strategynet.ai:Volt

Pricing and Risk Analytics with Volt
Applications, APIs and CPU/GPU Execution

research@strategynet.ai

October 2026 — Tutorial and implementation report

Abstract

An options book can contain thousands of contracts whose values and hedge requirements change with each market update.
A risk application needs to connect those observations to contract prices, portfolio exposures and the effects of possible stock
or volatility moves. Volt provides batch valuation and sensitivity APIs, a quote-to-surface risk service and a persistent learner
interface for hedging applications. We follow a small call-and-put book through those tools, explain the units returned by each
calculation, and show how automatic differentiation and CPU/GPU execution support larger workloads. On an RTX 4090
test system, valuing 65,536 rows already held on the device takes 0.67 milliseconds on CUDA and 1.75 on CPU; a complete
first-order Greek report with spot gamma takes 27.66 milliseconds on CUDA and 24.24 on CPU. The resident valuation benefits
from CUDA; the complete Greek request runs faster on CPU at this size. Independent numerical controls cover Black—Scholes,
shared-factor sensitivities, Monte Carlo estimators and Heston pricing.
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1 Pricing and risk in an application

Consider a desk holding calls and puts on a stock. A new mar-
ket observation changes the estimated value of those contracts and
the positions needed to hedge them. The desk wants both numbers
quickly. It also needs to understand what caused the change: a
move in the stock price, a change in volatility, the passage of time,
or a change in the model’s assumptions.

For a call with delta 0.55, a one-unit stock rise increases its value
by about 0.55 per underlying unit. A trader who has sold the call
can buy 0.55 shares to offset that first-order exposure. As the stock

moves, delta changes; gamma measures that response. Vega de-
scribes the change in option value as the assumed volatility moves.
These sensitivities form the book’s Greeks.

For 256 risk inputs, central differences require 512 portfolio
repricings: one upward and one downward move for each input.
Every added contract then adds work to each of those repricings.
Automatic differentiation shares the price calculation across its in-
put sensitivities, while a GPU can evaluate many contract rows in
parallel. Volt exposes these calculations through interfaces that a
batch process, a risk panel or a hedging application can call.

Figure 1 shows how the application request reaches its financial and numerical calculation, and where the resulting tensors live.
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Figure 1: Volt connects the financial request to its numerical route. Burn manages tensors and derivatives; CubeCL supplies GPU
execution. CPU data uses host RAM, Apple Metal resources use shared system RAM, and CUDA tensors use GPU memory. Completed

portfolio results are published through Hypercube.

2 The request and result APIs

The application submits a contract book and an as-of market snap-
shot. The book supplies contract identity, signed quantity and mul-
tiplier; the snapshot supplies the underlying price, volatility, rates,
dividend yield and observation time. The VoltValuationRequest
interface checks those records and projects supported contracts into
the numerical calculation [11]. The current valuation adapter ac-
cepts unexpired European calls and puts. Their exercise and settle-
ment records remain attached to the contract.

Applications can use the native library calls or the supplied
command-line runners. A valuation result contains contract marks
and an aggregated book value. The sensitivity API adds delta,
vega, rho, calendar theta and dividend-yield sensitivity; callers can
request spot gamma as well. Per-contract outputs retain the in-
put row identity, and the portfolio calculation applies the original
signed quantities and multipliers. This lets a risk panel trace a large
exposure back to its contributing positions.

Application Supplied calculation

Batch risk Contract values, Greeks and signed
portfolio totals

Scenario Revaluation under supported stock and

analysis volatility changes

Quote-implied volatilities, fitted surface,
book Greeks and scenarios

Live option
view
Hedge learning  Continuous holdings, financed cash

flows, terminal risk and policy updates

For an overnight risk report, the sensitivity runner can read a
canonical portfolio request and write a summary together with one
result per row:

aad_bench --volt-input book.json \
--device cpu --precision f64 --gamma \
--output risk.json \
--greeks-output rows.jsonl

The same input can be submitted to a GPU-enabled build with
the chosen device and precision. A planning request checks the
calculation and estimates its working memory before opening the
device. Larger books can be processed in chunks while retaining
ordered contract results and stable portfolio sums.

