come home by car?”, “Yes, Jassie drove home”.528

Given the utterance “Jassie came home by car” is529

a sample the NLP process learns, the utterance530

“Jassie drove home” is a prediction of the NLP531

process.532

Breaking complex sentences into simple sen-533

2When Froglingo is in O mode, it would try to retrieve
data $y from database to see if it meets the condition: $y {=+
Boston and $y {- Somerville.

tences is another way of learning (note a complex 534

sentence is always broken down to multiple simple 535

sentences in Froglingo). For example, the sentence 536

“Joe with a hat walked on a street” is broken into 537

two EP expressions: Joe (verB wore) h0001 and 538

Joe (verB walked) ((preP on) s0001, where 539

h0001 isA hat and s0001 isA street, both the 540

sentences “Joe wore a hat” and “Joe walked on a 541

street” will be recognized and are predictions. 542

Learning through utterance can also be applied 543

to types. When we define cat isA animal and 544

tiger isA cat, we will have tiger isA animal. 545

As another example, we can specify two rules 546

(templates) when action had been declared 547

as a type: improvement isA action, and 548

person (verB paint) house isA improvement. 549

When we have an instance: 550

joe (verB painted) ((coreF his) house), 551

where the built-in coreF abbreviates “coref- 552

erence”, we can infer the equivalence while 553

paint and improvement are not paraphrases: 554

joe (verB improved) ((coreF his) house). 555

Many inferences in the real world are not based 556

on rules from common knowledge but rather on in- 557

dividual instances. Froglingo supports a sequence 558

of terms as an assigner (which is not formally intro- 559

duced in Appendix). Froglingo uses assignments 560

with a sequence of terms as an assigner to support 561

such inferences. For example: 562

John (verB took) (delimiT a) vacation := 563

John (verB visited) Jen, 564

John (verB spent) ((delimiT a) day) 565

((preP on) beach); 566

John (verB visited) Jen := 567

John (verB gave) Jen ((delimiT a) gift), 568

John (verB had) dinner ((preP (together 569

with)) Jen); 570

An assignee above is an abstraction and the cor- 571

responding assigner is a sequence of sub actions 572

that give the details of the abstraction. When an 573

abstraction is equivalent to its sub actions, we can 574

infer from the abstraction to a specific action, for 575

example, from the assignments above, one can in- 576

fer “John visited Jen” from “John took a vacation”, 577

and inversely we can speculate: “John took a va- 578

cation” when one hears “A gentleman gave Jen a 579

gift”. These inferences are predictions in the PAC 580

learnability. 581

In the end of this section, we summarize what 582

we expect: 583

584
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Corollary 1 Provided the assumption that the set585

of utterance in a natural language is isomorphic to586

a bounded function, the utterance are efficiently587

PAC learnable.588

589

Given the assumption, in other words, accumulat-590

ing randomly selected sample utterance eventually591

converges to a machine that communicates with its592

surroundings in NL as if it was a human being.593

6 Parsing and ambiguity594

Collecting parsing templates from sample utter-595

ance is a bottom-up approach. A parsing tem-596

plate contains variables and (or) types for en-597

tity instances that are represented by phrases or598

clauses such as Joe and the man with ahat.599

A template may include individual verbs, such600

as verB walk, verB drive, and bE is. How-601

ever, a template doesn’t include a variable or a602

type for verbs. A template may include variables603

(types) for dependent clauses, such as the tem-604

plate relative_clausE whom action where the605

type action can be replaced by another template606

person (verB meet) $p : [$p isA person] that is607

matched with a relative clause: “whom I met”.608

But there is not a single rule (variable) to represent609

all possible sentences as a formal grammar does.610

Given that the parsing and mapping rules have611

their isomorphic counterparts in utterance, we have612

an immediate corollary:613

614

Corollary 2 Provided utterance is isomorphic to615

bounded functions, a set of parsing and semantic616

mapping rules can be defined by a database in617

DF0 . Therefore it is PAC learnable. (See the proof618

in Appendix A.)619

620

When we say the parsing and mapping rules are621

learnable, it doesn’t mean that we have an algo-622

rithm to construct such rules from utterance (it is623

an open question on if it is possible). We are saying624

that certain rules in formal grammars are difficult625

to be constructed in traditional programming, but626

they may not need to be constructed explicitly at all627

after we collected other relevant rules. If we need628

to give rule specifications for what a graph is, for629

example, we need to specify what a vertex, an edge,630

and a path are in traditional programming language.631

But we only need to specify what a vertex and an632

edge are without additional specification for a path.633

The assumption that we deal only a finite634

entities give us another way to understand why a 635

reliable performance of the parsing and mapping 636

rules is guaranteed. The parser accepts a sentence 637

only if the parsed structure is consistent with the 638

up-to-date database, where a finite entities (those 639

arithmetical expressions are not considered). One 640

of the most important inquiries the parser performs 641

is to find out if there is data (a set of EP terms) in 642

the database that represents an entity or a category 643

that a noun phrase in a given sentence is mapped 644

to. Given a database defines PNC isA bank, 645

where bank has already defined as a type, and 646

given John’s bank account is represented as 647

PNC account John balance := 1000, for exam- 648

ple, we will be certain that the phrases “John’s PNC 649

Bank account” is mapped to PNC account John. 650

Given a database having the set: 651

{Family John;Family House (bE is) (preP in F lorida);652

Builder (verB built) (Family House) (preP in 2025); }653

where Family, John, House, and Builder are 654

instances defined with types of organization, 655

person, house, and organization respectively, 656

as another example, will certainly support the 657

phrase “John’s newly built Florida residence”. 658

Even with the flexibility of the bottom-up 659

approach in parsing, can we still end up with 660

a difficulty not being able to represent certain 661

grammatical structures by collecting parsing 662

rules from sample utterance? The answer is no 663

because of the assumption that we deal with 664

a finte set of entities, i.e., each user-defined 665

types has a finite set of instance. First, let’s 666

mathematically replace all variables and types 667

with their instances in a parsing rule, e.g., 668

replace person with Jessie, Joe, ..., Zack in 669

person (verB drive) home and we end up with 670

multiple parsing rules Jessie (verB drive) home, 671

Joe (verB drive) home, ..., 672

Zack (verB drive) home. Assuming only 673

a finite number of objects is our concern in 674

representing the world knowledge, we still end up 675

with a finite number of parsing rules if we replace 676

the variables and the types with their instances in 677

all collected parsing rules. Therefore, the rules 678

without types and variables would be still effective 679

and most critically precise in parsing utterance. 680

We say such a parsing is precise because for each 681

utterance: 1) if it is unique in meaning regardless 682

of its context, we give its unique grammatical 683

structure as it is; 2) if it is ambiguous in syntax, 684

such as “Joe saw the girl with a binoculars”, we 685

can give its syntactical structure based on what the 686
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speaker intended, i.e., referencing the Froglingo687

