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Abstract

When governments, corporations, municipalities, or other public institutions require medium- or
long-term funding, they frequently issue bonds to investors. This paper studies parameter cali-
bration for the Vasicek short-rate model and the pricing implications of recovered parameters for
zero-coupon bonds. The theory is stated under the risk-neutral measure, while the physical-to-
risk-neutral mapping is summarized explicitly to avoid ambiguity in the pricing drift. A spline-
based Kolmogorov-Arnold Network (KAN) is compared with exact maximum likelihood estima-
tion (EMLE), Euler-Maruyama maximum likelihood estimation (EMMLE), a quadratic-variation-
initialized two-stage likelihood baseline (QV-2S), and a multilayer perceptron (MLP). The training
corpus contains 1.2 million independent synthetic Vasicek paths, and the common out-of-sample
test set contains 10,000 additional paths. KAN obtains the lowest overall root mean squared error
(RMSE) for the long-run mean, volatility, and mean-reversion speed, although its advantage over
the MLP is small. Downstream results are metric-dependent: KAN achieves the lowest aggregate
zero-coupon price RMSE, whereas the MLP achieves a slightly lower aggregate yield RMSE. Paired
path-level bootstrap intervals confirm KAN’s price-RMSE advantage over all comparators, but also
confirm the MLP’s small yield-RMSE advantage over KAN. The findings therefore support super-
vised amortized parameter recovery in this in-distribution synthetic design, but do not establish that
KAN uniformly dominates either likelihood estimation or a conventional neural network.
Keywords: Vasicek model, affine term structures, Kolmogorov-Arnold Networks, synthetic calibra-
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1. INTRODUCTION

When governments, corporations, municipalities,
or other public institutions require medium- or
long-term funding, they frequently issue bonds to
investors. The prices of such instruments depend
on promised cash flows and on the evolution of
prevailing interest rates. In the special case of
a zero-coupon bond, the holder receives a single
payment at maturity, which makes the instrument
a natural starting point for term-structure mod-
eling (Vasicek, 1977; Brigo & Mercurio, 2006).
Bond prices and yields are linked by an exponen-
tial identity, so the short end of the curve is funda-
mental for fixed-income valuation. The short rate
is defined from the local maturity behavior of the
term structure and, under no-arbitrage arguments,
the specification of short-rate dynamics under
the risk-neutral measure determines zero-coupon

prices (Vasicek, 1977; Duffie & Kan, 1996; Brigo
& Mercurio, 2006).

The Vasicek model is the canonical Gaus-
sian short-rate model (Vasicek, 1977). Its an-
alytical tractability makes it useful for illustrat-
ing affine pricing logic and for studying how
parameter-estimation error propagates into bond-
pricing implications (Brigo & Mercurio, 2006).
Implementation nevertheless requires recovery of
the structural parameters governing mean rever-
sion, the long-run level, and volatility. Clas-
sical approaches include exact likelihood esti-
mation, discretization-based likelihood methods,
and realized-volatility-style procedures for diffu-
sion models (Kloeden & Platen, 1992; Yoshida,
1992; Phillips & Yu, 2009; Barndorff-Nielsen &
Shephard, 2002; Ait-Sahalia, 2002). In parallel,
Kolmogorov-Arnold Networks (KANs) have re-
cently been proposed as spline-based learning ar-
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chitectures that approximate nonlinear maps with
learnable univariate functions on network edges
(Liu et al., 2024; Bodner et al., 2024).

The objective of this paper is threefold.
First, it states the Vasicek zero-coupon pricing
framework under risk-neutral parameters and il-
lustrates price and yield sensitivity. Second, it
evaluates whether a spline-based KAN can re-
cover Vasicek parameters from engineered path
features under a controlled synthetic design.
Third, it examines how parameter-recovery errors
propagate into model-implied zero-coupon prices
and yields. EMLE, EMMLE, and QV-2S provide
model-based benchmarks, while a matched-width
MLP distinguishes a possible KAN-specific gain
from the broader effect of supervised amortized
estimation.

