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Abstract

Automated code generation is becoming an important tool in quantitative finance, where large
language models can generate option pricing implementations directly from mathematical model
specifications. Validating such implementations, however, requires considerably more than conven-
tional software testing: numerical pricing methods must remain mathematically consistent, numeri-
cally stable, and reliable across a wide range of model parameters.

We introduce RIDGE, an autonomous validation framework in which generated pricing imple-
mentations are subjected to structured no-arbitrage tests, stress tests, benchmark comparisons, and
consistency checks. Validation evidence is interpreted diagnostically, while the resulting knowledge
is accumulated in a repository and reused across models and successive validation iterations. This
enables systematic refinement of both the pricing implementation and the validation methodology.

The framework is applied to five stochastic volatility models. Across these studies, all detected
implementation defects are removed and, in two cases, the validation process itself leads to new semi-
analytic pricing methodologies. The supplementary material is available in the GitHub repository:
https://github.com/ShQiangliu/ridge.

1 Introduction

Recent progress has shown that artificial intelligence can act as a powerful tool for exploring program and
algorithmic search spaces. AlphaCode [I], for example, demonstrated competition-level program syn-
thesis through large-scale generation and filtering, while AlphaTensor [2] and AlphaDev [3] showed that
learning-based agents can discover improved algorithms; see also [4], 5] [6]. These successes demonstrate
the practical power of Al-driven generation under executable objectives. However, they remain largely
empirical: they show that useful programs can be generated or discovered, but they do not explain when
the generation process can be stably guided toward valid scientific-computing implementations.

This gap becomes particularly important for software generated by large language models (LLMs), as
LLMs are increasingly used to generate scientific software directly from mathematical specifications |7,
8, [9]. In quantitative finance, they can produce implementations of option pricing methodologies with
limited manual coding effort and can rapidly explore alternative modeling assumptions and numerical
techniques. This development raises a fundamental question: how can one determine whether a generated
implementation is mathematically correct, numerically stable, and reliable beyond a small collection of
benchmark examples? Standard software validation techniques [10] provide only limited assurance in this
setting. A pricing implementation may produce plausible values for standard test cases, yet fail in more
demanding parameter regimes. Such failures may arise from unsuitable numerical parameters or from
an incorrect implementation of certain parts of the methodology. In some cases, important adaptations
may simply be omitted. Furthermore, numerical pricing methods inevitably introduce approximation
errors [II] and require truncation and discretization steps, whose combined effect is difficult to assess
through unit tests alone. Validation requires more than verifying that a small number of numerical
examples produce seemingly reasonable outputs.
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To address this problem, we develop RIDGE (Repository-driven Iterative Diagnosis, Generation and
Evaluation), an autonomous validation framework for generated pricing implementations. RIDGE com-
bines deterministic numerical measurements with repository-driven diagnosis and iterative implementa-
tion refinement. The framework performs consistency checks, stress testing, and benchmark comparisons,
while the diagnostic knowledge accumulated during validation is retained and reused across validation
iterations and model classes. As a consequence, both the pricing implementations and the validation
methodology itself evolve as additional models are examined. The framework is developed and tested in
the setting of stochastic-volatility option pricing. These models span a broad range of numerical complex-
ity and provide a natural testbed for studying autonomous validation. We consider five representative
stochastic-volatility models: Heston [12], Bates [13], rough Heston [I4], Heston-Hull-White [I5, [16], and
Generalized Stochastic Volatility Jump-Diffusion (G-SVJD) [I7]. Option pricing is one of the central
computational tasks in quantitative finance and serves as a cornerstone of modern derivatives practice.
Some stochastic-volatility models admit highly efficient transform-based valuation methods, whereas oth-
ers require approximations or Monte Carlo simulation. This diversity of numerical methodologies makes
stochastic-volatility pricing a suitable setting in which to study autonomous validation.

An interesting outcome of the present study is that validation itself can, in certain cases, lead to alter-
native numerical techniques. In two cases, the Heston—Hull-White and G-SVJD models, the validation
process indicates structural limitations of the initially generated Monte Carlo methodologies and leads
instead to alternative semi-analytic valuation approaches based on conditional Gaussian representations
and the Feynman—Kac theorem. The framework therefore acts as a validation mechanism and as a tool
for identifying and developing better suited numerical methodologies.

The contributions of this paper are fourfold. First, we introduce RIDGE, an operator-based frame-
work for validating generated option pricing implementations through deterministic measurement, diag-
nosis, and successive refinement. Second, we develop the notion of an evolving validation repository that
accumulates expertise across validation iterations and transfers knowledge between model classes. Third,
we demonstrate the framework on five stochastic-volatility models and show how implementation defects
and inefficiencies can be detected and removed through successive validation iterations. Finally, we show
that validation itself can stimulate methodological development, leading in certain cases to alternative
pricing methodologies.

The remainder of this paper is organized as follows. Section [2] introduces the option-pricing setting
and the operator formulation of RIDGE. Section [3] presents the validation framework, including its
measurement design, diagnostics, and repository refinements. Section [ reports the experimental studies,
comprising both the replication experiments and the methodology-development cases, together with
an evaluation of the resulting pricing methods. Section [5| presents the ablation and reproducibility
experiments that isolate the contribution of the validation operator. Section [6]concludes with a discussion
of the main lessons across models and directions for future work.

2 Validation of option pricing implementations

To study the proposed validation framework, we require a collection of asset price models and suitable
option pricing methods that display a broad range of numerical behaviour. Stochastic-volatility models
and their associated pricing techniques form a natural test bed for this purpose.

The models considered here range from settings with analytic characteristic functions to models
requiring substantially more involved numerical techniques. They provide a natural environment in
which generated implementations can be validated, refined, and, in some cases, replaced by alternative
methodologies. We first introduce the stochastic-volatility models that provide the application domain
for RIDGE and then present the framework itself, including its information flow, operator formulation,
and the role of the language model in the iterative validation process.

2.1 Option valuation under stochastic volatility

The validation framework is developed and tested on a family of stochastic-volatility models of increasing
complexity. These models are widely used in quantitative finance and provide a rich collection of numer-
ical challenges, ranging from affine models with known characteristic functions to non-affine models for
which valuation requires approximations or Monte Carlo simulation.
Under the risk-neutral measure Q, the asset price S; typically follows
dsS;
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where 7; denotes the short rate, ¢ the dividend yield, and v; a stochastic variance process. Depending
on the model, the short rate may be constant or stochastic. In more general settings, jumps may be
included [I8]:
dSt
St
where NV, is a Poisson process with intensity A, J; denotes the jump size, and m  is the jump compensator.
The stochastic variance process may take different forms. In the Heston stochastic-volatility
model [12], the variance satisfies

= (Tt —q— )\m]) dt—'-\/’thth + Jtht,

dvy = k(0 — vy) dt + gy /v: dZ¢, d[W, Z]; = pdt.

Here v; follows a Cox-Ingersoll-Ross square-root process [19]. The Heston model belongs to the class
of affine stochastic-volatility models, for which the logarithm of the asset price admits a characteristic-
function representation. KEuropean option prices can then be computed efficiently by Fourier-based
methods, like the Fourier-cosine (COS) method [20].

Many stochastic-volatility models considered in current research fall outside this affine setting. The
five models used in this study span several such extensions of the Heston framework. The Bates model
adds jumps while retaining an analytic characteristic function, whereas rough Heston replaces the Marko-
vian variance dynamics by a Volterra process and requires the numerical solution of a fractional Riccati
equation. The Heston-Hull-White model introduces stochastic interest rates, and G-SVJD replaces the
square-root variance diffusion by a more general non-affine power-law specification. These extensions
lead to substantially different numerical valuation problems.

We defer the detailed model specifications and pricing methodologies to the corresponding validation
studies in Section [} Heston, Bates, and rough Heston are considered in Section [£.2] while the Heston—
Hull-White and G-SVJD models are treated in Section [I.3] For the latter two models, the validation
process itself leads to alternative valuation methodologies. The purpose of the present section is therefore
only to establish the common option-pricing setting in which the RIDGE framework is formulated.

2.2 Quantitative validation operator

RIDGE is an iterative framework in which pricing implementations evolve through successive iterations
of measurement, diagnosis, and revision, while the expertise accumulated during validation is retained
and reused. We first describe the information flow of a single RIDGE validation iteration and then
formalize it in an operator-theoretic setting.

Each iteration begins with three objects: a blueprint, a code-level pricing implementation, and a
repository containing the accumulated validation knowledge. The blueprint outlines the model config-
urations and the implementation method for option pricing. The repository documents methodologies
and implementation details of the validation procedure, plus model- and method-specific insights from
previous validation experiences that support the interpretation of the resulting evidence. The imple-
mentation is then subjected to a collection of numerical measurements, producing an evidence record
that is interpreted diagnostically. The resulting findings are used to revise the implementation and, if
necessary, the blueprint itself, while the repository is updated with the expertise accumulated during the
iteration. The complete validation process either terminates or continues from this revised state in the
next iteration. Figure [I] summarizes this information flow.

We now cast the validation framework RIDGE in an operator-theoretic setting. Let M denote the
space of stochastic-volatility model specifications and let G denote the strike-maturity domain to be
priced. The exact pricing operator is

P:M=Y,

where ) is the space of admissible pricing surfaces over G; each model specification M € M is associated
with its theoretical pricing surface P(M).

A numerical method is characterized by a collection of numerical controls, denoted by h, which specify
the truncation domain and the discretization parameters so as to balance accuracy against computational
cost. These controls induce a finite representation of the pricing problem: a strike—maturity grid G;, C G,
on which prices form vectors in a finite-dimensional space )}, and a finite family of model specifications
My, € M on which the implementation is evaluated. On this structure, the target pricing operator

Pn: My — Vh
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Figure 1: Information flow of a RIDGE validation iteration. A blueprint, pricing implementation, and
repository define the current iteration. Measurement produces an evidence record, diagnosis interprets
this evidence and updates both the repository and, when necessary, the blueprint and implementation.
The revised state either initiates the next iteration or terminates the validation process.

represents the ideal numerical realization of P under the controls h, whereas
Pn: Mp — Vn

denotes the generated pricing implementation intended to approximate Py, (see Table. For each model
specification M € My, the vectors Py (M) and Py, (M) contain the prices on the grid G;,. All distances
introduced below are evaluated over Mjy,.

Table 1: Definitions of the pricing operators.

Operator Meaning

P exact pricing operator: the theoretical price profile of a model

Ph target pricing operator: a numerical realization of P with controls h
73h pricing implementation: the numerical realization towards Py,
”P,rff reference value of Py, known on a subset of models

Given two pricing operators P and Q and a model M € My, the model-wise distance is
dy(P,Q) == |P(M)—Q(M)|_,

the largest absolute price difference over the grid G,. Aggregated over the model family, we define the
norm

P — Qlm, := sup dy(P, Q).
MeMy,

The total error of the implementation relative to the exact operator decomposes as

1Ph = Plan < I1Ph—Paliae, +1P0 = Pliadg, - (1)

implementation error scheme error




The first term is the object of validation: the aim is to reduce the implementation error so that the
implementation faithfully realizes the target operator Pj. The second term reflects the approximation
error of the numerical scheme and is treated separately.

The repository introduced above is denoted by R. Its accumulated validation expertise is consulted
by both the pricing implementation operator and the validation operator; dependence on the repository
is indicated by the subscript R.

The pricing implementation operator ®r advances the iteration. It takes as input the blueprint B,
a structured specification of how the model is to be priced, comprising the stochastic model and its
assumptions, the numerical methodology, and the implementation details. The first iteration has no
diagnosis to draw on and starts from the source material itself, usually an article containing the model
specification and a detailed methodology. This information is represented by the initial blueprint B();
in the simplest case, B(?) contains only the model specification and its assumptions. Each subsequent
iteration then reads the current blueprint B together with the diagnostic report D™, which contains
the findings of the previous validation iteration, namely the detected defects, their likely causes, and
suggested revisions, and returns a revised blueprint and implementation,

(B, ,}/)\}(anrl)) — Bp (B(n)7p(n)> 7 DO — .