The live option service accepts a complete quote-and-position
frame through POST /api/quotes. It calculates bid, midpoint and
ask implied volatilities, fits a surface, updates the book’s Greeks
and revalues declared spot and volatility scenarios. A caller can
read the latest result through GET /api/snapshot or subscribe to
updates through GET /api/stream. Hypercube publishes the asso-
ciated risk snapshot, which the web and terminal viewers consume.
The current live analytics route runs on CPUj; the tensor pricing and
AAD interfaces provide the separate CPU/GPU calculation route
shown in Figure 1.

A hedging application can also train a policy from complete sce-
nario batches. Jormungandr provides the control API, while an
optional persistent Volt/Burn worker retains the policy, optimizer
and scenario tensors [12]. The policy chooses stock and option hold-
ings. The worker carries those holdings through transaction costs,
cash funding, dividend income and terminal liquidation, then differ-
entiates the final risk objective with respect to the policy weights.
Each update has an expected model version, and registered dataset
partitions keep training, validation and test ranges separate. This
learner interface supports the existing continuous MLP policy with
previous-holdings feedback. The companion hedging article devel-
ops the learning problem and its experimental evidence.

3 Contract values and portfolio exposure

A FEuropean call gives its holder the right to buy at the agreed
strike on expiry; a put gives the right to sell. Their expiry payoffs
are (Sp — K)* and (K — S7)™, where z+ = max(z,0). A pricing
model estimates the current value of one option per underlying unit.
The book tells us how many units are owned. For contract i, write
its model price as C}, signed quantity as n;, and contract multiplier
as m;. The position weight is w; = n;m;, giving portfolio value

N
V= sz‘Ci-
i=1

That same weight applies to each of the contract’s per-unit Greeks.
A short position contributes a negative weight. Its contract still
describes the same payoff; the sign records which side of that payoff
the book owns.

Take a European call and put on the same stock with

(1)

S=K=100, T=05 o=020, r=0.03 g=0.0l.
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Here S is spot, K the strike, T the remaining years, o annual volatil-
ity, r the continuously compounded rate and ¢ the dividend yield.
The example portfolio holds ten calls and is short four puts, each
with multiplier 100. The Black—Scholes formula gives

Per underlying unit Call Put
Price 6.090127 5.100073
Delta 0.553457  —0.441555
Vega per unit o 27.789495  27.789495
Gamma 0.0277895  0.0277895

The weights are 1000 and —400, so

V = 1000C — 400P = 4050.097918,
Ay = 1000A¢ — 400A p = 730.079337,
vy = 600 X 27.789495 = 16673.696849,
I'v = 600 x 0.0277895 = 16.673697.

10 calls x 100 —4 puts x 100
weo = 1000 wp = —400

Value = 1000C — 400P
Delta = 1000Ac — 400Ap

Figure 2: Quantities and multipliers give signed underlying units.
The same weights carry each contract’s price and Greeks into the
portfolio.

A volatility move from 20% to 21% is a change of 0.01 in o, mak-
ing the first-order vega effect about 166.737 currency units. For a
one-unit spot rise, delta and gamma give

AV = AyAS + 4Dy (AS)? = 738.416185.

In this calculation we hold volatility and the other model inputs
fixed. A surface that moves with spot defines a further sensitivity,
developed in the companion article on live option risk.

Rho is OV/dr, so a one-basis-point rate move multiplies it by
10~%. Calendar theta is —9V/OT, because remaining time falls as
the calendar advances. The adapter uses Actual/365 Fixed for ma-
turity; its one-day linear theta approximation divides the annual
value by 365. A book spanning several currencies would also need
an explicit FX conversion rule before aggregation.

4 Automatic differentiation for Greeks

The Black—Scholes price of a European call is

C =8e"1Td(d)) — Ke "Td(dy), (2)
5 _ 08(S/K) + (r—q+0%/2)T

1 U\/T ?
do=dy —oVT.

The normal cumulative distribution is ®, with density ¢. The put
follows from P = C' — Se~ T + Ke~"T [1]. For positive spot, strike,
maturity and volatility, we can differentiate through the logarithm,
square root, exponentials and normal probabilities.

Automatic differentiation applies the chain rule to these opera-
tions as the program runs [2]. Reverse mode starts from the final
scalar and works back through the intermediate values. The sensi-
tivity of the result to an intermediate value is called its adjoint. If
z = f(z,y) and its adjoint is Z, the local reverse step adds

z +=Zfs, Yy += ny.
The additions allow an input used in several places to receive every
contribution. For example, with a =log S, b = a? and V = wb, the
reverse calculation starts at V = 1 and gives
b=w, a = 2ab, S=a/S.