We do not claim that KAN replaces ex-
act likelihood estimation when the Vasicek tran-
sition density is known. Instead, we evaluate
whether a feature-based KAN can learn an amor-
tized inverse map from simulated short-rate paths
to risk-neutral Vasicek parameters under a con-
trolled synthetic prior. The evidence is inter-
preted jointly across parameter, price, and yield
metrics because our experiment does not identify
one method as uniformly best.

The remainder of the paper is organized as
follows. Section 2 presents the Vasicek bond-
pricing framework and pricing sensitivities. Sec-
tion 3 summarizes the benchmark recovery pro-
cedures. Section 4 presents the experimental de-
sign and results. Section 5 concludes and identi-
fies the limitations of the synthetic evidence.

2. VASICEK MODEL AND PRICING
IMPLICATIONS

For a zero-coupon bond maturing at time 7', let
P(¢,T) denote its time-# price and let R(z,T) de-
note the continuously compounded spot rate. The
zero-coupon bond price is

P(t,T):exp[—(T—t)R(t,T)], (D

and the short rate is

: )
ry —AlggnOR(t,t+At) =— ﬁlnP(I,T) L (2)

Under the risk-neutral measure QQ, the Va-
sicek short rate follows the Gaussian mean-
reverting diffusion (Vasicek, 1977; Brigo & Mer-

curio, 2006)

dr; = k(0 —r;)dt + cdW,°, o >0.
3)

For a zero-coupon bond, the pricing partial differ-

ential equation is

k>0,

QP(1,T) + k(8 —1,)d, P(t,T)

1
+ 5cyzamp(z, T)—rP(t,T)=0, (4

P(T,T)=1.

Affine short-rate models admit the

exponential-affine representation (Duffie &
Kan, 1996; Brigo & Mercurio, 2006)

=T —t.
)

P(1,T) = exp[A(7) — B(T)r],
Substitution into the pricing equation gives

B'(t) =1-«kB(7), B(0)=0, (6)

1
AKQ::—KOBuy+§G%Kﬂ% A(0) =0.
@)
The closed-form solution is
1—e %7
B(t)= ———
(0= ®)

o2 o2

AT) = <9 - 2;@) [B(t) — 1] — RB(’L’)Z. ©)

The continuously compounded yield is therefore

1 A B
y(taT) = —;hlP(t,T) = _i:r)_'_(r)rt
(10)
AS T — oo,
1 B(7)
B P - 11
(T) - K’ T _>0’ ( )
and hence
o2
yo = limy(t,T)=0-55.  (12)

The economically relevant long-maturity restric-
tion concerns the sign of y.. When y. > 0,
the zero-coupon bond price decays toward zero
with maturity. When y. < 0, the Gaussian
Vasicek model implies a non-positive long-end
yield, which may be economically implausible
unless a negative-rate regime is intentionally al-
lowed (Vasicek, 1977; Brigo & Mercurio, 2006).

P-ISSN (2958-8456) E-ISSN (2958-8464)

208



Zorig Melong: A Technical Journal of Science, Engineering and Technology

Vol. 9 Issue 1 (2026)

-—- 0=4%

o
L

v
i

IS

Short rate (%)
w
1

N
L

-
L

o

T T T T T T
0.0 0.2 0.4 0.6 0.8 1.0
Time (years)

Fig. 1: Simulated Vasicek short-rate paths for
0 =4%,0 =15%, k=0.5, and ro = 3%.

For fixed maturity T > 0, bond prices are
strictly decreasing in the current short rate be-
cause

dP(t,T)
art

If the model is first written under the phys-
ical measure P, a market-price-of-risk specifica-
tion is required to recover the pricing drift. Under
a constant market price of risk A, one convenient
formulation is

dr, = kp(0p — r;)dt + cdWF, (14)

0g = Op — G—A. (15)
Kp
In the pricing formulas above, 6 denotes the
risk-neutral long-run mean. This separation mat-
ters because historical-path estimation and risk-
neutral pricing are not interchangeable without an
explicit bridge between [P and QQ (Vasicek, 1977;
Duffie & Kan, 1996; Brigo & Mercurio, 2006).
Figures 1 and 2 illustrate mean reversion and
the exact Gaussian transition. Figures 3—6 show
zero-coupon price sensitivities. Figures 7 and 8
show a representative yield curve and its evolu-
tion with the observed state.