database for its true meaning before deciding688

its syntactical structure; 3) if it is ambiguous in689

semantics, such as “Joe got what he wanted” that690

is unique in syntax but could mean many things in691

meaning, we can still search the database for the692

context: who “Joe” is, What object Joe wanted693

and got, and if “got” is a “took”, “received”,694

or “purchased”; and 4) if it is ambiguous in695

pragmatics, such as “put the coffee on the table”696

while there are two tables next to each other as697

people often purposely or unconsciously say, we698

have to raise a question for clarification after a699

search on the database concludes the ambiguity.700

Before we end this section, we need to have a701

good understanding how utterance isomorphic to702

bounded functions carries knowledge isomorphic703

to partial recursive functions. We assumed all utter-704

ance are in one-to-one correspondence with DF0705

so that utterance is PAC learnable. When Corollary706

2 says the parsing and mapping rules are PAC learn-707

able, it doesn’t mean that we have an algorithm to708

construct such rules from utterance. How do we709

treat certain utterance for Turing-complete expres-710

sions, e.g., “A function takes a number and pro-711

duces another number that is the given number plus712

1” for f(n) = n+1 where n is a variable? We treat713

all utterance as EP expressions that are extended714

with variables, types, and B∞. Therefore, when715

f $n := + $n 1 for f(n) = n+1 is treated as an EP716

expression, we will have f x = + x 1 →D null717

for arbitrary x ∈ N because + is not defined in a718

corresponding EP database. This doesn’t contradict719

with the reality when we have a Froglingo database,720

where we know + is a built-in identifier and we721

execute it using its built-in operations instead of722

the standard EP reductions. Therefore we will have723

f 1 = + 1 1 →F 2, where →F is the reduction rule724

from Froglingo and →D is the reduction rules from725

the EP data model. By treating built-in types and726

arithmetical functions as constants C (Xu, 2017),727

we conclude :728

Proposition 2 Froglingo expressions are in the729

form of EP expressions. (See more detailed in730

Appendix A)731

7 Natural language along system732

language733

Like in statistical machine learning, Froglingo con-734

sists of two major components: 1) a learning model735

and 2) a predictor - generated EP expressions in a736

database from positive utterance samples. A learn- 737

ing model consists of a parser, mainly a set of pars- 738

ing and mapping rules. The learning model uses the 739

parser to parse utterance by referencing the rules 740

and the database to generate the predictor. Given 741

a sample utterance, users can start to write tem- 742

plates against sample utterance. A predictor can be 743

used anytime as soon as it is generated. The more 744

sample utterance are provided, the richer model 745

and predictor will be. When the system is accu- 746

mulated with certain amount of rules/templates, 747

additional templates may no longer needed even 748

more sample utterance is needed to further enrich 749

the learning model and the predictor. At this point, 750

we would say that the NLP system “fully under- 751

stands” a natural language, and that individuals 752

without a software development experience would 753

be able to operate in both L and O modes, driving 754

knowledge accumulation and giving instructions in 755

natural language for tasks that are required to be 756

reliably executed. 757

In Appendix B, we focus on L mode using 4 758

sentences, including the first 3 from the famous 759

folktale “Jack and Bean Stalk”, to demonstrate 760

how developers (users) interact with the Froglingo- 761

based NLP system using both NL and Froglingo 762

expressions to construct a database representing 763

knowledge. The fourth example show how the fac- 764

torial function can be described in utterance and 765

converted to an EP expression that is convertible 766

to null in EP but a Turing-complete expression in 767

Froglingo. 768

8 Conclusion 769

Provided that utterance is isomorphic to a bounded 770

functions and knowledge is isomorphic to a par- 771

tial recursive function, we showed utterance are 772

expressions for knowledge, where the former is rep- 773

resented in an EP extended with variables, types, 774

and built-in arithmetical functions and the latter in 775

Froglingo. 776

Instead of the word “sentence”, we used the 777

word “utterance” in this paper in terms of NLP. We 778

meant the text that can be processed includes not 779

only grammatically correct sentences, but also var- 780

ious utterance including grammatically incorrect 781

sentences and slangs. EP can model any language 782

structures without a formal grammar. In addition, 783

many similarity operations are supported by certain 784

EP operators (Xu et al., 2010). 785
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9 Limitations786

Unlike a statistical machine learning approach, the787

symbolic approach to the bottom-up parsing rules788

needs manual development, at least supervising if a789

statistical machine learning can help automatically790

collect parsing rules.791

The symbolic approach to the bottom-up parsing792

rules cannot directly be applied to the statistical793

machine learning technologies, though a mapping794

between the two may be developed. The latter795

uses similarities on geometric measures such as796

distance or cosine function among objects that are797

embedded to a Euclidean space to represent their798

relationships. The former uses transitive relations799

among the symbolic objects to calculate their rela-800

tionships.801
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A Froglingo language specification 877

Now we are ready to extend EP to Froglingo pro- 878

gramming language. First of all, we allow vari- 879

ables, identifiers preceded with the $ symbol and 880

denoted as V for an entire set, to be part of an 881

extended database, denoted as D again. For ex- 882

ample, the factorial function can be expressed as 883

fac $n := ($n × (fac ($n− 1))), where $n is a 884

variable, × is a built-in function for multiplication. 885

The factorial function is a typical example demon- 886

strating a language is Turin-complete as it has 1) a 887
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structure of recursion over fac and 2) an arithmeti-888