A larger pricing program repeats these same small steps. It retains
or recomputes the intermediate values needed by each derivative
rule, which explains the additional memory used during a reverse
calculation.

For Black—Scholes the independent checks include

e~ 1T g(d1)
SovT '

We compare each computed Black—Scholes Greek with these ana-
lytic formulas, which establish its units and provide an independent
accuracy check. When a pricing program contains more steps, we
can apply the same local derivative rules throughout that program.
Giles and Glasserman develop this approach for Monte Carlo risk [3].

For stocks exposed to common market factors, let z; be a log-
price shock and B;; its loading on asset i. Define

Ac = e_qT@(dl), vo = SE_qT¢(d1)ﬁ, I'c =

D
Si(x) = Sio exp ZBijzj ,
j=1

Vi(z) = sz-Ci(Si(I))- ®3)

Reversing that calculation gives all the factor sensitivities:

ov

3
A unit loading with x; = 0.01 produces approximately a 1% spot
move. The loadings describe this risk experiment; a statistical sce-
nario model would also supply a distribution for the factors and
their dependence.

[ Factor shocks = }H

'

Asset spots Sp exp(Bx) }

[ Option prices C; }
{ Portfolio value >, w;C; J—
Figure 3: The forward calculation builds one portfolio value. The
reverse calculation follows its dependence on every factor.

—

Reverse sensitivities

Central differences would reprice the book at x+he; and = — he; for
each factor, requiring 2D prices. Reverse mode shares the pricing
work across all D derivatives. Forming the dense projection Bz and
its reverse still costs on the order of ND, and the program returns D
results. This is the useful computational saving: expensive pricing
work is reused across its inputs.

For Black—Scholes spot gamma, Volt carries three values through
each operation: its value, first derivative and second derivative in
the spot direction. Seeding spot with (S,1,0) and constants with
(¢,0,0) gives, for example,

(f9)" = f"g+2f'g’ +fg",  (ogf)' =f"/f—(f/5)>

Applying these rules through Equation (2) gives spot gamma di-
rectly. A change of coordinates adds its own curvature. In a one-
factor log-price experiment, the corresponding second derivative is

0%V 9 o
ﬁ = Z’wle (FiSi =+ Azsz)

1
The delta term follows from differentiating the exponential spot map
twice.

A simulated payoff raises a different issue. Under risk-neutral
geometric Brownian motion (GBM), a call price is the discounted
expectation of (S — K)T, with

ST:SeXp<(T—q—%U2)T+UﬁZ), Z ~ N(0,1).
For each sampled path, the first derivative propagates through St
and the payoff. The payoft’s slope changes at the strike, however,
and its indicator is constant on either side. A second pathwise dif-
ferentiation misses the probability mass crossing that strike as spot
changes.

We account for that movement with a likelihood-ratio estimator,
which weights each discounted payoff by

zZ2 -1 Z

Wr(Z) = T T SreuT

()
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This estimates the second derivative of the expected price [4]. Its
sampling error is measured alongside the estimate. When using
paired normal draws (Z, —Z), each pair supplies one independent
observation. For a portfolio, common draws also preserve covariance
between its estimated position risks. A multi-asset market model
supplies the economic dependence between assets.

5 GPU execution and memory

The implementation uses Burn for tensors and automatic differen-
tiation, and CubeCL for accelerator execution [7, 8]. A tensor is
an array with a shape, a number format and an execution device.
These choices are explicit in a Volt session. The CPU path supports
32-bit and 64-bit floating point (f32 and {64), Metal supports the
tested 32 path, and CUDA supports both. The session checks the
requested combination before executing it.

Hypercube handles the publication side of the live application. It
groups calculated prices and risks with their observation times and
portfolio version into a coherent snapshot. The current live surface
application calculates its I'Vs, fitted surface and Greeks through the
CPU analytics route. Batched pricing and AAD requests use Burn’s
tensor route, which can select CPU or GPU execution. Figure 1
shows where those routes sit in the application.

An application array is packed into the selected number format
and uploaded into a device tensor. Kernel operations then use those
tensors, and a readback returns the requested results to the host.
Matrix shape is part of the request: an m X k array multiplied by a
k X n array produces an m X n result. Rectangular and odd-sized
fixtures exercise the layouts and partially filled work tiles that arise
in larger financial calculations.