The resulting implementation 73,(ln+1) is not restricted to a single numerical method: ®%z may combine

several numerical or simulation schemes within one implementation to cover the parameter and strike—
maturity domains.

73,(1n+1) on the validation domain My,. It decomposes into

The validation operator Vz then evaluates
measurement and diagnosis,
Vr =T'rour.

The measurement operator ug executes the relations prescribed by R on the implementation. It is
organized into three blocks: validity, admissibility, and benchmarking, and returns a structured evidence
record. The diagnosis operator 'z interprets this evidence and produces the next diagnostic report
D+ 4 stop signal, and an updated repository for the next iteration.

Block I (validity). The implementation P, emitted by &% must define a valid pricing operator. In
particular, it must produce finite price vectors on My, and the source code must faithfully implement
the methodology described in B. A violation in this block terminates the iteration; the implementation
is revised before any subsequent test is performed.

Block IT (admissibility). For each model M, let Ay; C Yy, be the arbitrage-free set of price vectors
on the grid Gp,. For each M € M), the admissibility error is

Av(Py) = inf || Pu(d) = U ..

This quantity vanishes exactly when the price vector 73h(M ) is arbitrage-free on the validation grid.
In practice, the admissibility of 73h(M ) is assessed through the residuals of the parity, monotonicity,
convexity, and density checks described in Section [3:I] The resulting residuals provide the operational
admissibility measurements for each tested configuration and are used to assess deviation from Aj;.
Computational cost is measured separately as 7as(Pp,), and is used by the diagnosis stage to identify
inefficient implementations and to prioritize numerical refinements. It is not part of the admissibility
erTor.
Block IIT (benchmarking). The repository specifies a reference value P of the target operator Py,
established on a subset Mt € M, of models. The reference may originate from benchmark prices
documented in the raw material or from a validated and sound implementation. The agreement with
this reference is measured, for each model M € M, by the concordance error

Crr(Pr) i= dar (P, PE). (2)

Benchmarking is performed against the target operator rather than the exact one: P°f represents a
trusted realization of the target discretization Pj on the configurations in M. This provides the vali-
dation procedure with a concrete and attainable target against which implementations can be improved.

The measurement operator pug : Pp +— € gathers the outcomes of the three blocks into the structured
evidence record

&= (&, &, Em), &n = {AM(ﬁh)yTM(ﬁh)}Mtha &m = {CM(ﬁh)}MeMref~



Here, &1 records the pass/fail outcome of the validity inspections in Block I. The component &1 collects
the per-model admissibility measurements together with the corresponding computational costs, while
& collects the concordance measurements defined in .

The diagnosis operator T'g : € — (D, S, R’) interprets the evidence and returns a diagnostic report D,
a stop signal S, and an updated repository R’ for the next iteration. For each identified concern, whether
related to the pricing implementation or the validation procedure, D records the finding, its diagnostic
classification, and a suggested revision. Residuals that correspond to a pre-registered abnormal regime
or to a documented limitation that persists after reasonable revision attempts may be classified as
[EXPECTED]. Such residuals remain in the evidence record and are reported, but are no longer treated
as actionable revision targets.

Accordingly, let R R

A3 (Py) and  C37%(Pn)

denote, respectively, the largest admissibility and concordance residuals for model M that are not classi-
fied as [EXPECTED] by I'z. The stop signal is set to halt once all actionable admissibility and concordance
errors fall below the prescribed tolerances n4,nc > 0,

halt, sup A3H(Pn) <na and  sup C3(Ph) < ne,
S = MeMy MEM et

continue, otherwise.

Thus, termination does not require every measured residual to vanish or fall below tolerance; it requires
that no discrepancy above tolerance remains an actionable revision target.
The resulting iteration is

(B(n)’D(n)) Prm) (B(n+1)’7/)\}(1”+1)) Hr(™) - o(nt1) ) (D(n+1)7s(n+1)’R(n+l))7

halting at the first iteration for which S = halt. Through this loop the implementation 73h is guided
toward the target operator Pj, with the aim of reducing the implementation-error term in decomposi-
tion until no actionable discrepancy remains above tolerance.

The repository R is not fixed: each diagnosis returns an updated R’, so R evolves from iteration to
iteration and across the models it has seen. Its evolution has two aspects: the accumulation of model- and
method-specific expertise and the refinement of the measurement and diagnosis procedures themselves
in response to validation feedback. Because structural relations are accumulated across model classes,
insights gained during the validation of one model can refine the strategy applied to subsequent ones.
Beyond refining a given method, this accumulation may also reveal the need for a better suited one, as
for the HHW and G-SVJD models of Section [£.3]

2.3 Stochastic dynamics of validation

The preceding operator formulation describes a deterministic measurement layer coupled to a stochastic
implementation generator. We now give a conditional convergence interpretation of this interaction. The
purpose is not to assert convergence for an arbitrary language model, but to identify sufficient conditions
under which repository-driven diagnosis produces a validation trajectory approaching the stopping region
defined above.

Let (2, F,P) be a probability space that describes the randomness in the language-model generation
and diagnosis stages, and let {F,, },>( denote its equipped filtration, with F,, generated by the blueprints,
implementations, repositories, evidence, and diagnostic reports observed up to iteration n. The iteration
state is

X, = (B, pim R™).

Conditional on F,,, the generation operator proposes the next blueprint and implementation through the
stochastic language-model generation step. The resulting implementation is then evaluated according
to the measurement protocol prescribed by R(™). Thus, randomness enters only through the proposed
revision. Once the generated implementation and the corresponding validation protocol have been fixed,
the Block IT and Block III measurements are deterministic.

For iterations that pass the Block I validity inspection, define the tolerance-adjusted validation energy

2 2
Loi= | sup a5 (B | 4| s ot (B) e Q
MeMy, + MeM, et +



where [z]; := max{z,0}. A Block I failure is handled by immediate diagnosis and revision, as specified
above, and is therefore excluded from this quantitative energy. By construction, L,, = 0 precisely when
the actionable admissibility and concordance conditions defining S = halt are satisfied. The zero set of
L, is consequently the validation-defined acceptance region.

Updates to the repository may temporarily increase the measured validation energy of an imple-
mentation that previously satisfied the current validation criteria. Another source of disturbance in
performance comes from the stochastic generation of new blueprint and implementation, where side ef-
fects may be introduced while repairing previously diagnosed deficiencies. We represent these two effects
by nonnegative F,,-measurable sequences «,, and [3,, respectively. The corrective effect of validation is
represented by a nonnegative dissipation term -,,.

Proposition 1 (Conditional convergence of the validation energy). Suppose that the nonnegative adapted
process (Lp)n>0 satisfies

E[Lpt1 | Fo] < (1 + an)Ln — vn + Bn, a.s., (4)

where
oo oo
E a, < 00, E Bn < 00 a.s.
n=0 n=0

Here a.s. denotes almost sure convergence. Assume further that there exists a continuous function
¢ :10,00) = [0,00) with ¢(0) =0 and c(f) > 0 for every £ > 0 such that

Yn > ¢(Ly) a.s.

Then
L,—0 a.s.

Proof. The Robbins—Siegmund almost-supermartingale convergence theorem [21], applied to , implies
that L, converges almost surely to a finite random variable L., > 0 and that ZZO:O Yn < 00 almost
surely. Since v, > ¢(Ly), it follows that ¢(L,) — 0 almost surely. Continuity of ¢ and the almost-sure
convergence L, — Lo, give ¢(Lo) = 0. The strict positivity of ¢ away from the origin therefore yields
Lo, = 0 almost surely. O

Proposition [I| separates the role of validation from the intrinsic capability of the language model.
The result does not require deterministic generation. Instead, it requires that repository expansion and
residual generative perturbations have finite cumulative effect, and that away from the acceptance region
the diagnostic feedback induces strictly positive expected dissipation. Under these assumptions, the
validation energy converges almost surely to the region in which the prescribed actionable admissibility
and concordance tolerances are satisfied. The proposition is an asymptotic result: it does not imply that
the stopping region is reached in finitely many iterations. Establishing finite-time guarantees, or verifying
the drift conditions for specific classes of language-model generators, requires additional analysis.

2.4 The role of LLM

The language model enters the framework in two capacities. First, it is generative: from a model
specification it produces a methodological blueprint together with an executable pricing implementation,
through the generation operator ®x. Second, it is evaluative: it contributes to the Block I validity
inspections within the measurement pgr and to the diagnosis operator I'x.

The framework deliberately separates language-model reasoning from numerical measurement. Once
the implementation, the validation family M}, and the repository are fixed, the admissibility and bench-
marking evidence is generated deterministically from numerical calculation, so the figures and flags of
the numerical checks are exactly reproducible. Language-model reasoning is confined to three stages:
the generation operator @5, the Block I inspections, and the diagnosis operator I'.

The quality of the resulting implementation naturally depends on the capability of the language
model. Stronger models may identify more effective revisions or discover alternative formulations that
weaker ones overlook, as illustrated later by the HHW and G-SVJD case studies. The stochastic in-
terpretation in Section therefore does not assert convergence for an arbitrary generator. Rather,
Proposition [I] identifies sufficient drift and perturbation conditions under which repository-driven refine-
ment approaches the validation-defined acceptance region. The reproducibility experiments of Section
provide empirical evidence consistent with this interpretation: once numerical measurement anchors the
validation process, generators of comparable capability can be guided to validated implementations.



3 Implementation of the validation operator

This section describes how the validation framework of is realized in practice. We focus on the
measurement and diagnosis procedures that emerged from the experiments and were subsequently incor-
porated into the repository.

3.1 Measurement design based on expert knowledge

The repository guides the definition of the validation domain and the measurements performed during
each iteration. Its accumulated experience identifies challenging parameter regimes and informative
diagnostic tests. The measurement procedure can therefore evolve as validation experience is transferred
across model classes.

Each validation iteration begins with the validity assessment of Block I. The blueprint is checked
against the underlying mathematical sources, the generated implementation is compared with the
methodology specified in the blueprint, and the resulting code is required to execute successfully
with finite and well-defined outputs throughout the validation domain. Failure of any of these checks
terminates the current iteration and produces a diagnostic report; only valid implementations proceed
to Block II.

Validation domain. The admissibility checks are performed on a finite strike-maturity domain cov-
ering typical operating regimes and numerically challenging configurations. The strike range at each
maturity is chosen according to the characteristic scale of the underlying log-return distribution: short
maturities are concentrated near the money, while longer maturities admit wider strike ranges. The
resulting configurations define the validation grid Gp. The maturity grid and strike-selection procedure
are specified in Section

Stress-test design. Alongside the default parameter configuration, the implementation is evaluated
on stressed parameter sets. Their design is model-agnostic and based on the local sensitivity of the
at-the-money implied volatility and implied-volatility skew at selected maturities. Finite differences
identify parameter perturbations that produce substantial changes while remaining within the admissible
parameter region.

Representative positive and negative perturbations are ranked by their impact, and a limited number
of informative configurations is retained. Model-specific abnormal regimes documented in the literature,
such as violations of the Feller condition in Heston-type models, are added when applicable. The default,
stressed, and abnormal configurations together constitute the validation family Myj. Further details of
the stress-set design are given in Appendix

Consistency checks. Block II evaluates four consistency properties: put—call parity, monotonicity,
convexity, and the implied risk-neutral density. For each property, a residual is measured and compared
with a prescribed tolerance. Residuals exceeding the tolerance are recorded as violations and passed to
the diagnosis stage.