cal function (×) with an infinite co-domain that EP889

doesn’t have. We will use B∞ to denote a set of890

all such arithmetical functions for a later discus-891

sion. For the time being and for simplifying our892

discussion, we consider an arithmetical function893

(operator) like × as an identifier in the following894

syntactical structure definitions even this consider-895

ation doesn’t exactly fit the reality.896

Secondly, we introduce types, denoted as T for897

an entire set, to provide constraints on variables.898

There are commonly available types such as inte-899

gers, denoted as integer, and strings, denoted as900

string, with infinite domains. There is a built-in901

transitive relational operator isA, representing an902

instance or a subtype is a type and further if we903

have A isA B,B isA C, we have A isA C. With904

the operator isA, we can constrain the variable $n905

in the factorial function to a non-negative integer:906

fac $n : [$n isA integer and $n ≥ 0] :=907

($n × (fac ($n− 1))).908

In this paper, we are more interested in user-909

defined types because we can infer among types910

along with the operator isA. A type is syntactically911

an identifier. While an identifier remains to be itself912

when it is introduced to database using the built-913

in command create, a type must be introduced914

to a database by the built-in command schema.915

For example, we can have schema vehicle and916

schema person to declare types vehicle and917

person, and create joe to declare an object in-918

stance joe. We can further use isA to associate919

a type with another type, or a type with an in-920

stance. For example: schema car isA vehicle921

and create joe isA person.922

Now, we are ready to introduce the notion of923

Froglingo databases. We first give definitions on924

what are those assignees and assigners:925

Definition 1 The terms E2 potentially to be as-926

signees in a Froglingo database:927

m ∈ I ∪T =⇒ m ∈ E2928

m ∈ E2, n ∈ (E2 ∪V ∪C) =⇒ (m n) ∈929

E2930

where when a variable $x appears in a term m ∈931

E2, it can be optionally restricted by a boolean932

expression in the form of933

$x : [bool-expression]934

where bool-expression is a sequence of binary935

expressions connected by the boolean operator and936

or or. Much like the boolean expressions used in 937

traditional programming language and database 938

management system, each binary expression has 939

mathematical binary operators like ≤. It is further 940

extended with Froglingo’s transitive relational op- 941

erators, such as {=+ and isA. For example, we 942

define tax $x : [$x ≤ 200000] := (0.3 ∗ $x); 943

tax $y : [$y > 200000] := (0.4 ∗ $x); ($z {=+ 944

Boston); ($p isA person).3 945

Definition 2 The terms E3, serving as potential 946

assigners in a Froglingo database, is defined as: 947

m ∈ I ∪T ∪C ∪V =⇒ m ∈ E3 948

m,n ∈ E3 =⇒ (m n) ∈ E3 949

A variable and a constant can be a leftmost sub- 950

term of a E3 term but not in E2, which is the main 951

difference between E2 and E3. 952

Given a term m ∈ E2 or m ∈ E3, we use 953

FV (m), where FV abbreviates "Free Variables", 954

to denote all types as global variables and local 955

variables in m, i.e., FV (m) = {v : v ∈ m, v ∈ 956

T ∪V}. 957

Definition 3 A Froglingo assignment is in the 958

form of m := n, where m ∈ E2, n ∈ E3. We de- 959

note all such assignments as A, i.e., m := n ∈ A. 960

Definition 4 A Froglingo database, denoted as D, 961

consists of a finite set of terms from E0 and a finite 962

set of Froglingo assignments from A, which are 963

entered in the following procedure: 964

1. if an identifier p is prompted in one of the 965

following commands: 966

(a) schema p; or 967

(b) schema p isA q; where q ∈ T, 968

then p is entered to D as a type, i.e., pm ∈ D 969

and p ∈ T. 970

2. if a term p ∈ I is prompted in the command 971

create p, then p, remaining to be an identifier, 972

is entered to D, i.e., p ∈ D. 973

3. if a term p ∈ I is prompted in the command 974

create p isA q, where q ∈ T, then p, remain- 975

ing to be an identifier, is entered to D as an 976

instance of q, i.e., p isA q ∈ D. 977

4. if p ≡ p1 p2 ... pi is prompted in the command 978

create p, where p1 ∈ I, 0 < i < ∞, and 979

pj ∈ E0 for each 1 ≤ j ≤ i, 980

3In the syntax of EP and Froglingo, which is originated
from the lambda calculus, a binary operation like x < y
should be written as < x y. Aiming for a better readability,
we keep the binary form as it is by always surrounding it with
parentheses, e.g., (x < y).
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(a) if p1 was not defined as an instance of981

a type, i.e., ∀t ∈ T, p1 isA t ̸∈ D, we982

continue to next step. Otherwise,983

(b) if p1 was defined as an instance of a type,984

i.e., ∃t ∈ T, p1 isA t ∈ D, we call985

"Type’s instance creation process" pro-986

vided in Definition 8, which depends on987

the reduction process to be given in Defi-988

nition 7. After coming from the call, we989

finish the process by returning the results990

from the call4.991

5. if an assignment p := q ∈ A is prompted992

through schema p := q or create p := q :993

(a) Perform the following validations:994

i. p has only one assigner, i.e., p :=995

q and p := q′ ∈ D =⇒ q ≡ q′;996

ii. a proper subterm of p cannot be an997

assignee, i.e.,998

p := q ∈ D =⇒ ∀x ∈999

SUB+(p) [∀m ∈ E3 [x := m ̸∈1000

D]]; and1001

iii. if create p := q is prompted, p, q ∈1002

E0, then q must be a term without1003

assigner, i.e., p := q ∈ D =⇒1004

∀m ∈ E3 [q := m ̸∈ D]1005

iv. if the assignment is entered as1006

create p := q, ensure FV (q) ⊆1007

FV (p)1008

v. for any subterm m ∈ q and m ∈ I,1009

ensure m has already been in D, i.e.,1010

m ∈ D.1011

(b) If one of the above validations fails,1012

abort the process. Otherwise, continue1013

to process:1014

i. inventory p as it is, i.e., commit p ∈1015

D.1016

ii. inventory each subterm e sequen-1017

tially in the order it appears in q and1018

keep all necessary parentheses ( and1019

) as they are.1020

iii. finally, commit p := q ∈ D.1021

Here are a few example expressions to accumu-1022

late Froglingo data in a database:1023

1. create multi $x : [$x isA integer] $y :1024

[$y isA integer] := ($x ∗ $y). This expres-1025

4This case is for creating an instance by fol-
lowing a constraint. For example, a new in-
stance “Jassie (verB went) (preP to) shopping”
must be matched with, i.e., meet, the constraint
“person (verB go) (preP to) shopping” where “went”
and “go” are considered as a match before it can be committed
into D.