3. BENCHMARK RISK-NEUTRAL
PARAMETER-RECOVERY

= —B(1)P(t,T) <0.  (13)

AW = awF + Adt,

Simulated terminal rates
= Exact Gaussian transition

Terminal short rate (%)

Fig. 2: Empirical distribution of simulated terminal
short rates and the corresponding exact Gaussian
transition density.
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Fig. 3: Sensitivity of zero-coupon bond prices to the
risk-neutral long-run mean 6.
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Fig. 4: Sensitivity of zero-coupon bond prices to
volatility ©.

3.1 Exact Maximum Likelihood Estimation

PROCEDURES

o EMLE provides a natural benchmark because the
The short rate is snpulated under Q a1.1d observ.ed Vasicek transition density is Gaussian in closed
at equally spaced times #, 11, ..., 1, With step size g5 (Vasicek, 1977; Yoshida, 1992; Ait-Sahalia,
Ar. Let 2002). For A = Ar

99 =(6%0,xY) (16) .
. o~ Q

denote the risk-neutral parameter vector. The ob- Fivt | i~ N(mi7,v=), a7
jective is to recover ¢@ from a simulated short- where
rate path and assess how the estimates propagate
into zero-coupon pricing. mi@ =094 (r;— QQ)e_K@A, (18)
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Fig. 5: Sensitivity of zero-coupon bond prices to
mean-reversion speed K.
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Fig. 7: Sample Vasicek term structure at a fixed

observation time. The dashed line is the asymptotic
yield.

and
0_©

VT k0

(1 —e_ZKQA>. (19)
Conditioning on ry, the exact log-likelihood is

n n
lex (0% | r) = — 5 In(27) - 51an

1 n—1 2
- m Z (r[+1 —mi@) . (20)
i=0
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Fig. 8: Evolution of the Vasicek term structure as the
observed short rate changes along a simulated path.

This objective is maximized numerically over
x¥? > 0 and o > 0. Since the exact transition law
is used, EMLE does not incur time-discretization
error when the data-generating process is cor-
rectly specified.

3.2 Euler-Maruyama Maximum Likelihood
Estimation

EMMLE replaces the exact transition with
the Euler-Maruyama discretization (Kloeden &
Platen, 1992):

Tigl =1+ KQ(GQ — }",‘)A

(21
+oVAg,  &~N(0,1).

The corresponding Gaussian

likelihood is

pseudo-log-

lem(0% | r) = — gln(27r62A)

2
1 "21 Fig1 —Ti

20°A 5 | - k%09 —r)A|
(22)

The Euler objective is easy to evaluate, but its ac-
curacy depends on the sampling interval because
it is based on a first-order discretization (Kloeden
& Platen, 1992; Ait-Sahalia, 2002).

3.3 Quadratic-Variation-Initialized
Two-Stage Likelihood

QV-28S is a simplified two-stage baseline in which
a quadratic-variation proxy supplies an initial
volatility scale and the remaining parameters are
refined by exact-likelihood optimization. It is il-
lustrative rather than a state-of-the-art realized-
volatility estimator because its first stage omits
the bias corrections of more advanced procedures
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(Phillips & Yu, 2009; Barndorff-Nielsen & Shep-
hard, 2002).
Let T = nA. The discrete quadratic variation
is
n—1

oVr =Y (rip1—ri), (23)
i=0
which gives
~ oV,
6oy = TT (24)

For sufficiently fine grids, QVy approximates
o’T. At finite sampling frequencies, however,
this quantity is only an initializer because mean
reversion and coarse observation can distort the
approximation. The second stage maximizes the
same exact likelihood used by EMLE, initialized
at ogy. Consequently, any numerical difference
between EMLE and QV-2S is an initialization
and local-optimization effect rather than a differ-
ence in the statistical objective.