The put—call parity tests an exact analytical identity and is particularly sensitive to implementa-
tion errors. Monotonicity checks the no-arbitrage ordering of call prices in maturity and strike, while
convexity is assessed through finite-difference approximations of butterfly spreads. The latter two re-
veal local inconsistencies in the pricing surface. Finally, the implied risk-neutral density is recovered
through the Breeden—Litzenberger relation [22] and checked for non-negativity and normalization, ex-
posing more global deficiencies in the numerical approximation. The worst residual over G, determines
the admissibility error Ajys for each tested configuration.

Benchmark checks. Block III compares the implementation with a reference value of the target
operator P{f‘f. Reference sources follow a fixed hierarchy. Published numerical benchmarks are used when
available, followed by known degeneration limits and, if neither is available, the local affine approximation
of Appendix [A] Numerical refinement provides a final internal consistency check. Only the highest-
priority applicable reference is used.

The worst discrepancy over G, defines the concordance error C)y;. Together with the admissibility
measurements, these results form the numerical evidence supplied to the diagnosis stage. The accuracy
grade and its interpretation for the different model and methodology classes are described in Section [£:1]

Table [2] summarizes the practical realization of the three validation blocks.



The validation studies also led to several practical refinements of the measurement procedure. To
apply the same validation operator across different model classes, each generated implementation is
wrapped in a standardized adapter providing a common representation of prices, parameters, diagnostics,
and computational statistics.

The definition of the validation grid was refined during the experiments. A fixed moneyness range
places short-maturity contracts far into the tails of the log-return distribution, where numerical trunca-
tion effects may dominate the validation results. The regular grid therefore uses a maturity-dependent
strike window whose width scales with the characteristic volatility of the horizon log-return. Since such
a restriction may hide instabilities confined to extreme regions, the grid is supplemented by targeted
boundary tests at very short and long maturities and at extreme moneyness levels. Their precise speci-
fication is given in Appendix

Finally, the evidence record stores the magnitude of each violation rather than only whether a pre-
scribed tolerance is exceeded. This allows the diagnosis stage to distinguish isolated minor deficiencies
from systematic shortcomings and to prioritize subsequent revisions.

Table 2: The three validation blocks of RIDGE and their role in measurement and diagnosis.
Step

Consequence of fail-
ure

Procedure Purpose

Block I (validity): does Py constitute a valid pricing implementation?

1.1 Blueprint in-
spection

1.2 Implementation
inspection

1.3 Execution as-
sessment

Compare B with cited
sources; check internal
consistency of model,
methodology, and imple-
mentation details

Match source code
against the methodology
of B

Execute the implementa-
tion and check that all
outputs are finite and free
of failures

Ensure the methodol-
ogy to be implemented
is mathematically co-
herent

Ensure ﬁh implements
what B specifies

Ensure P; is operable
across My,

Iteration terminates; B
or ¢ revised

Iteration terminates;
implementation revised

Iteration terminates;
implementation revised

Block II (admissibility): does Pp(M) lie in the arbitrage-free set of price vectors Anr ?

II.1 Domain defini-
tion

11.2
checks

Consistency

Generate the validation
grid and stress-test pa-
rameter sets

Parity, monotonicity,
convexity, and density
checks over My,

Construct the valida-
tion family M, and fix
the grid Gy,

Measure the a/c\lmissibil—
ity error A (Pr)

None

Admissibility error Aps
recorded in &pp

Block IIT (benchmarking): does Pn agree with the available reference evidence?

II1.1 Reference Compare against the Measure the concor- Concordance error Cy

comparison highest-priority available dance error Ca(Pr) recorded in &g
reference

Diagnosis: a Block I failure is diagnosed immediately and the iteration terminates. After

Blocks II and III, the numerical evidence (&1, &) is interpreted by I'z, which returns the
diagnostic report D, the updated repository R’, and the stop signal S.

3.2 Iteration diagnostics

The diagnostic report contains one entry for each relevant finding identified during a validation iteration.
Each entry records the targeted component, whether the pricing implementation or the repository design,
a diagnostic category drawn from a fixed taxonomy, a description of the observed issue, and a suggested
corrective action. The purpose of the record is to identify the most plausible causes, to make the state
of the current iteration explicit, and to guide the next revision.



Table 3: Diagnostic categories used by the validation operator.

Category Meaning

[BUG] Defects that prevent the implementation from correctly realizing the in-
tended numerical method.

[CONSISTENCY] Violations of admissibility requirements, including parity, monotonicity,
convexity, and density consistency.

[METHOD-ALGO] Possible improvements within the chosen numerical methodology or its
implementation.

[METHOD-HYPER] Possible improvements in numerical controls selection, adaptivity, or tun-
ing rules.

[METHOD-CHOICE] Indications that a different numerical methodology may be better suited

for the model class under consideration.

[EXPECTED] Residual limitations attributed to the model, benchmark, or approxima-
tion framework that survive after several validation iterations.

The diagnostic categories serve different purposes within the validation iteration. Validity failures are
classified as [BUG], where fatal ones cause an immediate halt and must be resolved in another iteration.
Admissibility violations are typically classified as [CONSISTENCY], while benchmarking discrepancies may
indicate implementation shortcomings ( [METHOD-ALGO] ), hyperparameter choices ( [METHOD-HYPER]), or
limitations of the numerical methodology itself ([METHOD-CHOICE]). Persistent deficiencies that remain
after several revision iterations may ultimately suggest that an inherent limitation in the current imple-
mentation, leading to an [EXPECTED] diagnosis. The full classification is summarized in Table

Alongside the per-finding entries, the diagnosis associates a heuristic score with each category. The
scores are calibrated to be broadly comparable across categories and across iterations and provide a
compact summary of the implementation state. They are intended to prioritize revisions and to track
progress across validation iterations; they do not constitute validation criteria themselves.

The stop signal S implements the tolerance criterion introduced in Section 2.2. In practice, this
criterion is interpreted as indicating that no remaining discrepancy can be removed by a reasonable
revision of the implementation. Residual deficiencies that cannot be eliminated are ultimately transferred
to the category [EXPECTED], either because the corresponding regime was declared abnormal in the
blueprint prior to any measurement or because repeated revision attempts have failed and a theoretical
explanation has been recorded.

When S = continue, the diagnostic report influences the next iteration in two ways. First, it guides
the revision of the pricing implementation through the operator ®. Second, it contributes to the refine-
ment of the repository itself by recording newly observed failure modes and effective corrective actions.
Experience accumulated during one validation study is transferred to subsequent validations, allowing
both the pricing implementation and the validation framework to improve over successive iterations.

4 Experiments

We apply RIDGE to five stochastic-volatility models in two types of validation study. The first concerns
Heston, Bates, and rough Heston, for which established pricing methodologies are available. Heston
combines the analytic characteristic function of [12] with the Fourier-cosine (COS) method [20]. Bates
extends the characteristic function with a jump component [13], while rough Heston obtains the transform
numerically from the fractional Riccati equation of El Euch and Rosenbaum [I4]; both are subsequently
priced by the COS method as well. For these three models, the validation task is to identify and remove
defects in generated implementations of documented pricing methodologies. Section [£.2] follows their
development from the initial generated implementations to their validated forms.

The second type of study concerns the Heston—Hull-White (HHW) and G-SVJD models. In these
cases, validation indicates limitations of the initially generated Monte Carlo methodologies that cannot be
resolved through implementation refinement alone. The diagnostic process therefore leads to alternative
semi-analytic CCF-PDE formulations, developed and validated in Section [{:3] Section [£.4] compares the
resulting implementations in terms of accuracy, robustness, and computational cost.
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4.1 Experiment settings

All five validation studies use Claude Opus 4.8 as the language model responsible for the three model-
driven stages of RIDGE: blueprint-and-implementation generation, the Block I inspections, and diagnos-
tic interpretation. The experiments use a common validation domain and measurement protocol.

The maturity grid is

T € {0.001, 0.004, 0.01, 0.04, 0.1, 0.25, 0.5, 1.0, 2.0, 5.0},
and the candidate moneyness grid is
log(K/F) € {-0.5, —0.3, —0.2, —0.1, —0.05, 0, +0.05, +0.1, +0.2, +0.3, +0.5},

where F' denotes the forward price at maturity 7. The concentration of maturities at the short end targets
the region where numerical difficulties are typically most pronounced, while the candidate moneyness
grid extends to log-moneyness values of +0.5, covering far in- and out-of-the-money regions.

At each maturity, the selected strikes are restricted using the scale of the COS truncation range,

log(K/F)| < 1LvG, L =14,

where
1— 6711T

v=0T+ (vo — 6) -
is the expected integrated variance to maturity and reduces to vy in the absence of mean reversion.
The resulting strike-maturity configurations define the validation grid G,. The stress configurations and
boundary tests used alongside the default parameter set are specified in Appendix
The measurements record four consistency residuals at each selected point. Writing V,.(T, K) and
Vp(T, K) for the call and put prices, respectively, and P(0,T) for the maturity-T" discount factor, the

implied risk-neutral density is recovered through the Breeden—Litzenberger relation

O3 Vo(T, K)

T K)=
The parity residual is defined as the relative put—call parity error,

_|Ve=V, = (F—K)P(0,T)|
“a= K P(0,T)

The monotonicity residual is the worst no-arbitrage ordering violation over maturity and strike,

€2 = max{maX[VC(TivK) - VC(TH*DK)}JM IIQE}?[‘/C(Ta Kj+1) - ‘/;(Ta KJ)]+}

)

The convexity residual is the worst negative strike butterfly,

s = max| —(Va(T, K1) = 2Ve(T, Kj) + VT, K1) |1

)

while the density residual measures the deviation of the recovered density from unit mass,

ey = ‘/fQ(T,K)dKl .

A configuration is flagged whenever a residual exceeds its prescribed tolerance. The tolerances are
fixed across models. In particular, the parity tolerance is 10~° for deterministic transform implementa-
tions and is relaxed to 1073 for implementations subject to intrinsic Monte Carlo error.

Benchmarking compares the implementation with a reference solution. The benchmark deviation
ALV is the maximum absolute at-the-money implied-volatility discrepancy and is mapped to a letter
grade according to

D, AIV < 0.001%,

C, 0.001% < AIV < 0.01%,
AAIV) = { B, 0.01% < AIV < 0.10%,
A, 0.10% < AIV < 1.00%,

F, AIV > 1.00%.
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The diagnosis interprets these grades in the context of the model and pricing methodology rather
than against a universal acceptance threshold. Lower grades may therefore be tolerated for challenging
models, for example those with slow mean reversion or jumps, and for Monte Carlo implementations,
whose slower convergence generally makes the highest accuracy grades more difficult to attain than for
deterministic methods.

Based on this evidence, the diagnosis assigns heuristic scores to the diagnostic categories. The
scores prioritize revisions and track progress across validation iterations; they are not validation criteria.
When the documented methodology is already established, the five categories [BUG], [METHOD-ALGO],
[METHOD-HYPER], [CONSISTENCY], and [EXPECTED] are each scored out of 20, giving an iteration total
out of 100. If a [METHOD-CHOICE] diagnosis arises during validation, this category is additionally scored
out of 20 and contributes to the total.

A residual that cannot be eliminated is eventually transferred to [EXPECTED]. This occurs when the
corresponding regime was declared abnormal in the blueprint before measurement, or when repeated
independent revision attempts fail to remove the discrepancy and a theoretical explanation has been
recorded in the repository.

4.2 Replication runs: Heston, Bates, and rough Heston

To study how RIDGE validates and refines existing pricing methodologies, we consider three documented
methods of increasing numerical complexity, for the Heston, Bates, and rough Heston models.

The three pricing methodologies share the COS valuation step and differ primarily in the derivation of
the characteristic function. Heston evaluates an analytic transform, Bates augments this transform with
a jump component, and rough Heston computes the transform numerically by solving a fractional Riccati
equation. For Heston and Bates, the principal numerical approximation is therefore the COS valuation
once the characteristic function has been specified. For rough Heston, the characteristic function supplied
to the COS step is itself computed numerically by a Volterra solver with its own discretization and
stability properties.