sion represent a multiplication function (an- 1026

other example function having an infinite co- 1027

domain beyond the factorial function given 1028

earlier). 1029

2. create m $x := $x $x. This expression 1030

creates a function m that is equivalent to 1031

a lambda term λ x.(x x)) such that m m 1032

is equivalent to the lambda term Ω ≡ 1033

(λ x.(x x)) (λ x.(x x)) that don’t have a 1034

termination reduction process. In addition, 1035

create n $x := $x defines the identity func- 1036

tion λx.x. Therefore, Froglingo extended 1037

with variables can become Turing complete 1038

even without the built-in arithmetical func- 1039

tions B∞. To focus on bounded functions, the 1040

Turing-complete aspects of Froglingo are not 1041

formally discussed in the paper. 1042

3. schema bank account $x : 1043

[$x isA person] balance := currency, 1044

where currency has been declared as a type 1045

inherited from the type real and currency 1046

doesn’t have to appear in the assignee. This 1047

expression serves as a constraint for the 1048

following instance creation: 1049

4. create PNC isA bank, 1050

create PNC account Jacob balance := 1051

10000.00, where a number must be provided 1052

to match the type currency. 1053

5. schema person (bE is) $p : 1054

[$p isA person] S mother := 1055

person (verB give) birth (preP to) $p, 1056

where S is kept here to match the apostrophe 1057

s in the English phrase “a person is another 1058

person’s mother”. Note that there are no new 1059

variables or types in the assigner other than 1060

those from the assignee, which will impact 1061

the instance creation process as to be seen in 1062

the following instance creation: 1063

6. create Jassie isA person, 1064

create Jassie (bE is) Joe S mother, 1065

which commits Jassie 1066

(bE is) Joe S mother ∈ D, 1067

where the constraint’s assigner 1068

person (verB give) birth (preP to) $p 1069

is not used in introducing 1070

Jassie (bE is) Joe S mother into 1071

database, but it will be used later to reason 1072

Jassie (verB gave) birth (preP to) Joe. 1073

Different from an EP database that has only a 1074

finite set of normal forms, Froglingo have an infi- 1075
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nite set of "normal forms" that queries can end up1076

with. An infinite set of objects as the co-domain can1077

come from two sources: 1) the built-in arithmetical1078

functions B∞ and 2) Froglingo expressions with1079

variables representing partial recursive functions1080

like those in the 2nd example above. We will keep1081

the ability of the built-in operators B∞ as they are1082

in Froglingo. On the other hand, we will develop a1083

set of reduction rules over Froglingo expressions1084

(without B∞) such that we force Froglingo without1085

B∞ doesn’t behave like the lambda calculus but1086

like the EP data model.1087

First of all, we take the exact set of terms E1 as1088

queries that are used for the EP data model. Sec-1089

ondly we use EP’s normal forms NF (D) for the1090

co-domain of a Froglingo database:1091

Definition 5 Froglingo normal forms - terms1092

NF (D) an E1 term will be reduced to: A term n1093

is an normal form, i.e., n ∈ NF (D), if and only if1094

1. n is null, i.e, n ≡ null, where null is a spe-1095

cial identifier in I, or1096

2. n ∈ E0, n ∈ D, and for any q such that1097

n := q ̸∈ D.1098

It’s clear that NF (D) under a Froglingo1099

database is defined in the same way for the NF (D)1100

of an EP database as discussed in Section 3. As a1101

matter of fact, variabls and types in Froglingo ex-1102

pressions do not contribute any additional normal1103

forms into NF (D). NF (D) is finite as well:1104

Lemma 1 Given a Froglingo database D, the set1105

NF (D) is finite.1106

Proof 1 This is because D consists of a finite num-1107

ber of terms in E2 and a finite number of assign-1108

ments from A. When D is finite, the normal forms,1109

either null or a subterms e ∈ D and e ∈ E0 are1110

also finite.1111

We don’t consider the entire set of the built-in1112

arithmetical function operators B∞ in the follow-1113

ing reduction rules because the reduction rules to1114

be defined will not allow an arithmetical function1115

to produce infinitely possible outputs.1116

Given a database D \B∞ and any term m ∈ E1,1117

we are now going to reduce it to a normal form1118

in NF (D). Before we define Froglingo reduc-1119

tion rules, we need to introduce another nota-1120

tion ENV, abbreviating “environment” that is com-1121

monly needed in programming language, which is1122

originally initiated as null, i.e., ENV = null, to1123

memorize intermediate computing results. Given1124

a term c v ∈ D where c ∈ E0 and v is a variable, 1125

we say a term c a ∈ E1 matches c v if a meets 1126

v’s constraint when v is defined with a boolean 1127

expression as the constraint in D. A term c a ∈ E1 1128

always matches c v if v doesn’t have a boolean 1129

expression as its constraint. When c a matches 1130

c v, we use (c v) {a/v} to denote the state of the 1131

match, i.e., the new term having the instance of 1132

the variable v substituted with the value a. We 1133

remember this state by assigning it to an interme- 1134

diate value ENV, i.e., ENV = (c v) {a/v}. When 1135

we continue to process c a b ∈ E1 to match c v u 1136

where u ∈ V and c v u ∈ D, we will assign a 1137

new state to ENV, i.e., ENV = (c v u) {a/v, b/u}, 1138

when b meets u’s constraint. We use ENV.term 1139

to reference the matched term and ENV.subs to 1140

reference the sequence of variable and value pairs, 1141

e.g., given ENV = (c v u) {a/v, b/u}, we have 1142

ENV.term = (c v u) and ENV.subs = {a/v, b/u}. 1143

Even when we have found that a leftmost subterm 1144

n of a given m ∈ E1 is identical to a term q ∈ D, 1145

i.e., n ≡ q, we still need ENV to memorize q about 1146

where the reduction process has gone so far, i.e., 1147

ENV = q{}. 1148

Definition 6 (Froglingo reduction rules) Given a 1149

Froglingo database D and a term m ∈ E1, we have 1150

the following Froglingo reduction rules: 1151

1. m ∈ D,m ∈ I =⇒ m →F ENV = m{}. 1152

2. m ̸∈ D,m ∈ I =⇒ m →F ENV = 1153

null{}. 1154

3. If m ̸∈ D,m isA t ∈ D, then we build 1155

an ENV such that ENV.term = t and 1156

ENV.subs = {m/t} and m →F ENV . 1157

4. In the case of m ≡ a b. By induction, we 1158

assume a has been matched to a term a′ ∈ 1159

D and a′ ∈ E0, where a′ is memorized in 1160

an environment ENV 1, i.e., ENV 1.term ≡ 1161

a′. Further by induction, we assume b has 1162

been matched to a term b′ ∈ D and b′ ∈ E0, 1163

where b′ is memorized in another environment 1164

ENV 2. Further, 1165

(a) if ∃ p ∈ NF (D) such that p ≡ 1166

ENV 2.term and a′ p ∈ D and 1167

a′ p ∈ E0, then we successfully 1168

found a match and memorize ENV 3 = 1169

(a′ p) {ENV 1.subs}, and return m →F 1170

ENV 3. 1171

(b) if there is a variable v such that a′ v ∈ 1172

D, and further ENV2 meets v’s con- 1173

straint, then we successfully found a 1174
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match and memorize ENV3 = (a′ v)1175