4. EXPERIMENTAL DESIGN AND
RESULTS

4.1 Synthetic Data Simulation

The synthetic benchmark contains 1.2 million in-
dependent Vasicek paths simulated under QQ using
the exact Gaussian transition on a daily grid with
At = 1/252 over one year. Parameters are sam-
pled independently from
6%~ U[-1.0,1.0), o~ U[0.005,0.03],
(25)
ro ~ U[—0.05,0.10].
(26)
The corpus is split into 80% training and 20%
validation paths. A further 10,000 independently
simulated paths from the same design are re-
served for testing. These ranges constitute a de-
liberately broad stress-test domain rather than a
realistic market prior. The results therefore mea-
sure in-distribution synthetic recovery and do not
establish robustness to distribution shift or empir-
ical realism.

4.2 KAN and MLP Architecture and Inputs

k% ~ U]0.05,1.00],

KANs replace fixed scalar edge weights with
learnable univariate spline functions (Liu et al.,
2024; Bodner et al., 2024). The KAN has two
hidden layers of widths 32 and 16, cubic B-spline
edge functions, grid size 8, and a three-node out-
put layer. Each path is summarized by 12 fea-
tures: sample mean, sample standard deviation,

lag-1 autocorrelation, minimum, maximum, ini-
tial level, terminal level, mean increment, stan-
dard deviation of increments, skewness, excess
kurtosis, and an autocorrelation-based half-life
Proxy.

Input features are standardized using the
training-set mean and standard deviation only;
the fitted scaling is applied unchanged to valida-
tion and test observations. The transformed learn-
ing target is

2= (0%, logo,log k?), (27)

and the predictions are mapped back through

—

o =exp(logo), k0= exp(lo/gF@). (28)

No clipping based on the true test-domain param-
eters is applied.
__ Forscaled targets z; and network predictions
Zi, the training loss is
N 2

z-yype-sl @
The KAN is trained with Adam, learning rate
1073, batch size 512, weight decay 107, and 50
epochs. The master random seed is 42.

The MLP uses the same 12 features, split,
standardization, transformed targets, loss, opti-
mizer, learning rate, batch size, weight decay, and
number of epochs. It has hidden widths 32 and
16 with ReL.U activations and a three-node output
layer. Equal widths do not imply equal capacity:
the spline coefficients on every KAN edge result
in 11,379 trainable parameters, whereas the MLP
has 995. Thus, the MLP is a matched-width su-
pervised baseline rather than a parameter-count-
matched baseline.

4.3 Numerical Optimization Details

For the likelihood estimators, the negative log-
likelihood is minimized on the transformed scale

Ny =logk.

(30)
The initial value for 0 is the sample mean. The
initial volatility is

v =(0,M6,MNx), Ne = logo,

sd(rit1—r)

VA
except for QV-2S, which uses the quadratic-
variation initializer. When the lag-1 sample auto-

oy = €19
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Table. 1: Convergence and admissibility diagnostics

Method Paths Conv. Admiss. Med. iter.
EMLE 10,000  1.000 1.000 15
EMMLE 10,000 1.000 1.000 15
QV-2S 10,000  1.000 1.000 16
KAN 10,000  1.000 1.000 -
MLP 10,000  1.000 1.000 -

Note: Median iterations apply only to the likelihood estima-
tors. KAN and MLP were trained for 50 epochs.

correlation satisfies 0 < p; < 1, the initial mean-
reversion speed is
_logp:

Ko = A (32)

otherwise, it is set to the midpoint of the simula-
tion interval.

Optimization uses L-BFGS-B with at most
1,000 iterations and tolerance 108, To main-
tain comparability with the supervised estimators
trained on the synthetic domain, the likelihood es-
timates are bounded by

0c[-1,1, o €[0.005,0.03],
K € [0.05,1.00].

(33)

No test information is used in estimation. All five
methods are evaluated on the same 10,000 paths.

4.4 Convergence and Evaluation
Completeness

Table 1 reports complete numerical coverage.
Every method returns an admissible estimate for
every test path. The likelihood procedures report
100% convergence, with median iteration counts
of 15-16. KAN and MLP are both evaluated after
the specified 50 training epochs.