Table [4] records the principal implementation revision at each iteration together with the corre-
sponding diagnostic scores. Each run starts from an unadapted implementation of the documented
methodology and ends with a validated one: Heston improves over ten iterations from 31/100 to 97/100,
Bates over five iterations from 58/100 to 96/100, and rough Heston over six iterations from 32/100 to
99/100. The scores serve as progress indicators and identify the diagnostic categories that still limit the
implementation; the underlying evidence is provided by the deterministic measurements of Section [3.1]

Table 4: Per-iteration category scores (column headings abbreviate the tags of Table
[ALGO]|=[METHOD-ALGO], [HYP]=[METHOD-HYPER|, [CONS|=[CONSISTENCY], and
[EXP|=[EXPECTED]). The scores summarize the diagnostic interpretation of the measured evi-
dence; the total is the sum of [BUG], [ALGO], [HYP], [CONS], and [EXP].

Model Iter. Principal refinement [BUG] [ALGO] [HYP] [cons] [EXP] Total
1 analytic ChF; naive COS domain 2 4 5 0 20 31/100
2 payoff endpoints; cumulant domain 6 4 5 2 20 37/100
3 put domain; strike coverage 14 4 8 4 20 50/100
4 vectorization; adaptive resolution 12 16 8 8 20 64/100
Heston 5 wrapper passes adaptive N 16 14 16 12 20 78/100
6  out-of-the-money valuation 14 16 16 12 20 78/100
7  batched OTM valuation 20 18 14 14 20 86,/100
8  Feller-aware domain (1) 20 18 17 16 20 91/100
9  Feller-aware domain (2) 20 18 18 17 20 93/100
10 smooth call-put blending 20 20 20 20 17 97/100
1  jump-augmented ChF; COS 12 10 6 10 20 58/100
2 inherited Heston refinements 20 18 18 17 20  93/100
Bates 3 banded blend; put estimator 20 19 19 18 20  96,/100
4  fourth-cumulant domain 20 20 20 19 20 99/100
5 validator quadrature corrected 20 20 20 20 16 96/100
1 fractional-Riccati ChF; COS 2 4 4 2 20 32/100
2 fractional Adams solver 6 10 4 2 20 42/100
Rough 3 stability-based step count 14 14 5 4 20 57/100
Heston 4  inherited COS refinements 18 15 15 14 20 82/100
5 implicit fractional corrector 18 18 18 16 20 90/100
6 narrower parity band 20 20 20 20 19  99/100
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The Heston replication run is the first validation study and therefore starts without inherited exper-
tise. Most of the numerical machinery later reused by Bates and rough Heston is developed during this
run. The principal refinement concerns the COS truncation domain and the number of cosine modes N.
The preliminary implementation employs a fixed half-width L+/vy7 and a fixed mode count, ignoring
correlation, vol-of-vol, and the prevailing variance regime. These choices fail on the stress configurations
and are progressively replaced by adaptive rules based on the cumulants of log St, strike-coverage re-
quirements, and additional widening in non-Feller regimes. Writing h,, and N,, for the half-width and
mode count at iteration n,

L/ T, n=1,
L s, n=2,
maX(L Sz, max; |z;| + 0.1), 3<n<7,
max(Leﬂc Sz, Max; |z;| + 0.1), n > 8,

128, 1<n<3,
N, = min(max(24 NSz, 128), 1024), 4<n<7,
min(max(24 hy, /s,, 128) (2.5 — f), 4096), n > 8,

A
—~

D
=

with z; = log(K;/F) the selected log-moneynesses and
Legr = min(L(2.5 — f),16)

for f < 1, and Leg = L otherwise. For f < 0.05, where the analytic estimate s, overstates the long-

maturity spread, s, is capped by
vmin(|ea|, 2.57),

with o the expected integrated variance of Section [41]

A second refinement concerns deep in- and out-of-the-money contracts. Each strike is priced using
the representation with the lighter integrand tail: the call series for K > F' and the put series for K < F,
with the complementary price recovered by exact parity. The two estimates are combined through the
smooth blend

1

VoK) = (1= wpur) Ve(K) + wput (Vo (B) + (F = K)e™™), wpue = T oo

(7
where m = log(K/F) and § = max(0.25s,,0.01). The weighting transitions continuously between the
call and put representations and assigns equal weight to both at the forward.

The final Heston implementation is a fully adaptive COS pricer. It satisfies the admissibility checks
on the standard and non-Feller stress sets, prices one maturity in approximately 0.8 ms, and benchmarks
at Level B. The outstanding deviations occur in the deep-Feller regime, where the variance may approach
zero and the resulting tail behaviour is difficult to represent with a finite cosine expansion. This leaves
a density deficit and a far out-of-the-money monotonicity residual.

The Bates replication run inherits the adaptive COS rules developed during the Heston run and
starts with the jump-augmented characteristic function already implemented. It therefore requires fewer
validation iterations. The main additional refinement concerns the truncation rule in the presence of
jumps: incorporating the fourth jump cumulant widens the cosine domain to account for the heavier
tails induced by the jump process. The final Bates implementation prices one maturity in approximately
1.0 ms and reaches 96/100.

The rough Heston replication run introduces an additional numerical layer because its characteristic
function is not available in closed form. The inherited COS machinery can be reused only after the
fractional-Riccati transform has been computed with sufficient accuracy. The model retains the Heston
price dynamics but replaces the square-root variance process by the rough Volterra process

vy = Vg +

t
L/ (t —5)* ' [k(0 — vs) ds + 0\ /v5 dZ], a=H+ 3,
I'(a) Jo

where k is the mean-reversion speed, 6 the long-run variance, o, the vol-of-variance, and H € (0, %] the

Hurst parameter. For o < 1, the variance process exhibits rough behaviour [14]. The main task in this
run is therefore to construct a reliable solver for the associated characteristic function.
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The principal improvement is the replacement of the explicit fractional-Adams scheme by an implicit
corrector. At each Fourier node, the quadratic equation arising in the fractional update is solved in
closed form and the stable root is selected. This stabilizes the transform calculation and allows the
time-step selection to be governed primarily by accuracy rather than by stability constraints. The final
rough Heston solver prices one maturity in approximately 27 ms, benchmarks at Level C, and reaches
99/100. Its remaining residual is a small band-limited tail-mass error on the abnormal parameter set,
which is diagnosed as a representation limitation rather than an implementation defect.

The three runs use a common repository. The Heston run is performed first and develops most of the
adaptive COS machinery. Bates inherits these rules early in its validation, whereas rough Heston can
reuse them only after its fractional-Riccati solver has become sufficiently reliable. Table [5] summarizes
the inherited and model-specific components.

Table 5: Repository inheritance for the Bates and rough Heston runs: components inherited from the
completed Heston validation and model-specific developments.
Bates

Construction (Heston repository) Rough Heston

Cumulant domain, strike-coverage rule, inherited at iteration 2 inherited at iteration 4
adaptive resolution-N  rule,  Feller-
aware widening, vectorized series with
characteristic-function cache, and out-of-
the-money pricing with smooth parity

blending

Characteristic function Heston transform inherited and ex- not inherited; fractional-Riccati

Additional model-specific developments

tended with jumps; validated in the
initial implementation (iteration 1)

jump fourth-cumulant domain and
banded put-side estimator (itera-
tions 3—4)

transform constructed over itera-
tions 1-3

fractional Adams solver, stability-
based step-count rule, and implicit
corrector (iterations 2-5)

Across the three runs, adaptive numerical controls repeatedly replace fixed choices that fail under
stressed configurations. The admissibility measurements also reveal deficiencies that benchmark agree-
ment alone does not expose. The complete per-iteration revision log, including detected regressions
and revisions to the validator, along with the per-iteration accuracy, benchmark results, computational
costs, and evolution of the dominant stress sets, are provided as Supplementary Material in the GitHub
repository: https://github.com/ShQiangliu/ridge.

4.3 Validation as a driver of methodological development

The replication studies of Section [£:2] demonstrate that RIDGE can detect and remove implementation
defects within an established pricing methodology. We next investigate whether validation can also reveal
limitations of the methodology itself and motivate the development of an alternative.

To this end, we consider two models for which the pricing methodology initially generated from
the literature proves unsuitable: the Heston—Hull-White (HHW) model [I5, [16], which combines Heston
stochastic volatility with a Hull-White short-rate process, and the generalized stochastic-volatility jump-
diffusion (G-SVJD) model [17], whose variance diffusion contains the non-affine power-law term o,v?f.
Neither model admits a directly usable closed-form characteristic function in the classical affine sense,
and in both cases the first implementation generated by the language model is based on Monte Carlo
simulation.

These validation studies expose a different failure mode from those encountered in the replication
runs. The Monte Carlo implementations can be corrected and made internally consistent, but their
remaining deficiencies cannot be removed by correcting the code or tuning numerical controls. The
underlying limitation is structural: the methodology itself cannot attain the accuracy and efficiency
targets prescribed by the validation objective.

The diagnosis therefore shifts from implementation refinement to method selection. Rather than
proposing further implementation revisions, it identifies the need for a different pricing representation.
In both models, the same structural observation emerges: conditioning on the variance path leaves
a conditionally Gaussian log-return, and the Feynman—Kac theorem then reduces pricing to a one-
dimensional conditional characteristic-function PDE (CCF-PDE). This formulation eliminates Monte
Carlo sampling error and replaces simulation by a deterministic solve.

The validation of both models proceeds through three phases:
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1. validation of the generated Monte Carlo implementation;

2. identification of the conditional characteristic-function PDE as a more suitable pricing representa-
tion;

3. validation and refinement of the resulting deterministic solver.

Table [] records the principal revision and category scores at each iteration of the two studies.

Table 6: HHW and G-SVJD per-iteration category scores (column headings as in Table {4 with
[CHC]I=[METHOD-CHOICE]). The total is the sum of all six categories. The final HHW implemen-
tation reaches 118/120 at iteration 8 and the final G-SVJD implementation 117/120 at iteration 7.

Iteration Principal revision [BUG] [ALGO] [HYP] [CONS| [CHC]| [EXP] Total
Model: HHW

1 Euler Monte Carlo implementation 4 4 4 2 4 20 38
2 rate initialization; full truncation 14 6 5 4 4 20 53
3 transition to the CCF-PDE 16 10 6 8 20 20 80
4 inherited COS-method refinements 18 14 16 14 20 20 102
5 CIR-moment boundary; adaptive resolution 18 16 15 13 20 20 102
6 phase-only recentering 18 17 18 15 20 20 108
7 out-of-the-money valuation 18 18 18 16 20 20 110
8 efficient deterministic implementation 20 20 20 20 20 18 118

Model: G-SVJD

1 Euler Monte Carlo implementation 12 4 8 6 4 20 54
2 variance-path reconstruction 16 8 10 8 6 20 68
3 transition to the CCF-PDE 6 10 8 4 20 20 68
4 cell averaging; Rannacher smoothing 12 12 10 6 20 20 80
5 Lamperti grid; adaptive vmax 14 14 12 8 20 20 88
6 short-maturity rule; adaptive COS domain 10 16 16 16 20 20 98
7 strike-coverage rule 20 20 20 20 20 17 117

4.3.1 HHW model
The HHW model is given by

dSt/St =T dt + \/E(IH/I/vl(t)7
dvy = Kk(n — ve) dt + o1/ve AW (1),
dry = a(b—ry) dt + oo dW3(t),

with correlations d[W;, W]y = pi2dt and d[W;, W3]y = pi13dt, while the short rate and variance are
uncorrelated, so that pa3 = 0. The pricing difficulty is that the equity—variance and equity-rate correla-
tions, p12 and p13, destroy the classical affine structure, so the model admits no closed-form characteristic
function through the standard Riccati framework.