{ENV 1.subs∪{ENV 2.subs/v}}. Re-1176

turn m →F ENV 3.1177

(c) if there is a type t such that a′ t ∈ D,1178

and further ENV 2.term isA t, then we1179

successfully found a match and mem-1180

orize ENV3 = (a′ t) {ENV 1.subs ∪1181

{ENV 2.subs/t}}. Return m →F1182

ENV 3.1183

(d) otherwise, if there is not a variable or a1184

type such that ENV2 meets the variable’s1185

constraint or belongs to the type respec-1186

tively, then we assign ENV 3 = null{}1187

and return m →F null{}.1188

5. When m is evaluated with an environment1189

ENV, if there is no longer a term c such that1190

ENV.term c ∈ D,1191

(a) if ENV.term is not an assignee (with-1192

out an assigner), then we conclude1193

m →F ENV . (Note it should be m ≡1194

ENV.term if ENV.term doesn’t have a1195

variable or type as a subterm.)1196

(b) when ENV.term has an assigner,1197

i.e.,∃n ∈ E3, ENV.term := n ∈ D,1198

we substitute the local variables and the1199

global types appearing in n with the val-1200

ues memorized in ENV, i.e., we obtain a1201

sequence of symbols n{ENV.subs} by1202

substituting all free variables in n with1203

the corresponding values in ENV . Then1204

we initiate ENV = null{} for the se-1205

quence of symbols n{ENV.subs}, eval-1206

uate it by following the steps 1 to 3 above1207

and obtain another environment ENV2.1208

We return m →F ENV 2.1209

In the end of the reduction process above, we ex-1210

pect an environment ENV with ENV.subs = {}1211

and we return ENV.term. To complete Definition1212

4.4 that depends on the reduction rules given above,1213

we provide another definition:1214

Definition 7 (Type’s instance creation process)1215

During the database inventory process provided1216

in Definition 4, when p ≡ p1 p2 ... pi is prompted1217

in the command create p, where p1 ∈ I, 0 <1218

i < ∞, pj ∈ E0 for each 1 ≤ j ≤ i, and if p11219

was defined as an instance of a type, i.e., ∃t ∈ T,1220

p1 isA t ∈ D, we search D by providing p1 p2 ... pi1221

as the input query term, particularly the search1222

starts with the step given in Definition 7.3. If the1223

search found a constraint t t2 ... ti := q ∈ D such1224

that p1 p2 ... pi matches t t2 ... ti, we obtain an en- 1225

vironment ENV from the search and we continue 1226

to evaluate q with ENV according to Definition 7 1227

as following: 1228

1. if FV (q) \ FV (t t2 ... ti) ̸= ∅5, then we 1229

require p is prompted along with an assigner 1230

matching the types in FV (q) \ FV (t t2 ... ti), 1231

i.e., create p1 p2 ... pi := y6. Further we 1232

validate the input p := q using the rules 1233

given in Definition 4.5.(a). Finally we commit 1234

p1 p2 ... pi := y7. 1235

2. if FV (q) \ FV (t t2 ... ti) = ∅8, then 1236

we require p to not have an assigner. Fur- 1237

ther we validate the input p using the rules 1238

given in Definition 4.5.(a). Finally we commit 1239

p1 p2 ... pi ∈ D. Note that the constraint’s 1240

assigner q is not used when an instance is cre- 1241

ated. But it will be used later to reason the 1242

instance’s property that is given in q9. 1243

The reduction rules in Definition 7 forces a term 1244

m ∈ E1 under a Froglingo database D to be 1245

mapped to a normal form in NF(D). Therefore a 1246

database represents a (partial) bounded function 1247

though not all terms m ∈ E1 are guaranteed to 1248

have a normal form. 1249

Lemma 2 Given a Froglingo database D defined 1250

in Definition 4, when the built-in arithmetical func- 1251

tions B∞ are not considered, and given an expres- 1252

sion m ∈ E1, the reduction process defined in 1253

Definition 7 ends with a normal form n ∈ NF (D) 1254

that is finite when D is finite if the reduction pro- 1255

cess terminates. 1256

Proof 2 Definition 7 defines a reduction process 1257

that reduces a term in E1 to a normal form 1258

in NF (D) (as defined Definition 5) for a given 1259

database D, where the size of NF (D) is finite per 1260

Lemma 6. 1261

5e.g., bank account $x : [$x isA person] balance :=
currency where currency is not given in the assignee

6e.g., create PNC account Jacob balance :=
10000.00 where 10000.00 must be provided to match
currency

7e.g., PNC account Jacob balance := 10000.00 ∈ D
8e.g., person (bE is) $p :

[$p isA person] S mother :=
person (verB give) birth (preP to) $p where the
assigner doesn’t have new types or variables other than those
from the assignee

9For example, when “Jassie (bE is) Joe S mother”
is created, the Jassie is automated given with the property:
Jassie (verB gave) birth (preP to) Joe, which is a para-
phrase of the created instance in English
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Without variables, types, and arithmetical func-1262