4.5 Parameter-Recovery Results

Table 2 and Fig. 9 report parameter RMSE. KAN
obtains the lowest RMSE for all three parame-
ters: 0.1653 for 6, 0.00081 for o, and 0.2058 for
k. The MLP is nearly indistinguishable for 8 and
x, with RMSE values of 0.1653 and 0.2060, re-
spectively. Relative to the best-performing like-
lihood benchmark for each parameter, KAN re-
duces RMSE by approximately 33.0% for 0,
3.0% for o, and 43.6% for k. The volatility gain
is therefore small, while the improvements for the
long-run mean and mean-reversion speed are eco-
nomically and numerically larger.

The MLP results qualify an architecture-
specific interpretation. Supervised learning from

Table. 2: Parameter RMSE on 10,000 synthetic test
paths

Method 7] o K

EMLE 0.2465 0.00089 0.3653
EMMLE 0.2466 0.00088 0.3659
QV-2S 0.2468 0.00084 0.3646
KAN 0.1653 0.00081 0.2058
MLP 0.1653 0.00084 0.2060

the synthetic prior accounts for most of the
improvement, and our experiment provides lit-
tle overall parameter-RMSE separation between
KAN and MLP. The KAN biases are 0.0150 for
6, 6.85 x 107 for o, and —0.0483 for k; the cor-
responding MLP biases are 0.0021, 3.47 x 107,
and —0.0442. Thus, lower RMSE does not imply
absence of shrinkage or systematic error.

4.6 Mean-Reversion Regime Analysis

Table 3 decomposes errors by the true k regime.
In the low-k regime, KAN has the lowest RMSE
for all three parameters, including a k¥ RMSE
of 0.1496 compared with 0.5924 for EMLE. In
the medium regime, MLP is slightly better for 0
and x, while KAN is best for . In the high-
Kk regime, MLP has the lowest 6 RMSE, KAN
retains the lowest c RMSE, but QV-2S has the
lowest K RMSE. KAN’s high-regime k¥ RMSE of
0.2670 is approximately 26.6% higher than QV-
2S’s 0.2109. The supervised advantage is there-
fore strongest when slow mean reversion makes
0 and x difficult to identify from a one-year path;
it does not extend uniformly to high-x recovery.

4.7 Synthetic Price and Yield Error
Evaluation

For each test path j, the terminal simulated short
rate r;, is treated as the current state. True and
estimated prices and yields are computed on

7 =1{0.25,0.5,1,2,5,10} years.  (34)

For method m and maturity ,, the comparison is
between

e — P03y, ) (35)
and
P = P(tirjm 0%, (36)

with an analogous comparison for yields. Yield
errors are converted to basis points by multiply-
ing decimal yield differences by 10,000.
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Fig. 9: Parameter RMSE across likelihood and supervised recovery methods. The scale differs across parameter
panels.

Table. 3: Parameter RMSE by true mean-reversion regime

Regime Method Paths 0 c K
Low x EMLE 2,068 0.3661 0.00080 0.5924
EMMLE 2,068 0.3674 0.00080 0.5935
QV-28 2,068 0.3684 0.00080 0.5915
KAN 2,068 0.2663 0.00078  0.1496
MLP 2,068 0.2724 0.00081 0.1518
Medium k  EMLE 3,665 0.2476 0.00086 0.3375
EMMLE 3,665 0.2468 0.00085 0.3368
QV-28 3,665 0.2485 0.00083  0.3370
KAN 3,665 0.1367 0.00081 0.1413
MLP 3,665 0.1326 0.00083  0.1396
High x EMLE 4,267 0.1575 0.00096 0.2116
EMMLE 4,267 0.1576 0.00095 0.2134
QV-28 4,267 0.1545 0.00085 0.2109
KAN 4,267 0.1166 0.00082 0.2670
MLP 4,267 0.1141 0.00086 0.2674

Note: Low, medium, and high regimes are k € [0.05,0.25], k € (0.25,0.60], and k € (0.60,1.00], respectively.