On Apple Silicon, CPU and GPU share physical memory. Metal
still assigns a storage mode to each resource and coordinates ac-
cess to it [9]. The current tensor API handles that allocation and
upload. The application retains its host inputs while the runtime
manages the device resources. A discrete NVIDIA GPU adds a
transfer between host memory and device memory. Reusing inputs
on the device spreads this exchange cost over more calculations [10].
That reuse is called residency.

For one request, the elapsed time has several parts:

tjob = tsetup + tpack + tupload ~+ Lcalculation

+ tsynchronization + treadback taggregation-

The first request may also initialize a device context and compile
kernels. Enqueuing GPU work can return while the device is still
calculating, so a completed-work timing includes the required syn-
chronization.

Volt’s persistent valuation route uploads its inputs once and can
apply supported uniform spot changes on the device. Each current
AAD request builds its own derivative graph. These routes there-
fore have different reuse and storage costs, even when they start
from the same option rows. The measurements below show the con-
sequence: resident valuation benefits from CUDA at a tested size
where a complete price-and-Greeks request remains faster on CPU.

For the current £32 first-order AAD workload, the memory plan-
ner allows 256 scalar graph slots, 512 bytes of staging and 48 bytes
of returned values per row. At 65,536 rows these terms are 64 MiB,
32 MiB and 3 MiB, totaling 99 MiB before the other declared re-
serves and headroom. The graph term becomes 128 MiB at {64;
a gamma calculation receives its own additional allowance. These
estimates let the planner choose a batch size before allocating the
work.

If that work exceeds the allowance, the calculation can proceed
in row chunks. A portfolio sum combines the chunks in source order,
and the shared-factor example combines each chunk’s D-component
gradient in the same way. Smaller chunks reduce live memory and
repeat more setup, calculation and readback work. We measured
this tradeoff directly: for 1,024 positions and 256 factors on an Ap-
ple M3 using Metal £32, increasing the chunk from 32 to 1,024 rows
raised sampled live allocation from about 38 KB to 1.10 MB while
reducing elapsed time from roughly 112 ms to 6.1 ms. The aggre-
gate gradient passed the same accuracy checks. These observations
came from a host running other work.

The 99 MiB allowance above estimates array storage and deriva-
tive workspace. Allocator samples measure storage at a particular
point during execution; process memory also includes host and run-
time state. Caller-owned market data, compiler storage and other
applications enter the deployment’s memory plan separately.

6 Heston pricing and numerical validation

Heston models variance as a process that evolves alongside the stock
price [5]:

dS; = (r — q)Se dt + \/v: St AW,
dvy = k(9 — vt) dt + E/ve AW,
d(WS, W¥Y = pdt.

Variance v¢ returns towards its long-run level ¢ at speed k. The
parameter £ controls its random fluctuations, while p links those
fluctuations to stock moves through the two Brownian drivers W5
and W". The model’s characteristic function, the expectation of a
complex exponential of log price, lets us calculate European option
values through Fourier integrals.

The GPU evaluates those integrals on a fixed numerical grid. A
Black—Scholes control variate improves the arithmetic: we add its
known price and integrate the difference between the two character-
istic functions. Heston’s dynamics continue to determine the result.
Differentiating this calculation supplies sensitivities to the pricing
inputs and variance parameters; Fourier spot derivatives also supply
gamma.

Heston’s initial variance is vg, so Cy, measures price per variance
unit. If we choose to express vg = 0'3, the chain rule gives

oC

?‘0 =200Cy-
The companion hedging paper uses these model sensitivities to con-
struct its stock and variance-instrument comparison strategy.

Analytic Black—Scholes Greeks test the smooth pricing graph.
Central repricing and the analytic factor expression in Equation (4)
verify shared-factor sensitivities. Monte Carlo estimates are com-
pared with analytic prices and Greeks using their sampling uncer-
tainty. Heston has a separate CPU-f64 reference that adds inte-
gration points where the estimated error is larger, with explicit
evaluation limits and a tail estimate within its stated parameter
domain [6].

In central differences, a smaller bump reduces truncation er-
ror but increases subtraction roundoff, whose contribution scales
roughly as €|V|/h. We compare several bumps. For a Fourier in-
tegral, extra nodes improve accuracy within the chosen interval;
extending the cutoff includes more of the tail and introduces more
oscillations to resolve. We vary node count and cutoff separately.
This is particularly useful near zero variance and short maturity,
where the tail can be demanding.