tions B∞, the Froglingo system given in Definition1263

4 and the reduction rules given in Definition 7 pre-1264

cisely defines the EP data model that is described1265

in Section 3 (we use DEP to denote all such EP1266

databases):1267

Proposition 1 The EP data model is included1268

within Froglingo.1269

Proof 3 It is clear from the definitions: E0 ⊂ E2,1270

E0 ⊂ E3, as well as Definition 4 and Definition1271

7 that include the reduction rules for the EP data1272

model as discussed in Section 3.1273

Theorem 1 DEP is PAC learnable.1274

Proof 4 A class of bounded functions is PAC learn-1275

able (Xu, 2017). The EP data model defines classes1276

of bounded functions and it is part of Froglingo.1277

Corollary 1 Provided the assumption that the set1278

of utterance in a natural language is isomorphic1279

to a bounded function, the utterance are efficiently1280

PAC learnable.1281

Proof 5 Immediately derivable from Theorem 1.1282

We formally introduce the notion of partial1283

bounded function: a function f : X × Y is a1284

partial bounded if the size of Y is finite and not all1285

inputs x ∈ X are guaranteed to be mapped to an1286

element y ∈ Y .1287

Lemma 3 Given a Froglingo database D defined1288

in Definition 4, when the built-in arithmetical func-1289

tions B∞ are not considered, the database D rep-1290

resents partial bounded functions.1291

Proof 6 We can define m $x := $x $x ∈ D. This1292

expression creates a function m that is equiva-1293

lent to a lambda term λ x.(x x) such that m m1294

would never be able to terminate according the1295

reduction rules in Definition 7. As a matter of1296

fact, it is equivalent to the lambda term Ω ≡1297

(λ x.(x x)) (λ x.(x x)) that don’t have a termi-1298

nation reduction process.1299

A Froglingo database is said to be type free,1300

also said Froglingo type-free, if all the variables1301

v ∈ D are not constrained by a boolean conditional1302

expression. Because the reduction rules in Defini-1303

tion 7 force the reduction results to be a finite set1304

of normal forms, the type-free Froglingo without1305

the built-in arithmetical functions B∞ cannot be1306

Turing-complete unless the size of a database is1307

infinite.1308

We are more interested in a typed Froglingo: 1309

when all or some variables defined in E2 are as- 1310

signed with boolean conditional expressions as con- 1311

straints, we call a Froglingo database typed. A 1312

typed Froglingo database may not have to guar- 1313

antee every (guery) term in E1 to be effectively 1314

reduced to a normal form, but it provides a tool to 1315

facilitate the development of a Froglingo database 1316

that will always have a chance to halt in execution 1317

all the time. In this sense, Froglingo is a program- 1318

ming language as a typed system. 1319

We use DF0 to denote the entire set of Froglingo 1320

databases such that each database terminates on all 1321

queries from E1. While we know a class of total 1322

recursive functions is not recursively enumerable 1323

(r.e.), it is an open question on if DF0 is r.e or not. 1324

Nevertheless, we claim DF0 is PAC learnable: 1325

Theorem 2 DF0 is PAC learnable, i.e., the class 1326

of functions defined by the databases in DF0 is 1327

PAC learnable. 1328

Proof 7 Given a Froglingo database D ∈ DF0 , D 1329

defines a bounded function according to Lemma 1330

9 and the definition of DF0 . Because a class of 1331

bounded functions is PAC learnable, we also say 1332

DF0 is PAC learnable. 1333

As a matter of fact, a PAC learnability learnable 1334

doesn’t require it is r.e.. For example the PAC 1335

learnable class of rectangle learning games is not 1336

r.e. because there are uncounable number of target 1337

rectangles in the class. 1338

The theorem doesn’t have to say we have a learn- 1339

ing algorithm to construct a Froglingo database 1340

from DF0 , particularly those serving as constraints 1341

having types and variables. Instead, we say the 1342

PAC learnability of DF0 can be applied to rule 1343

specifications in programming language. Specif- 1344

ically, we argue that specifying rules in the top- 1345

down approach of traditional programming lan- 1346

guages is more expensive than specifying rules 1347

in the bottom-up machine learning approaches, in- 1348

cluding DF0 . In other words, specifying certain 1349

rules that may not be easily done practically in 1350

traditional programming language can be done fea- 1351

sibly by database accumulation in Froglingo. Such 1352

database accumulation process can be said to be 1353

as effective as the targeted formal rules that are 1354

available theoretical but can not be easily imple- 1355

mented in programming languages. If we need to 1356

give rule specifications for what a graph is, for ex- 1357

ample, we need to specify what a vertex, an edge, 1358

and a path are in traditional programming language. 1359
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But we only need to specify what a vertex and1360

an edge are without additional specification for a1361

path. Therefore we say the bottom-up approach1362

using Froglingo is easier because we don’t need to1363

continue to accumulating rules for paths after we1364

collected the rules for vertices and edges.1365

Formally, we give a corollary immediately avail-1366

able from Theorem 2:1367

Corollary 2 Provided utterance is isomorphic to1368

bounded functions, a set of parsing and semantic1369

mapping rules can be defined by a database in1370

DF0 . Therefore it is PAC learnable.1371

Proof 8 Because utterance are isomorphic to1372

bounded functions, we can build constrained ex-1373

pressions having variables and types, serving as the1374

parsing and semantic mapping rules, to guide utter-1375

ance parsing and semantic mapping, because the1376

rules have isomorphic counterparts in utterance.1377

According to Theorem 2, such rules are nothing but1378

Frolingo expressions from bfDF0 . Therefore we1379

conclude the rules are bounded functions and are1380

PAC learnable.1381

Is there an algorithm to learn and construct the1382

exact parsing and mapping rules from utterance? It1383

is an open question. We don’t need to have such al-1384

gorithm theoretically because the PAC learnability1385

is about algorithm to construct a second function1386

(hypothesis) that approximate a target function that1387

doesn’t need to be constructed. However, through1388

statistical learning like today’s Transformers and1389

RNNs, we should be able to learn a version of the1390

rules that may not be as succinct and accurate as we1391

expect but a slightly different version would still be1392

helpful to reduce the manual work in constructing1393

the rules.1394

We have assumed utterance are Turing-complete1395

expressions for knowledge and utterance is isomor-1396

phic to a bounded function represented in an EP1397

database. To understand an EP database expresses1398

Turing-complete expressions including types, vari-1399

ables, and built-in arithmetical functions, we have1400

to add those extra symbols syntactically into EP1401

and assign them to be practically meaningless. We1402

enhance the EP reduction rules to accept terms E31403

but just simply treat them meaningless (null):1404

Definition 8 Extended EP reduction rules for say-1405

ing EP carries Turing complete expressions:1406

∀m ∈ B∞ ∪V ∪T, ∀n ∈ E2 =⇒ m n ⇒ null1407

While the extended EP reduction rules will never1408

be used in reality, as the system can tell these non-1409

native EP terms are part of Froglingo expressions, 1410

we conclude: 1411

Proposition 2 Froglingo expressions from E3 are 1412

in the form of EP expressions. 1413

Proof 9 We take a term from E3 and feed it to the 1414

EP reduction rules (described in Section 2, for- 1415

mally in (Xu, 2017)). Because of the extended rule 1416

in Definition 8, the EP reduction will not produce 1417

any additional new normal form. In other words, 1418

EP keeps what it is in representing bounded func- 1419

tions although EP is added with extra non-essential 1420

syntactical forms from variables, types, and built-in 1421

arithmetical functions. 1422

B Example utterance learning using a 1423

user interface 1424

This supplementary material serves as a demonstra- 1425

tion only, which may contain inaccurate informa- 1426

tion. But through this section, readers may have a 1427

brief understanding on how a symbolic NLP pro- 1428

cess works and what are the concerns needed in 1429

tackling NLP challenges with such a symbolic ap- 1430

proach. 1431
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ID Templates, part of Learning Algorithm Predictors, automatically
generated

Effect Description

Once up on a time there lived a poor widow and her son Jack.

1 person isA thing;

wife isA person;

widow isA wife;

None No immediate impact yet, but

any instances including p0001

in Row #3 with the type widow

can be predicted as a wife, per-

son, and thing through the

lifecycle of the NLP process.

Before the three templates entered, the

database was empty except for thing

the only user defined data representing

the sole root type.