Table 4 shows that QV-2S has the lowest
yield RMSE at 0.25 years. KAN is lowest from
0.5 through 2 years, while MLP is lowest at 5
and 10 years. The separation from likelihood
methods increases with maturity, but KAN does
not dominate the MLP at the long end. Table 5
shows a related but not identical pattern: QV-2S
is marginally best at 0.25 years, after which KAN
has the lowest price RMSE at every reported ma-
turity.

Table 6 summarizes all maturities jointly.
KAN has the lowest aggregate price RMSE at
227.70, a reduction of approximately 30.2% rel-
ative to QV-2S and 11.5% relative to MLP. MLP
has the lowest aggregate yield RMSE at 403.18
basis points, compared with 405.79 for KAN.
The two supervised methods have almost iden-
tical yield MAE, but their bias patterns differ:
KAN has a positive aggregate yield bias of 36.62
basis points, whereas MLP has a bias of —8.49

basis points. KAN also has a negative aggre-
gate price bias of —11.92, while MLP’s aggregate
price bias is —0.46.

4.8 Paired Bootstrap Comparisons

The common test paths permit paired inference.
Table 7 reports path-clustered percentile intervals
from 2,000 bootstrap repetitions for RMSE (m) —
RMSE(KAN). Positive price differences favor
KAN. All four price intervals are strictly posi-
tive, including the MLP-minus-KAN difference
of 29.51 with a 95% interval of [12.65,45.63].
KAN’s price-RMSE advantage is therefore robust
to paired resampling of the common test paths.
For yields, KAN is significantly better
than each likelihood benchmark by approxi-
mately 101-103 basis points of aggregate RMSE.
The MLP-minus-KAN difference is —2.60 ba-
sis points with a 95% interval of [—4.37,—0.84],
confirming that MLP has a small but statisti-
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Table. 4: Yield RMSE in basis points across maturities

Method 0.25Y 0.5Y 1Y 2Y 5Y 10Y
EMLE 32.83 6635 134.67 27099 626.29 1030.15
EMMLE 3276 66.22 13447 270.85 626.83 1031.49
QV-28 32.57 6587 133.83 269.57 623.55 1026.55
KAN 3292 6513 12749 24345 518.00 799.26
MLP 3371 66.37 12898 244.15 514.87 792.76

Table. 5: Zero-coupon price RMSE across maturities

Method 0.25Y 0.5Y 1Y 2Y 5Y 10Y
EMLE 0.000825 0.003398 0.015084 0.088931 3.766605 801.044132
EMMLE 0.000823 0.003390 0.015041 0.088520 3.755151 801.541674
QV-2S 0.000818 0.003370 0.014946 0.087868  3.724157 798.689721
KAN 0.000820  0.003272  0.013628 0.072696 2.809346 557.740314
MLP 0.000849  0.003406 0.014379 0.078089  3.035413  630.012637
1000 4 —* EMLE —o— KAN A 800 A y J
EMMLE MLP 7~ /
e QU-25 700
800 600 4
Y
= 600 4 >
w 1 =
é / 400 A
o £
@ 400 A & 300
=
200
200
p 100 A
0 01
0 2 4 6 8 10 0 2 4 6 8 10

Maturity (years)

Maturity (years)

Fig. 10: Yield RMSE in basis points and zero-coupon price RMSE by maturity. Long-maturity absolute price
errors are large because the broad synthetic parameter domain permits extreme model-implied bond prices.

Table. 6: Aggregate downstream errors across all paths and maturities

Price error Yield error (bp)
Method RMSE MAE Bias RMSE MAE Bias
EMLE 327.0285 37.5018 10.5929 508.35 266.53 0.09
EMMLE 327.2316  37.3800 99126 508.88  267.15 1.11
QV-2S 326.0673  37.1264 10.3272  506.39  265.80 0.85
KAN 227.6994 258431 -11.9176 405.79 234.58 36.62
MLP 257.2046  28.4366 -0.4591 403.18 234.55 -8.49

cally resolved yield-RMSE advantage. The boot-
strap evidence therefore reinforces the metric-
dependent conclusion rather than supporting uni-
form KAN dominance.