An {64 derivative rule used a lower-precision reciprocal within
the normal-CDF calculation. Direct Greek checks exposed the er-
ror, and expressing the constant operation through its reciprocal
restored the expected accuracy. On CUDA, native special functions
through the C++ backend and NVIDIA’s runtime CUDA compiler
(NVRTC) supplied the precision required by these checks.

Dense matrix fixtures exposed reduced-precision multiplication
in the selected CUDA route, despite the arrays being stored as f32.
The supported CUDA matrix route uses strict multiplication, and
small differentiable policy layers use bounded products and reduc-
tions. For portfolio totals, ordered compensated {64 sums preserve
small residual exposures when large positive and negative positions
nearly offset.

The numerical checks cover prices, first derivatives, spot gamma
and shared factor sensitivities on the supported CPU, Metal and
CUDA routes. Each route is checked against the corresponding in-
dependent formula, numerical reference or statistical estimate. The
shared-factor checks cover 256 positions with 1, 4, 16, 64 and 256 in-
puts, using both analytic derivatives and central repricing. The sup-
ported precision is explicit: Metal uses 32, while CPU and CUDA
provide f32 and f64.

7 American and Bermudan option requests

Early exercise adds a decision to valuation. A holder compares im-
mediate exercise proceeds with the value of continuing to hold the
contract. Bermudan options permit that comparison on specified
dates; American options permit it throughout the exercise interval.
Cash dividends also change the stock price and the relative value of
exercising before the payment.

Volt exposes this calculation through the exercise_pricer
command and the library functions price, price_and_greeks,
implied_volatility and price_batch in exercise_pricing. The
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request includes dated exercise rights, spot, strike, volatility, contin-
uously compounded interest, continuous dividend yield and explicit
cash dividends. Values and Greeks are per underlying unit; position
quantities and contract multipliers enter portfolio aggregation.

A nonuniform stock-price grid concentrates points near strike.
The calculation uses finite-difference rollback and policy iteration
for the American exercise condition, with explicit treatment of the
dated events. Twelve reference checks cover converged tree and
QuantLib comparisons, grid and bump behaviour, exercise timing,
dividend events and implied-volatility identification. Theta at an
exact Bermudan opportunity has a separate event-time convention
and may be unavailable in the returned result. The request diag-
nostics report the numerical grid and exercise calculation.

This CPU double-precision reference extends the pricing tools
available to an application. Its measured costs and refinement
checks accompany the request. The GPU timings below describe
their stated workloads; exercise-aware rollback has its own execu-
tion route and workload.

8 Choosing an execution route

We measured the supplied calculation tools on a system with
an NVIDIA RTX 4090 and an AMD Ryzen Threadripper PRO
7985WX processor running Linux [11]. The CPU results use one
worker. The machine was under low load during this measurement
series, and warm timings follow device initialization. GPU timings
include the synchronization needed to complete the requested cal-
culation.

For matrix multiplication, input hashing and independent valida-
tion are measured separately. The complete Greeks request includes
setup, transfer, differentiation, gamma, readback and aggregation;
its analytic validation follows the timed calculation. The largest

matrix uses structured inputs with a closed-form reference answer,
while the device performs the full dense multiplication. The smaller
matrices use independent dense inputs.

Warm workload Time in milliseconds

CPU CUDA
Matrix 643, 32 0.00493 0.04196
Matrix 2563, £32 0.23943 0.06656
Matrix 102437 f64 35.02391 7.11147
Resident valuation, 4096 rows, 32 0.11275 0.41250
Resident valuation, 65536 rows, £32 1.74625 0.67028
Price, first Greeks and gamma, 24.24139 27.66377

65536 rows, 32

Table 1: Selected measured medians under the stated execution
contract. One millisecond (ms) is 0.001 second. The last row uses
a requested chunk cap of 65,536 on both backends. The matrix,
resident-valuation and complete-Greeks rows each retain their
timing scope.

CPU handles the small matrix and the small resident valuation
faster. CUDA is faster at the larger displayed sizes, including about
a 2.6-fold advantage for the 65,536-row resident valuation. The full
Greeks request takes 24.24 ms on CPU and 27.66 ms on CUDA.
The table therefore supports choosing execution by request type
and data reuse. An application can keep CPU as its default for a
modest complete Greek report and choose the GPU for a measured
larger resident workload.
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