2 adverB (once up on a time) := there_is

$t: [$t isA time] where $t start < $t end

and $t end < ’1/1/1000’;

t0001 isA time;

(where an internal structure is

created for: tp0001 start <

tp0001 end <

’1/1/1000’).

The L mode process actu-

ally started an inquiry first

by executing the expression

there_is .... It created the

data because it didn’t find any

relevant data in the new con-

text that was established for the

Jack and Bean Stalk forktale.

The node t0001 contains partial informa-

tion because its start and end are not

assigned with an exact date. A time al-

ways has a start time and an end time for a

period. When the start and end times are

the same, a time becomes a point of time.

The value ’1/1/1000’ is randomly chosen

for a demonstration purpose to reference

a time in the past.

3 family isA thing;

a widow := there_is $f: [$f isA fam-

ily], $p: [$p isA person] where $f $p isA

widow;

p0001 isA person; f0001

isA family; f0001 p0001 isA

widow;

p0001, f0001, and f0001 p0001

reflect the basic information

from the sample text, an inter-

pretation from human experi-

ence.

The word widow must be involved with

a group of people, family. The f0001

family is created to have p0001 and later

jack and c0001(a cow) as members.

4 adJ poor $p: [$p isA person] := there_is

$f:[$f isA family] where ($f $p != null

and $f (bE be) (ajD poor));

f0001 (bE be) (adJ poor); The inquiry who is poor?

would have an answer by

matching expressions like

f0001 (bE be) (adJ poor).

Adjectives like poor is semantically

more complex, involving statistics. No

additional adjectives are discussed in this

table. Additionally, we manage to say

Jack’s family is poor, instead of saying

Jack’s mom is poor.

5 her son := (coreF her) S son; No data is created, but a in-

terim syntax transformation

from her son to p0001 S son.

No effect, only a syntax trans-

formation

coreF abbreviates coreference.

coreF her retrieves the widow in the

story. S abbreviates the ’s symbol after

a person’s name. Therefore her son is

transformed as the widow’s son

6 son isA person;

mother isA person;

person S son : = there_is $f: [$f isA fam-

ily], $s: [$s isA person] where $f person

isA mother and $f $s isA son;

p0002 isA person;

f0001 p0002 isA son;

f0001 p0001 isA mother;

p0002 is the new data added

in database, referring to Jack.

Also specify that the widow is

a mother.

The phrases like her son have a fixed

syntactical form. They are defined once

and reused for later to parse other text. In

the 3rd assignment of the "Template" col-

umn, person and son are global types

and acting as variables.

7 name isA thing;

person name : = (person namE ==

name);

p0002 namE := jack; jack from now on is a corefer-

ence to p0002, i.e., coreF jack

:= p0002.

The text son Jack matches the 2nd tem-

plate. Jack is categorized as a name

while others are possible, e.g., a machine.

All text from users are converted to small

cases while capital cases are memorized

separately.

8 there (verB live) person :=

person (verB live);

p0001 (verB live) (preP in)

t0001;

p0002 (verB live) (preP in)

t0001;

The entire English sentence is

now not mapped to two EP

terms, each represents the state

of being living without detailed

semantics for now

The parser splits the text into two sen-

tences because of the conjunction word

and. Therefore, there are two correspond-

ing EP terms.

9 husband isA person;

widow (dO do) (noT not) (verB live)

(preP with) husband :=

there_is $f: [$f isA family] where widow

{+ $f and ! (there_is $h : [$h isA hus-

band] where $h {+ $f);

no new data is created because

there is no text in correspond-

ing this template. This tem-

plate is optional to give a con-

straint that a widow doesn’t not

have or live with a husband.

This constraint may not neces-

sarily be enforced. But It can

be invoked for validation in an

I mode.

We could add more semantics by adding

more templates like this one to enrich the

understanding of this sentence.

One day, Jack’s mother told him to sell their only cow.
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10 adverB (one day) := there_is $t: [$t isA

day] where (coreF (one day)) start < $t

and $t < (coreF (one day)) end;

t0002 (where an internal struc-

ture is created for t0001 end ≤
t0002 start ≤ t0001 end, and

t0002 end - t0002 start = 24

hours)

coreF (one day) is mapped

to be "Once upon a time" that

was recorded earlier. t0002 is

created for a period of time

within once upon a time.

The phrase One day can be a future day or

a past day but unsure exactly which day it

would be when it serves as an adverb in a

sentence. In the given sentence, it is a past

tense and within the time period t0001 set

by Once up on a time. coreF (one day)

finds out the tense of the sentence first,

e.g., the past tense in this case, and then

searches a previously defined time period

constraining one day.

11 coreF name := there_is $p: [$p isA per-

son] where $p namE == name;

No data is created coreF jack returns p0002. Jack may not only refers to a person but

also others such as a tool to lift a car.

Therefore Jack was tried to be parsed in

different categories before confirming it

is the name for p0002.

12 person S mother : = there_is $f: [$f isA

family], $p: [$p isA person] where ($f

person isA son or $f person isA daughter)

and $f $p isA mother;

No data is created f0001 p0001 is returned as

Jack’s mother, where Jack is an

instance of person.

Since the L mode process found the in-

stance f0001 p0001, it doesn’t create a

new one but retrieve the existing one.

13 animal isA thing;

livestock isA animal;

cow isA livestock;

No data is created. No immediate impact yet However, any instances including c0001

in Row #15 with the type cow can be pre-

dicted as a livestock, animal, and thing

through the lifecycle of the NLP process.

14 coreF their; No data is created f0001 is returned.

Like other coreferences, coreF

their is determined by a built-in

process

coreF they returns Jack and his

mother, but coreF their returns

f0001, something shared by both Jack

and his mother.

15 family S cow := family cow isA livestock; c0001 isA cow

f0001 c0001 isA livestock

c0001, f0001 c0001 reflect

the basic information from the

original text their cow

In the L mode, the process tried to find

a cow instance in f0001 and created

c0001 because no one was found.

16 person (verB tell) $p: [$p isA person]

Infinitive;

person (verB sell) $t : [$t isA thing];

p0001 tell jack (jack sell c0001

((PreP at) Notime)); Note the

action represented by tell is

implicitly modified by a time

within the given One day.

Therefore the sentence is actu-

ally in past tense because the

system can tell.

The constructed data is a pre-

dictor, which represents an ac-

tion taken by Jack’s mother.

Subsequent queries can be an-

swered such as what did

Jack’s mother tell Jack?,

Who told Jack to sell

their cow?, etc..

Infinitive is a built-in operator indicating

the following text is an infinitive phrase,

i.e., to do .... The built-in node

Notime indicates that jack sell c1000

is not a fact yet as it may or may not hap-

pen. This sentence with the verb sell,

converted from the infinitive clause, will

be further updated to make the sell a fact

in Row #28.