Phase 1: validating the generated Monte Carlo implementation. The generated implemen-
tation is a plain Euler Monte Carlo simulation, and the first two iterations correct straightforward
implementation defects. The short-rate drift is initialized independently of the market rate and the
variance process is only partially truncated, both of which become apparent under degeneration to the
Heston limit. The consistency checks and degeneration benchmark identify both deficiencies immedi-
ately. Setting the initial short rate to rg = r and replacing the variance discretization by full truncation
remove these defects, after which the simulation prices correctly to within its sampling noise.

The remaining deficiencies exhibit a different signature. Further revisions improve neither the bench-
mark grade nor the computational efficiency in a meaningful way. The dominant limitation no longer
lies in the implementation but in the methodology itself. At the inverse-square-root convergence rate of
Monte Carlo, reducing the implied-volatility deviation to the target level of 10~° would require on the
order of 10'° paths, which is incompatible with the efficient-pricing objective of the validation framework.
The method, rather than its realization, has become the dominant bottleneck.
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Phase 2: identifying a different methodology. A [METHOD-CHOICE] diagnosis is raised once the
residual pattern can no longer be removed by correcting the code or tuning numerical controls within
the Monte Carlo framework. The revision target changes accordingly: rather than further refining the
simulation, a pricing representation without sampling error is sought.

As outlined above, the diagnosis leads to a conditional characteristic-function PDE representation.
For HHW, this formulation emerges in the third iteration as the conditional characteristic-function PDE
of Proposition [2] derived in Appendix [B}

The transform is obtained by conditioning on the variance path. Because the variance and short-rate
Brownian motions are uncorrelated, the log-forward is conditionally Gaussian given that path, and a
linear change of variable in the variance makes the reduction exact. The conditional transform of the
variance process satisfies, by the Feynman—Kac theorem, a one-dimensional backward parabolic equation
with a real diffusion operator and a dissipative complex source term. Solving this equation once per
maturity yields the exact characteristic function, after which the COS valuation is applied unchanged.
The [METHOD-CHOICE] score consequently rises to its maximum value.

Phase 3: validating and refining the new definition. With the methodology established, the
next iterations refine the implementation of the deterministic solver. Iteration 4 applies the inherited
COS-method refinements in a single revision, bringing the default parity error to machine precision and
reducing the suite violation count from 644 to 119. The total score increases from 80 to 102.

The subsequent iterations introduce the numerical machinery required for a transform obtained from
a PDE solve. Each iteration addresses a deficiency exposed by the preceding one, and Table[7]summarizes
the resulting refinements and their quantitative effect.

Because the terminal data oscillates in the variance according to exp(iupiav/01), the variance grid
must be wide enough to contain the relevant probability mass while being sufficiently fine to resolve the
oscillation. Iteration 5 therefore places the far boundary several standard deviations above the variance
mean,

VUmax = M(T) + ngs(T),

where m(T) and s(T') denote the mean and standard deviation of vp. The boundary is closed by a
Neumann condition consistent with the terminal data,

avh = (iuplg/al) h,

and the mesh width is linked to the oscillation frequency through the resolution condition

Av< 7L
~ ‘/)12|umaux7
where .y 18 the largest Fourier argument appearing in the COS expansion. These modifications improve
the degeneration benchmark from a failing grade to Level B and reduce the convexity residual by more
than two orders of magnitude.

For small vol-of-variance, the complex source term cpyw of develops a rapidly varying phase.
Iteration 6 recenters only the imaginary phase along the variance mean path,

m(t) = Elvy],

thereby removing the divergence while preserving the dissipative real part, Re cypw < 0, that ensures
stability of the time integration. The benchmark consequently attains Level C.

Iteration 7 removes the kink introduced by the smooth call-put blending. The implementation instead
prices the out-of-the-money option directly from the COS series and recovers the complementary price
by exact parity, reducing the monotonicity and convexity residuals to nearly zero. Finally, iteration 8
addresses computational efficiency. The pricing problem is reduced to a single Crank—Nicolson solve
per parameter set and maturity, batched across all COS modes in one Thomas sweep, lowering the
per-maturity runtime from 548 to 471 ms.

The final implementation reaches 118/120, with parity, monotonicity, and convexity violations re-
duced to machine precision and the benchmark reaching Level C, corresponding to a maximum at-
the-money implied-volatility deviation of 5.07 x 107° across the maturity grid. The sole remaining
[EXPECTED] residual is the pre-registered density-integral deviation under Feller violation (~ 2 x 1073),
which is retained as a representation limitation rather than an implementation defect.
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Table 7: HHW third phase (iterations 5-8): principal refinements and their measured effect.

Iter. Principal refinement Measured effect

5 CIR-moment variance boundary; far-field Neu- benchmark 1.4 x 1072 (F)—
mann condition; variance-resolution rule 2.1x107* (B); convexity L3 1.0x
1072 - 1.1x 1077

6 phase-only recentering of the imaginary source benchmark 2.1 x 107% (B)—
along the variance mean path; dissipative real 5.7 x 107° (C)
part preserved

7 out-of-the-money valuation with exact parity —monotonicity Ls 4.1 x 107° —
recovery, replacing the smooth call-put blend 2.1 x 1075; convexity Ls — 0
(blend kink removed)

8 one Crank—Nicolson solve per parameter set and  per-maturity time 548 —
maturity, batched across all COS modes in one 471 ms; suite violations — 16;
Thomas sweep total 110 — 118/120

4.3.2 G-SVJID model
The G-SVJD model [I7] is given by

ds
Tt = (r—q—Amy)dt + JordWy + JdN;,  dvy = k(0 — vy) dt + oy0f dZ,
t

with correlation d[W, Z]; = pdt, parameter p > 0, log-normal jumps log J; ~ N (fy, 05), and compen-

2 . . . . . . .
sator my = e*»+94/2 _ 1. The principal numerical challenge is the non-affine variance diffusion o,v?.

Phase 1: exposing the structural weakness. The generated implementation is a full-Euler Monte
Carlo simulation. The first iteration establishes the baseline Euler scheme, whose direct discretization of
both the stock and variance paths introduces the usual bias and fails several consistency checks. Itera-
tion 2 replaces the return discretization by the conditional-Gaussian variance-path integration derived in
Appendix[C] This makes put—call parity exact to machine precision and removes the return-discretization
error, so that the consistency hierarchy passes.

The final limitation is structural and twofold. Simulating the variance path still carries the full-
truncation Euler bias associated with a variance process that can reach zero, producing an O(\/E)
error plateau that variance-reduction techniques cannot remove. Moreover, the Monte Carlo error de-
creases only at the inverse-square-root rate, making accurate pricing computationally expensive. The
degeneration benchmark consequently stalls at Level A.

Phase 2: identifying a better method. The persistent error plateau triggers a [METHOD-CHOICE]
diagnosis: the residual can no longer be removed within the Monte Carlo methodology, and the revision
target changes from refining the simulation to finding a pricing representation without sampling error.
As for HHW, the diagnosis leads to a conditional characteristic-function PDE. For G-SVJD, the for-
mulation requires an additional change of variable. In the third iteration, the conditional characteristic-
function PDE of Proposition [3] is obtained; its derivation is given in Appendix [C} Conditioning on the
variance path again leaves a conditionally Gaussian log-return, but the non-affine variance diffusion in-
troduces an unstable imaginary advection term in the reduced equation. A change of variable absorbs
the correlation coupling into the terminal data and restores a real, stable operator. The Feynman—Kac
theorem then reduces the conditional transform to a one-dimensional backward equation. Monte Carlo
sampling error and variance-path discretization bias are thereby replaced by the numerical error of a
deterministic PDE solve. The [METHOD-CHOICE] score consequently rises to its maximum value.

Phase 3: guiding the refinement. With the methodology established, the subsequent iterations
refine the deterministic solver. The new representation introduces a numerical difficulty of its own: for
p > %, the change of variable that stabilizes the equation produces a drift term proportional to v'/2?
which diverges as the variance approaches zero. A naive discretization therefore samples a singular drift
and produces a density whose integral departs from unity.
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The subsequent iterations address this defect and the remaining COS-method errors. Table [§] sum-
marizes the refinements and their measured effects. Iteration 4 replaces the singular drift by its average
over the first variance cell and damps the nonsmooth terminal data through implicit-Euler (Rannacher)
start-up steps, reducing the density-integral deviation from 1.56 to 9.7 x 10~2. Iteration 5 places the
variance nodes uniformly in the Lamperti coordinate

yo v

ox(1—p)
which transforms the power-law diffusion o,v? to a constant coefficient and clusters nodes near v = 0,
where the original diffusion degenerates. The variance domain is also sized from the moments of vp,
reducing the density-integral deviation to 1.0 x 1072 and bringing the degeneration benchmark below
10~* at the longer maturities. Iteration 6 introduces a short-maturity step-count floor together with a

jump-aware cosine half-width,
s =/ |e2| + 1/,

where ¢y and ¢ denote the diffusive and jump cumulants. This improves the benchmark from a failing
grade to Level C. Finally, iteration 7 introduces the strike-coverage rule and eliminates the short-maturity
monotonicity artifact.

The final implementation reaches 117/120. Its sole residual concerns the jump-dominated density
tails, which cannot be fully represented on a finite cosine domain and are retained as a representation
limitation rather than an implementation defect.

Table 8: G-SVJID third phase (iterations 4-7): principal refinements and their measured effects, in the
format of Table

Iter. Principal refinement Measured effect

4 cell average of the singular drift over the first density integral 1.56 — 9.7 X
variance cell; implicit-Euler (Rannacher) start- 107%; price 11.29 — 9.64 (refer-

up for the nonsmooth terminal data ence 9.43)

5 Lamperti-grid discretization, clustering nodes density integral 9.7 x 1072 —
near v = 0; variance domain sized from the mo- 1.0 x 10~2; degeneration bench-
ments of vr mark below 10™* for 7 > 1

6 short-maturity step-count floor; jump-aware benchmark (F)— Level C (6.3 x
COS half-width 1079)

7 strike-coverage rule extending the cosine inter- monotonicity Lo 21.4 — 0; total

val to all requested log-strikes at every maturity = score 117/120

HHW is validated first and develops the conditional characteristic-function PDE definition and its
numerical solution rules before G-SVJD is considered. When G-SVJD undergoes the same methodological
transition, these components are already available in the repository. The subsequent iterations can
therefore focus on the additional numerical difficulties introduced by the G-SVJD change of variable.
Table [9] summarizes the resulting inheritance structure.
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Table 9: Repository components inherited by the G-SVJD run, together with their origin and the
iteration in which they are first used.

Inherited component (source) Role in G-SVJD (iteration)

Conditional characteristic-function PDE: variance-path condi- method transition (iteration 3)
tioning and Feynman—Kac reduction to a one-dimensional PDE
(HHW)

COS-method bundle: cumulant truncation, strike-coverage rule, COS valuation (iteration 3)
resolution-N rule, and out-of-the-money pricing with smooth
parity blending (Heston)

Variance-domain sizing: far boundary determined from the mo-  variance-grid set-up (iteration 5)
ments of the variance process (HHW)

Batched solver: one Crank—Nicolson sweep across all COS modes  batched PDE solve (iteration 3)
(HHW)

Jump-aware cosine half-width: domain widening through the COS-domain set-up (iteration 6)
jump fourth cumulant (Bates)

The two methodology-development studies show that validation can identify limitations of the pricing
methodology itself, rather than only defects in its implementation. In both cases, conditioning on
the variance path followed by a Feynman—Kac reduction leads to a deterministic pricing framework
that avoids Monte Carlo sampling error and variance-path discretization bias. The inheritance chain
from Heston through HHW to G-SVJD allows the later studies to reuse previously developed numerical
components and concentrate on model-specific difficulties. The complete per-iteration revision logs for
both models, along with the accuracy, benchmark results, computational costs, and per-iteration stress
breakdowns underlying the diagnostic scores, are provided as Supplementary Material in the GitHub
repository.