4.9 Pricing Interpretation and Limitations

The reported prices and yields are synthetic
downstream diagnostics, not empirical term-
structure validation. The comparison is against
the true Vasicek prices and yields generated from

known risk-neutral parameters. It therefore iso-
lates the propagation of recovery error under cor-
rect model specification, but it does not evaluate
quoted bonds, observed yield curves, liquidity ef-
fects, measurement noise, or misspecification.
The broad 89 ~ U[—1,1] domain is conse-
quential. It admits negative long-end yields and
very large long-maturity prices, so absolute price
RMSE at 10 years is dominated by extreme price
levels. Yield RMSE, maturity-specific errors,
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Table. 7: Paired path-level bootstrap comparisons against KAN

Metric Comparator minus KAN  Difference 95% interval
Price RMSE EMLE 99.33  [82.10, 116.54]
Price RMSE EMMLE 99.53  [81.31,117.02]
Price RMSE QV-28 98.37 [80.34, 116.22]
Price RMSE MLP 29.51 [12.65, 45.63]
Yield RMSE (bp) EMLE 102.56  [95.47, 109.33]
Yield RMSE (bp) EMMLE 103.10  [96.42, 110.24]
Yield RMSE (bp) QV-2S 100.60  [93.57, 107.38]

Yield RMSE (bp) MLP

-2.60 [-4.37, -0.84]

Note: Intervals use 2,000 bootstrap repetitions with the test path as the resampling unit. Positive values indicate

larger RMSE than KAN.

MAE, and bias should therefore be read along-
side aggregate price RMSE. The reported price
values must not be interpreted as errors for a con-
ventional unit-price bond market without condi-
tioning on a realistic parameter domain.

The supervised estimators also learn the sim-
ulation prior. Their lower RMSE for weakly
identified parameters can reflect amortization and
shrinkage rather than universally more informa-
tive estimation. The near equality of KAN and
MLP parameter RMSE, the MLP advantage for
aggregate yield RMSE, the likelihood advantage
for high-regime x, and the unequal network pa-
rameter counts all prevent a strong architecture-
specific conclusion. A parameter-count-matched
MLP, out-of-distribution parameter tests, alterna-
tive path lengths, noisy or irregular observations,
and direct market calibration are required before
claiming a general KAN advantage.

Finally, QV-2S and EMLE optimize the
same exact likelihood after different initializa-
tion. Their close results should be interpreted as
a numerical robustness check, not as evidence for
a distinct asymptotic estimator. A genuinely dif-
ferent two-stage method would require a separate
second-stage rule.

S. CONCLUSION

This paper examined whether a spline-based
KAN can recover risk-neutral Vasicek parameters
from engineered features of synthetic short-rate
paths. On 10,000 in-distribution test paths, KAN
achieved the lowest overall RMSE for 0, o, and
k, with the largest gains over likelihood meth-
ods for the long-run mean and mean-reversion
speed. The matched-width MLP produced al-
most identical overall parameter accuracy, indi-
cating that most of the gain is attributable to su-

pervised amortized recovery rather than clearly to
the KAN architecture alone.

Downstream performance was metric-
dependent. KAN delivered the lowest aggregate
zero-coupon price RMSE and significantly
outperformed all comparators in paired bootstrap
comparisons. The MLP, however, delivered a
slightly but significantly lower aggregate yield
RMSE, while likelihood estimation remained
competitive at the shortest maturity and for high-
regime K. The defensible conclusion is therefore
that supervised inverse-calibration mappings
can improve synthetic recovery and downstream
pricing under the chosen prior, but KAN does
not uniformly dominate a conventional neural
network or likelihood estimation.

Future work should use realistic risk-neutral
parameter domains, parameter-count-matched ar-
chitectures, multiple path lengths and sam-
pling frequencies, measurement noise, out-of-
distribution tests, hybrid KAN-likelihood refine-
ment, and direct calibration to observed term
structures. These extensions are necessary to de-
termine whether the synthetic gains translate into
reliable empirical fixed-income applications.
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