17 desirE 1 := desire; desirE 2 := like; de-

sirE 2.5 := want, desirE 3 := hint; desirE

4 := encourage; desirE 5 := tell; desirE

6: = ask; desirE 7 := command; desirE

8 := enforce};

No data was generated Facing the phrase "Jack’s mother told him

to ...", we optionally construct a template

desirE that places all verbs related to

"desire" in a sequence to reflect the de-

gree of desires. This template helps to cor-

relate similar sentences together to find

paraphrase sentences.

Jack went to the market and on the way he met a man who wanted to buy his cow.

18 coreF name := there_is $p: [$p isA per-

son] where $p namE == name;

No data is created coreF jack returns p0002. The same process as discussed in #11.

19 location isA thing;

market isA location

No data was created No immediate impact yet However any instances including m0001

in Row # 20 with the type market can

be predicted as a market, location, and

thing through the lifecycle of the NLP

process.

20 the market := there_is $m: [$m isA mar-

ket];

Note a market would be given the same

definition as our process doesn’t rely on

a or the vigorously

m0001 isA market m0001 reflects the basic infor-

mation of the original text the

market, an interpretation from

human experience.

While this template is defined based on

human experience, it can also be derived

by the sentence Jack went to the

market, where the market can be rea-

soned as a location, where there is a tem-

plate like the one in #21.
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21 person (verB go) (preP from) $l1: [$l1

isA location] (preP to) $l2: [ł2 isA loca-

tion] := (update person geoLoc := $l2

geoLoc);

l0002 isA location;

f0001 geoLoc := l0002;

p0002 geoLoc := m0001;

l0002 refers to Jack’s home lo-

cation, a dump node without

information

There should be a standard geographical

(and time) data calculation to construct

the first and second assignments on the

Predictor column. The update command

in the template enforces an update for

both L and O modes

22 adverB (on the way (preP from) $l1: [$l1

isA location] (preP to) $l2: [$l2 isA lo-

cation]) := there_is $l: [$l isA location]

where $l is between $l1 and $l2;

l0003 isA location;

where l0003 is between

l0002 and m0001;

the geographical distance

should be implemented in

a standard geographical

calculation package

23 articlE a man = there_is $p: [$p isA per-

son]; Note a man can be defined with

more attributes but we simply define it as

a person just for demonstration purpose.

p0003 isA person; A template for "the man"

would be the same one for "a

man", as our process doesn’t

differentiate "a" from "the" to

tolerate human errors.

However, the parser would prefer to cre-

ate a new person because of "a man" is

given. Otherwise, considering "the man"

being Jack himself would make the sen-

tence "Jack met the man", where "the

man" is Jack, not meaningful.

24 person (verB meet) $p: [$p isA person]

(preP at) location := ((person geoLoc ==

location) and ($p geoLoc == location));

p0002 geoLoc := l0003;

p0003 geoLoc := l0003;

The template enforces the ge-

oLoc of the two persons to be

changed

The template can be enriched with more

attributes, but the same location the two

persons met is the highlight of this tem-

plate.

25 person (verB want) infinitive;

person (verB buy) $t: [$t isA thing];

p0003 (verB want) (p0003

(verB buy) c0001 ((preP at) No-

time));

his cow is mapped to c0001

based on the similar process we

discussed earlier

person (verB want) infinitive is very simi-

lar to person (verB tell) $p: [$p isA per-

son] infinitive and they can be correlated

using the desirE template in #17.

Jack took the magic beans and gave the man the cow. Note: in our discussion, we skipped the conversations between Jack and the man, where the man’s 5

magic beans would be traded to Jack for Jack’s cow. To simplify our discussion, we assume only one bean and the following data have been generated: f0002 isA

family; f0002 p0003; bean isA thing; b0001 isA bean; b0001 (bE be) (adJ magic); f0002 bean; where we consistently set up an organization, such as a family, a

person belongs to.

26 person (verB take) thing from $p: [$p isA

person] := Botran ($p (verB give) person

thing);

No data is generated. The text Jack took the

magic beans is to be con-

verted to p0003 (verB give)

p0002 b0001 in #27.

It defines that a person takes a thing from

another is equivalent to that the second

person gives the first person the thing.

The original text doesn’t have the phrase

from the man but the template gives the

parser a hind to find it.

27 person (verB give) $p1 : [$p1 isA

person] $t: [�isA thing] := (person

geoLoc == $p1 geoLoc),

delete coreF (family person) $t,

create coreF (family $p1) $t;

coreF (family person) := select $f:

[$f isA family] where $f person != null;

f0001 b0001 and f0002 c0001

were added into database,

and f0002 b0001 and

f0001 c0001 are removed

from database. The results

come from the intermediate

expressions: p0003 (verB give)

p0002 b0001;

p0002 (verB give) p0003

c0001;

The template is aimed to first

validate that the persons and

the good to be exchanged are

next to each other, e.g., the ge-

ographical coordinates are the

same. Then it update the be-

longings of both Jack and the

man in their family accounts.

When a sentence implies actions like

"give", we use the Froglingo update com-

mands in template explicitly to enforce

the action for both L and O modes. Also

the built-in term coreF can be user-

defined this time.

28 person (verB sell) $g: [$g isA thing]

:= there_is $buyer: [$buyer isA person]

where person (verB give) $buyer $g;

No data was generated as there

is no text to trigger an execu-

tion on it

This template would help to

validate Did Jack sell his

cow?, which is related to the

word "sell" in the sentence

"Jack’s mother told him to sell

their only cow" at an I mode

An extra step to demonstrate that new in-

formation can be derived from the sample

text by using the template.

29 person (verB buy) $g: [$g isA thing]

:= there_is $seller: [$seller isA person]

where $seller (verB give) person $g;

No data was generated Not used in this demonstration.

This template would help to an-

swer the question: Did the

man buy his cow?

An extra step to demonstrate that new in-

formation can be derived from the sample

text by using the template.

What does the function fac take 5 to produce? Note: though natural language itself is ambiguous, there are some text that can precisely express vigorous

mathematical expressions.
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30 multiplication $n1: [$n1 isa number]

$n2: [$n2 isa number] = ($n1 multi

$n2);

fac (verB take) $n:[$n isA number]

(preP to) (verB produce) $m:[$m

isA number] = Botran ( ”if” $n

”is 0, ” $m ”is 1 or” $m”

is the multiplication of” $n

”with what fac takes”

($n − 1) ”to produce; ”);

No data is generated in

database, but respond with an

answer of 120.

The answer to the given text

is 120. The template acts pre-

cisely as a factorial function
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