4.4 Performance of the new methods

Figure [2] compares, for both models at 7' = 0.5, the mean implied-volatility error across the central
strike grid against the per-maturity CPU time. Each implementation traces an accuracy—cost frontier
obtained by varying a single numerical parameter: the Monte Carlo implementation by its number of
simulated paths, the final CCF-PDE solver by its grid resolution, and the iteration-4 implementation
by the variance-domain cap that limits its attainable accuracy. The reference is a converged CCF-PDE
solution computed on a fine grid (Ny = 240, N; = 120 for HHW; Ny = 200 with 60 time steps per year
for G-SVJD), with the resolution increased until the prices no longer change visibly.

Figure 2] shows the performance gains resulting from the methodological developments of Section [4.3]
For both HHW and G-SVJD, the final CCF-PDE formulation achieves sub-basis-point implied-volatility
errors in a few hundred milliseconds and delivers errors between one and three orders of magnitude
smaller than those of the Monte Carlo implementation at comparable computational cost.

The Monte Carlo curve initially improves at the expected inverse-square-root rate as the number
of simulated paths increases. Eventually, however, both models reach an error plateau. The remaining
error is no longer statistical but is dominated by the time-discretization bias associated with simulating a
variance process that can approach zero. Additional paths therefore reduce the variance of the estimator
but have little effect on the total pricing error.

The iteration-4 implementation occupies an intermediate position between Monte Carlo and the final
CCF-PDE solver and illustrates the role of validation-guided refinement. Immediately after the transition
to the conditional characteristic-function PDE, the pricing methodology is already more accurate than
Monte Carlo, but its implementation still contains numerical deficiencies that prevent it from attaining
its full accuracy.

For HHW, the dominant limitation is an overly restrictive truncation of the variance domain. The
iteration-4 implementation employs the fixed cap

Umax = 3 maX(U07 77)7

which excludes a non-negligible portion of the variance distribution and leaves an accuracy floor of ap-
proximately four basis points. Refining the variance or strike grids cannot remove this error, because the
dominant source of inaccuracy is the placement of the boundary itself. Iteration 5 resolves this deficiency
by sizing the variance domain from the moments of the variance process, producing a substantially more
accurate solution at essentially unchanged computational cost.
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Figure 2: Speed and accuracy at T' = 0.5 for HHW (left) and G-SVJID (right): mean implied-volatility
error across the central strike grid K € [90, 110] against per-maturity CPU time, timed single-threaded
on one virtualized Intel Xeon core at 2.80 GHz. Each method is represented by its accuracy—cost frontier
obtained from a common geometric sequence of refinements, with the converged CCF-PDE solution taken
as reference. Monte Carlo is varied over its antithetic path count at a fixed Euler time step, the final
CCF-PDE solver over its grid resolution, and the iteration-4 implementation over its variance-domain
cap. Both panels use the base configuration Sy = 100, v = 0.04, ¢ = 0: for HHW k = 2, n = 0.04,
o1 = 0.3, p12 = —0.7, p13 = 0.3, a = 0.5, 02 = 0.02, with flat initial rate ro = 0.02; for G-SVJD k = 2,
v=0.04,0,=03,p=07,p=-07 A=0.1, p, = —0.10, o, = 0.15, with r» = 0.02.

For G-SVJD, the dominant limitation is instead the singular behaviour of the transformed drift near
v = 0. The Lamperti coordinate introduced in iteration 5 clusters grid points in this region, while the
variance moments again determine an appropriate far boundary. Once these modifications are introduced,
the residual error floor disappears and the accuracy—cost curve moves down to the level of the final solver.

The two studies show that replacing an inadequate pricing methodology can improve the accuracy—
cost trade-off by several orders of magnitude. They also show that the methodological change is only
the first step: the new deterministic framework still requires numerical validation and refinement. The
final curves in Figure 2] reflect the combined effect of method selection and subsequent implementation
refinement.

5 Ablation and reproducibility

The experiments of Section [4] in which the same language model generates the pricing implementation
and performs the diagnosis within RIDGE, are referred to below as Experiment 2. We now investigate
two further questions: how much of the observed refinement is attributable to the validation operator,
and does RIDGE require the implementation generator and diagnosis operator to use the same language
model?

We compare three experimental settings. Experiment 1 removes the validation operator. The lan-
guage model generates a Heston [I2] pricing implementation from the model specification and the Fang—
Oosterlee cosine method [20], and revises it iteratively using only code execution and comparison with a
single published reference value. No diagnosis stage, consistency checks, or stress testing is available.

Experiment 2 is the full RIDGE configuration of Section [ Experiment 3 retains the validation
operator but uses an external language model as the implementation generator. At each iteration, this
model receives the current blueprint and diagnostic report and generates the revised blueprint and pricing
implementation, while Claude Opus 4.8 performs the validation, diagnosis, and repository updates. Two
external generators are considered in the Experiment 3 runs: DeepSeek (deepseek-v4-pro) and ChatGPT
(gpt-5.5).

Experiment 1 therefore isolates the contribution of operator-guided validation, while Experiment 3
tests whether the same validation procedure remains effective when implementation generation and
diagnosis are assigned to different language models.
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Table records, for each Heston run, the constructions present in the final implementation and
the version (Experiment 1) or iteration (Experiments 2 and 3) in which each first appears. The upper
block contains a mathematical core shared by all three runs. The lower block contains regime-adaptive
refinements that relate the truncation interval and mode count to the selected strikes, maturity, and
Feller ratio f.

Table 10: Numerical procedures appearing in the three Heston runs and the version (Experiment 1) or
iteration (Experiments 2 and 3) in which each first appears. A dash indicates that a procedure is not
introduced; a range indicates development over consecutive iterations. The upper block lists procedures
shared by all runs and the lower block those developed only in the operator-guided runs.

Construction Exp. 1 version Exp. 2 iteration Exp. 3 iteration

Shared by all runs

Analytic characteristic function and COS valuation 1 1 1
Cumulant-based truncation domain 1 2 1
General-endpoint payoff coefficients 1 2 1
Put pricing via put—call parity 2 3 4
Strike vectorization 3 4 1
Developed only in the operator-guided runs

Strike-coverage rule - 3 3
Resolution-scaled mode count - 4 3
Out-of-the-money pricing - 6-7 4
Feller-aware domain widening - 89 5
Feller floor for the mode count - 8-9 5
Smooth put—call parity blending - 10 -

The difference between the three runs is pronounced. Experiment 1 stops after three versions with
only the shared mathematical core. None of the adaptive frameworks is introduced. Comparison with a
single reference value provides no evidence that the fixed truncation interval and mode count fail outside
the default configuration. The deficiencies exposed by the stress configurations in Experiment 2 therefore
remain undetected.

Both operator-guided runs, Experiments 2 and 3, develop the adaptive layer. This remains the case
when the implementation generator is external. In the Heston run of Experiment 3, the validation
operator identifies a fatal implementation error in the first iteration and subsequently detects overflow
caused by heavy tails on the high-volatility and violated-Feller stress sets. The resulting diagnoses lead to
adaptive resolution, strike coverage, out-of-the-money pricing, and Feller-aware truncation rules. After
these revisions, the monotonicity and convexity checks are satisfied across all stress sets, and the final
implementation reaches the halt state.

The adaptive layer emerges as a consequence of the validation operator. It is developed both when
generation and diagnosis use the same language model and when the implementation generator is exter-
nal, but is absent when the validation operator is removed.

Table [11] compares the three final implementations on the default configuration and on representative
extremes of the stress parameters, using the common measurement protocol of Section 3.1} The compar-
ison evaluates whether the adaptive settings identified in Table [I0] translate into improved admissibility
and pricing accuracy outside the configuration used by the unguided run.
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Table 11: The three final Heston implementations—the unguided run (Exp. 1), the full RIDGE run (Exp.
2), and the external-generator run (Exp. 3)—evaluated on the default configuration and a representative
extreme of each stress parameter. Lo and L3 are the percentages of monotonicity and convexity checks
that fail; Ly is the mean density-integral deviation. The error columns report the mean relative price
error against the reference over |m| < 0.25 and |m| < 0.5, with m = log(K/F). Time is measured per
maturity, and the abnormal set is k = 0.2, § = 0.004, ¢, = 0.9.

Set f Implementation Lo (%) L3 (%) Ly err |m|<0.25 err |m|<0.5 Time, ms
Exp. 1 8.8 2 8.8x107% 57x1072 0.106 0.3

Default 1.78  Exp. 2 0 0 8.8x107°  5.0x1077 5.9%1077 0.6
Exp. 3 0 0 8.0x107° 9.5x1077 5.3x1076 1.8

Exp. 1 9.2 1 3.3x107%  5.1x1072 0.107 0.2

k=0.1 0.0889 Exp. 2 0 0 2.7x107%  3.8x107* 1.6x1073 1.4
Exp. 3 0 0 3.1x107%  1.4x10°° 6.3x10°° 1.2

Exp. 1 9.3 2.1 3.6x107*  5.9x1072 0.112 0.3

6 =0.01 0444 Exp. 2 0 0 3.6x107*  1.9x107'°  4.2x107° 1.3
Exp. 3 0 0  36x107*  1.5x107° 2.5x107° 1.8

Exp. 1 9.4 2.1 4.3x107%  6.0x107? 0.108 0.3

oy, =1 0.160 Exp. 2 0 0 4.3%x107%  7.0x10~7 1.7x1076 1.4
Exp. 3 0 0 4.3%x107%  7.0x107° 1.2x1074 1.3

Exp. 1 9.2 2.1 1.8x107% 5.9x1072 0.11 0.3

p=-095 178 Exp.2 0 0 1.8x107* 1.8x107° 2.3x1076 0.6
Exp. 3 0 0 8.9x107% 3.0x1073 1.9x1073 0.9

Exp. 1 13.2 1.2 1.4x107* 0.124 0.18 0.3

vo =0.01 1.78 Exp. 2 0 0 1.4x107*  1.9x107° 1.7x1076 0.8
Exp. 3 0 0 1.2x107%  3.7x10°°¢ 5.2x1076 1.6

Exp. 1 14.1 11.1 1.33 0.127 0.178 0.3

Abnormal 0.00198 Exp. 2 3.6 0 3.7x107%2  7.4x1073 1.5x1072 1.5
Exp. 3 0 0 1.1x1072 1.5x107* 1.6x10~4 1.3

The unguided implementation differs markedly from the two operator-guided implementations. It
violates strike monotonicity on approximately nine to fourteen percent of adjacent-strike pairs and de-
velops additional convexity violations on the abnormal set. Its mean relative pricing error is already
several percent over |m| < 0.25 and increases to between ten and twenty percent over the wider range
|m| < 0.5, which extends beyond the effective coverage of its fixed truncation domain.

The two operator-guided implementations, by contrast, exhibit no monotonicity or convexity viola-
tions on the default and individual stress configurations. Their relative pricing errors generally range
from a few parts in 107 to 1072, while a refinement study identifies the small density-integral residuals
as a discretization floor rather than an implementation deficiency. The remaining deviations are concen-
trated on the pre-registered abnormal configuration at long maturity. There, the heavy-tailed density
and extreme out-of-the-money strikes cannot be represented exactly on a finite cosine domain. The cor-
responding density-integral deviations are 3.7 x 102 for Experiment 2 and 1.1 x 10~2 for Experiment 3
and are classified as [EXPECTED].

The comparison of the three experiments identifies the contribution of the validation operator. Re-
finement against a single benchmark configuration, as in Experiment 1, can produce an implementation
that prices that configuration accurately and appears locally consistent, yet still exhibits substantial
pricing errors and arbitrage violations when evaluated in other parameter regimes and over wider strike
ranges. The broader evidence supplied by the validation operator leads to the regime-adaptive settings
and robustness observed in Experiments 2 and 3.

Beyond the Heston ablation study, Experiment 3, the external-generator reproducibility experiment,
was extended to three additional model classes and two external language models.

DeepSeek (deepseek-v4-pro) served as the generator for the Bates and rough Heston studies. Bates
reached a validated implementation in five iterations, matching the corresponding Experiment 2 replica-
tion run, with a degeneration-to-Heston benchmark of 7.8 x 10~? and a runtime of 0.35 ms per maturity.
Rough Heston reached a validated implementation in nine iterations, compared with six iterations in
Experiment 2. The additional revisions were devoted mainly to performance vectorization and cover-
age refinement. Its final implementation attains a degeneration benchmark of 5.6 x 107° at 114 ms per
maturity, with accuracy comparable to Experiment 2 at a moderately higher computational cost.

For G-SVJD, ChatGPT (gpt-5.5) served as the generator. Unlike the HHW study, in which the ex-
ternal generator independently reproduced the conditional characteristic-function PDE of Experiment 2,
the G-SVJD study arrived at a different pricing methodology: a hybrid Fourier finite-difference solver
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that transforms the log-price dimension and solves a one-dimensional complex-valued PDE for each
Fourier frequency. The final implementation reaches a validated state in four iterations and reproduces
the Heston degeneration (p = 3, A = 0) to within 1075, with a runtime of approximately 360ms per
maturity on the non-abnormal configurations. Its higher computational cost reflects the convergence
properties of the alternative methodology rather than an implementation deficiency.

These additional studies extend the Heston ablation and reproducibility results beyond a single
model and generator. With DeepSeek and ChatGPT as external generators, RIDGE reaches validated
implementations for affine jump-diffusion, rough-volatility, and non-affine models. The external generator
may reproduce the methodology obtained in Experiment 2 or arrive at a different numerical techniques,
as in the G-SVJD study. In either case, the validation operator evaluates the implementation through the
same deterministic measurements, identifies the remaining deficiencies, and directs subsequent revisions.
The results therefore suggest that the validation process, rather than the choice of implementation
generator, is the main source of the observed regime adaptivity and final validation quality.

6 Discussion and conclusion

6.1 Discussion

Across the five models, the dominant failures are not programming mistakes and rarely involve mathe-
matical errors. Two broader numerical deficiencies recur.

The first is insufficient adaptivity. Numerical controls that appear adequate for a default configuration
often fail across maturities, moneyness levels, and stressed parameter regimes. A fixed step count for
the rough-Heston Volterra solver is no more reliable than a fixed mode count for the cosine expansion.
In each study, adaptive rules emerge in response to measured violations rather than being prescribed
in advance. Once incorporated into the repository, several of these rules transfer to subsequent model
classes and provide a stronger starting point for later validation studies.

The second deficiency is a mismatch between the numerical methodology and the structure of the
model. This occurs in the HHW and G-SVJD studies. Their generated Monte Carlo implementations can
be made internally consistent, but their convergence properties remain incompatible with the accuracy
and efficiency objectives of the validation process. In these cases, further implementation refinement is
insufficient and the methodology itself becomes the object of diagnosis.

The HHW and G-SVJD studies therefore illustrate a broader role for validation in numerical method
development. In both cases, the persistent error pattern leads to a [METHOD-CHOICE] diagnosis and
a transition to a deterministic pricing framework. Conditioning on the variance path renders the log-
return conditionally Gaussian; an appropriate transformation followed by the Feynman-Kac theorem
then reduces valuation to a one-dimensional backward PDE in the variance variable; see Appendices [B]
and [C] The resulting techniques avoid Monte Carlo sampling error and the discretization bias associated
with direct simulation of a variance process near zero, without introducing an affine approximation of
the original model. More generally, these studies show how persistent validation failures can provide
evidence that the numerical representation, rather than its implementation, should be reconsidered.

A further observation concerns benchmarking. No single reference mechanism is suitable across
all model classes. Published numerical values provide the strongest direct evidence when available,
while degeneration limits are particularly informative when a complex model reduces to a well-validated
simpler one. For models lacking either form of reference, local affine approximations and consistency
under numerical refinement provide weaker but still useful evidence. The benchmark hierarchy must
therefore adapt to the analytical structure of the model and to the reference information available.

Stress testing is equally important. Several substantial deficiencies remain invisible on the default
configuration and appear only under deep Feller violation, far-from-stationary variance regimes, or ex-
treme jump parameters. Combined stresses can expose failures that are absent along every individual
stress direction. These measurements motivate several of the adaptive settings retained in the repos-
itory, including Feller-aware domain widening and jump-aware truncation rules. Residual deviations
that remain after validation occur on pre-registered abnormal configurations and are reported under
[EXPECTED], together with their numerical or theoretical explanation, rather than being removed through
further parameter tuning.

Taken together, the five case studies suggest that autonomous validation has a broader role than
detecting coding errors. It can expose insufficient numerical adaptation, identify a mismatch between
a model and its pricing methodology, guide the development and refinement of alternative numerical
methods, and accumulate validation experience for subsequent model classes.
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6.2 Conclusion

We have presented RIDGE, an autonomous validation framework for LLM-generated option-pricing
implementations, organized around a methodological blueprint, a pricing implementation, and a quanti-
tative validation operator supported by a repository of accumulated validation expertise.

For the Heston, Bates, and rough Heston models, RIDGE validates whether generated implemen-
tations faithfully realize documented pricing methodologies and progressively accumulates adaptive nu-
merical techniques that can be reused in subsequent studies. For the Heston—Hull-White and G-SVJD
models, the validation process goes further: it identifies structural limitations of the generated Monte
Carlo methodologies and guides the transition to deterministic conditional characteristic-function PDE
formulations, which are subsequently refined through the same validation process.

The ablation experiments identify the validation operator as the central component of the framework.
Without it, an implementation may appear accurate on the configuration against which it is refined while
exhibiting substantial pricing errors and arbitrage violations elsewhere. The external-generator exper-
iments show, conversely, that RIDGE can validate and refine implementations produced by different
language models. The resulting pricing methodology need not coincide with that obtained in the orig-
inal experiments; nevertheless, the same measurement and diagnosis process can guide independently
generated implementations to a validated state.

Taken together, the experiments suggest that autonomous validation has a broader role than detect-
ing implementation defects. It can expose insufficient numerical adaptivity, recognize when a pricing
methodology is unsuitable, retain transferable numerical expertise across model classes, and guide the
development of alternative numerical techniques. As large language models become increasingly capable
of generating scientific software from mathematical specifications, systematic validation frameworks of
this kind may provide an important means of assessing the reliability of LLM-generated computational
methods.

The stochastic-process interpretation of Section [2.3] gives sufficient conditions for almost-sure con-
vergence of the validation energy to the acceptance region. Whether these conditions hold for specific
classes of language-model generators, how they translate into finite-time guarantees, and how stable the
validation process remains across independently initialized runs are open questions.
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Appendix A. The affine-proxy benchmark

When Block IIT as described in Section has neither published reference prices nor a degeneration
limit, it falls back on a local affine proxy. Starting from the general variance dynamics dv; = p, (v¢) dt +
op(v¢) dZy, the drift p,(v) and the squared diffusion coefficient o, (v)? are linearized around the initial
variance level v,

po(v) = ag +arw,  ay(v)? = o + v,

with affine coefficients from first-order Taylor expansions,

ag = fiy(vo) — N;(UO)UOa a1 = N;(vo% Bo = Jv(v0)2 - (Jg)l(ﬂo)ﬂoa B = (012;)’(”0)-

The resulting proxy has affine variance drift and affine squared volatility-of-variance dynamics while
inheriting the jump and correlation structure of the original model, so it admits a characteristic-function
representation through the standard Riccati-equation framework of affine stochastic volatility theory [23],
and European option prices follow by the COS method. Because the linearization is local around v, the
proxy is an accurate benchmark at short maturities, where the at-the-money implied volatility and skew
of the implementation converge to those of the proxy.

Appendix B. HHW: development and pricing algorithm

This appendix derives the characteristic function of the log-return under the HHW model and records
the final iteration pricing algorithm. The HHW dynamics have been presented in Section

Proposition 2 (HHW CCF-PDE). Let QT be the T-forward measure and Fy = S;/P(t,T) the forward
price, with Fp = Sp. The zero-coupon bond P(0,T) is given by below, and

1— —a(T—t)
B, (t.T) = ————
a

Define the conditional transform
h(t,v;u) := EQT[exp(iulog St) | ve = v].
Then h satisfies the one-dimensional backward parabolic equation
—0ih = k(1 — v) Oyh + 5070 Oyoh + cunw (t,v;u) b, h(T,viu) = exp(iup1av/01), (8)
with the complex source

p12k(n — )
01

1

cnnw (£, v u) = —3u*(1—piy)v — Suv —iu —iu p1302 B, (t, T)v/v —u? p1302 B, (t, T)/v. (9)

The unconditional characteristic function of log St is

T
o(u; T) = exp(—iupiavo/o1) h(0,v0; w) exp(Apw (w; T)), Apw(w;T) = —%(u2 +iu) ag/ B,(t,T)?dt.
0
(10)

Proof. We work under the T-forward measure Q”', with the zero-coupon bond P(t,T) as numeraire. The
forward
— St

Fo= b

is a martingale with F; = S7. Because the Hull-White short rate makes f tT rs ds Gaussian, the bond is
P(t,T) = exp(Afjw (t,T) — B, (t,T)r),

with @ )
R p _ lop
Bi(t,T) = ————,  AhwtT) = (b= 55) (B +t-T) -

a

2132
05 B:;

4a
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The forward dynamics under Q7 are obtained by changing numeraire. The Girsanov kernel
—0o9B, dW3 shifts

AW (t) = AW, (t) + pr13oeB,(t, T) dt, AWy (t) = dWs(t) + 02 B,(t,T) dt,

so that AF
S = VO AW () + 0B, (8, T) AW (1),
t
with W', Wi standard QT-Brownian motions and d[Wi, W], = p13 dt.
Conditioning on the variance path {v; }o<i<r makes X =log(Fr/Fy) Gaussian. Integrating via Itd’s

formula,
X = / df 1 /T(dFt)z
2 0 Ft
- T . 1 T 1 T
:/ i AW (t)+02/ By (t,T) d W (t)—§/ vtdt—iagKB—plgag/ B, (t,T)/or dt,
0 0 0 0
(11)

where Kp = fo +(t,T)2 dt. Decompose W' (t) = p1aWa(t) + /1 — p?, W(t) with W+ independent
of the variance drlver Wa,

X = p12/ Vor dWs(t) 1/1—p12/ Vo AW (t)

T T (12)
1 1
+ 02/ B, (t,T)dW] (t) — 5/ vedt — 50’2KB — p1302/ B.(t,T)\/v¢ dt.
0 0 0

Conditional on {v;}, the W+ and W integrals are jointly Gaussian. Since Wi = pjoWa++/1 — p2, W+
and d[W1 WI = pizdt, we have d[WLH WL, = pi3/\/1—p?,dt, so their covariance is
P1302 fo +(t,T)y/v;dt. The obstacle is the pio-coupled term fOT\/EdWQ(t), driven by the same
Brownian motlon as the variance.

The linear gauge g(v) = v/o; removes this term exactly: ¢'(v)o1v/v = /v and ¢’ = 0, so Itd’s
formula gives
— Vo K T

- — — vg) ds.
- o1 s (n — vs)

/OT\/Fsdm(s) o

Substituting this identity yields the conditional law

T T T
vp — v 1
X | {ve} ~ N(pu Ta O+/ f(vs)dsfiagKB, (1fpf2)/ vsd5+0§KB+2p1302/ Br\/vsds),
1 0 0 0
(13)
with running coefficient

K(n—v 1
f(U) = P ((;7 7) - 511 - p13O'QBT\/5.
1

The gauge identity contributes the term pi2(vr — vg)/o1 to the mean of X. Taking the conditional
characteristic function of ,

Bfexp(iuX) | {u}] = exp(iupis 2 ) exp( ~3 (u® + )03 Kp
T
X eXp(/O [mf(vs) - *“ (1= pla)vs U2Pl3023r\/@} d8)~

The second factor is exp(Agw (u; T)), collecting the deterministic Hull-White contribution. Define

T
h(t,v;u) = EQT{GXp(iU[hQ vr v —|—/ cnnw (8, vs; u) ds) ‘ v = U],
t

g1

with cgpw as in (9). By the Feynman-Kac theorem, h satisfies the backward equation (§) with terminal
condition A(T,v;u) = exp(iupizv/o1). Multiplying h(0, vo; u) by exp(—iupiavo/o1) and exp(Aupw (u; T'))
recovers ¢(u; T) of ([L0). O
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Algorithm 1 HHW European option pricing via the CCF-PDE of Proposition

Input: model parameters (k,7, 01, p12, P13, 02, @, b); market (Sy, vo,7o); maturity T'; strikes {K;}
Output: call and put prices {V, ;},{V,,}

Notation. f = 2kn/o? is the Feller ratio; N is the number of Fourier modes with largest node tpax;
M is the number of variance cells; IV, is the number of time steps; Kp = fOT B,.(t,T)?dt, with B, as

in .

Phase 1 — COS domain, Fourier modes, and variance grid.
compute P(0,T) from and set Fy < So/P(0,T)
estimate the first two cumulants ¢ and ¢ of log(Fr/Fy) from central differences of log ¢ near u = 0;
Sz + /o
10, f>1,

Let 3 in{1025— £), 16}, f<1

4: half +— max{ Leg sz, 0.7, max; |log(Fo/K;)|+0.1};  [ac,be] < [€é1 — half, & + half]
5: N <« clip(24 half/s,, 128, 1024), raised to clip(N(2.5 — f), N, 4096) when f < 1; uy < kn/(be —

10:

11:
12:

13:

14:

15:

16:

17:
18:

ac), k=0,...,N—1
Umax < max{ E[vr] + 61/Var[vr], 2max(vo,n) } from the closed-form CIR moments
construct a uniform variance grid 0 = &y < - -+ < a1 = Vmax, refined until A < (7/4) 01/(|p12| tmax)
Phase 2 — One backward PDE solve shared across all Fourier modes and strikes.
set the terminal values Uy (&,,) < exp(iugpi2&m/o1) for all k,m, as in
assemble the finite-difference discretization of £ = k(n —v)0, + %0%1} Oy by central differences, with
a one-sided transport row at v = 0 and the Neumann ghost condition 9,V = iup12¥ /01 at vmax
recenter Im cgyw of @ along the mean path m(t) = n + (vo — n)e™ ", absorbing its time integral
into the prefactor while leaving Re cygw unchanged
for n=1to N; do

advance all modes {Wj}7 ' one Crank-Nicolson step in £+ diag carw (- ; u) by a single Thomas
sweep batched over k
end for
recover the characteristic-function values ¢(uy;T) from (L0), with W (vo) interpolated and the re-
centering integral restored
Phase 3 — COS valuation with out-of-the-money pricing and put—call parity.
VoM < COS call series on [0,b.], V% < COS put series on [a,,0], both from {¢(ug;T)} and
discounted by P(0,T)

otm
Vej KC(;{Q By =1,
D, +P(O,T)(F0—K]), Kj < Fy

Vi < Ve — P(0,T)(Fo — Kj)
return {V,;},{V,,;}

Appendix C. G-SVJD: development and pricing algorithm

This appendix presents the derivation of the G-SVJD conditional characteristic-function PDE of Propo-
sition [3| and records the final iteration pricing algorithm.

The G-SVJD dynamics are those of Section Define the following quantities:

1. the log-normal jump characteristic function ¢ ;(u) = exp(iup, — %uzoz);

2. the gauge function g(v) = v¥/?77/(0,(3/2 — p)), p # 2, satistying ¢'(v)o, 0P = /v;

3. the drift correction
1/2—p
F(v)z(r—q—)\mJ)—g———g(%—p)avvp_lm; (14)
4. the path functionals

T T
Ar = plg(or) — gluo)] + / Fo)ds,  Br= / vsds.
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Proposition 3 (G-SVJD CCF-PDE). Let
h(t,v;u) == E[exp(iuAT —tu?(1- pQ)BT) ‘ v = v} . (15)
Then h solves the one-dimensional backward parabolic equation
—0th = k(7 — v) Oph + 3020 Dyyh + c(viu) b, c(v;u) = uF(v) — 2u?(1 = p*)o, (16)

with terminal condition h(T,v;u) = exp(iupg(v)) and Rec < 0.
The characteristic function of log(St/So) is

o(u; T) = exp(—iupg(vo)) h(0, vo; u) exp(AT (¢ (u) — 1)). (17)

Proof. Let X =log(St/So) be the log-return. The jump contribution factors as exp(AT' (¢ s(u) — 1)), so

it suffices to treat the diffusive part of X. Write W = pZ 4+ /1 — p2 W+ with W+ independent of Z.
Integrating the log-return SDE,

1 /7 T T
X:(r—qf)\mJ)T—i/ vsds+p/ \/EdZS+\/1*p2/ \/@dWSJ‘
0 0 0

The W+ integral is, conditional on {v,}o<s<T, centered Gaussian with variance (1 — p?) fOT vsds. The

obstacle is fOT v/Us dZ,, driven by the same Brownian motion as the variance.
Applying 1t6’s formula to g(v;) along dv; = k(v — vy) dt + o,0F dZy,

dg(ve) = [ (v)k(P — ;) + 39" (vi)opvi?] dt + g (ve)owof dZe.

Since ¢'(v)o,v! = /vy, the stochastic term is /vy dZ;. Integrating,

/ Vs dZs = g(vr) — g(vo) — / (9 (v) k(7 = vs) + 39" (vs)osv2P] ds.
0 0

Substituting into X and collecting the deterministic drift into F(v) yields

T T T
X = plater) =gl + [ Pl ds+VI=7 [ Vmawt = ar+i=p2 [ ymawt.

0

Hence, conditional on {vs},
X | {'US} ~ N(AT, (]. —p2)BT).

The conditional characteristic function is therefore
E[exp(iuX) | {vs}] = exp(iudr — 3u*(1 — p*)Br).

Taking the outer expectation over the variance path defines h as in . By the Feynman—Kac theorem,
h satisfies the backward equation with terminal condition h(T,v;u) = exp(iupg(v)) and Rec =

—%uz(l — p?)v < 0. Extracting the prefactor exp(—iupg(vo)) from Az and restoring the jump factor

gives ¢(u; T) of (17). O

Two further aspects are specific to the power-law variance. First, the diffusion coefficient o2v?P in
degenerates as v | 0. The PDE is therefore solved in the Lamperti coordinate

=P

Uv(l _p)’

which transforms the state-dependent diffusion coefficient into a constant one and naturally concentrates
grid resolution near the origin, where the solution varies most rapidly. Second, the drift correction F'
of contains the factor v'/2=?_ which becomes singular at v = 0 when p > % This singularity is
handled by replacing F' at the first interior node by its average over the adjacent cell, while leaving the

interior discretization unchanged.

Y =
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Algorithm 2 G-SVJD European option pricing via the CCF-PDE of Proposition
Input: model parameters (k, 7,0y, D, p, A, tty, 0y ); market (So, vo, 7, ¢); maturity T'; strikes {K;}
Output: call and put prices {V, ;},{V,,}
Notation. L is the COS truncation multiple; N is the number of Fourier modes; M is the number of
variance cells; VY is the number of time steps per unit maturity and Ny the total number of time
steps; my = exp(py + 032//2) — 1 is the mean jump size; g, F, and v ; are as defined above.
Phase 1 — COS domain and Fourier modes.
L ¢« (r—q—m))T+ ATp, — 20T, &+ 0T+ AT (uy +02)
2w < L\/C +0.15v/T; [a,b] < [ — w, & + w], enlarged if necessary so that every log(K/Sy)
lies inside the interval with margin
3: up < kr/(b—a)for k=0,...,N—1
Phase 2 — One backward PDE solve shared across all Fourier modes and strikes.
4: construct a Lamperti grid, uniform in Y = v!=? /[0, (1 — p)] and mapped to variance nodes 0 = &y <
- < €N = Umax, With vpax chosen from the variance-process moments; this clusters nodes near
v = 0, where o,vP degenerates
5: set F' from , replacing its value at the first interior node by the cell average over [0,&; /2] to
regularize the v'/2~? singularity when p > %
6: set terminal data hy(&,,) < exp(iugp g(&m)) for all k,m, as in
7. assemble the finite-difference discretization of £ = k(7 — v)9, + 5031)21’8“, by non-uniform central
differences with constant-preserving boundaries, and add the source ¢(-;u) of
8: Ny « max{[NY"T1], 24}
9: forn =1 to N; do
10: advance all modes {hk}ff;ol one step in £L+diag ¢(-;uy) by a Thomas sweep batched over k, using
implicit Euler (Rannacher) for the first two steps and Crank—Nicolson thereafter
11: end for
12: recover the characteristic-function values ¢(ux; T) from (17), with hy(vo) interpolated
Phase 3 — COS valuation with put—call parity.
13: for each strike K;, compute V, ; from the COS call series, integrating the payoff from log(K;/So) to
b using {@(up; 7))}
14: V,, ; < Vo ; — Soexp(—¢T) + K, exp(—rT)
15: return {V,;},{V,,;}

Appendix D. Stress-test design and corner cases

This appendix complements by detailing the development of the stress-test parameter sets and the
placement of the corner cases.

Let p = (p1,...,pn) denote the free parameters exposed by the implementation interface, and let
p© denote the blueprint default. The two observables are the at-the-money implied volatility opy (T)
and the at-the-money skew

_ Oory
Sk(T) = 0log K |je_p’

each evaluated at the reference maturities 77 = 0.1 and Ty = 1.0. Writing O¥)(T,,,;p) for the (-th

observable, the sensitivity
o0W)
Op;

at p(© is computed numerically. Four target levels are prescribed,
oW € {050, 0.10}, O e {-2.0, 0.0},

for orv and Sk, respectively. For each parameter, maturity, and target, the candidate displacement is

ApemO) _ 0O — 0 (T,n; p”)
’ 20" (Tm§ p)/api |p(0)

Across all combinations, this procedure determines, for each parameter p;, a reachable extreme in
each direction, namely the smallest positive and the smallest negative displacement, both clamped to
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the admissible parameter range prescribed by the blueprint. The computed displacement determines
the direction and order of magnitude of the stress, while the value ultimately used is rounded to a
representative figure within that range so that the stress parameters appear as round numbers.

Each iteration stresses at most five parameters, selected as the most representative of the model
structure, retaining both extremes of each parameter and generating at most ten stress configurations.
Up to two documented abnormal regimes, such as violations of the Feller condition [24] in Heston-type
models, are then appended. Including the base configuration, a iteration therefore evaluates the base
case, up to ten stress configurations, and up to two abnormal regimes.

The corner cases consist of four isolated points placed outside the standard strike-maturity window,
each designed to isolate a single extreme rather than to form a maturity-by-strike corner. They comprise
the two extreme maturities

T =0.001 and T =5.0,

evaluated at the money, where the price remains well defined while the time discretization and cosine
truncation are under the greatest strain, together with the deep-strike pair

(T,log(K/F)) = (0.5,+0.4),

evaluated at a representative maturity and lying outside the standard moneyness grid.
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