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Abstract

High-dimensional stochastic differential equations
encode complex interaction structures within their
drift component. We propose a novel approach
to estimate this drift from independent high-
frequency trajectory data observed over a short
time horizon. Each trajectory is modelled as the
solution of a Brownian-driven stochastic differ-
ential equation, while the number of time points
within each path tends to infinity. We further as-
sume that the drift function governing the dynam-
ics can be expressed as a linear combination of a
growing number of Lipschitz basis functions. To
promote accurate recovery of the underlying dy-
namics under sparsity constraints, we propose a
Lasso-regularised likelihood criterion. Under suit-
able regularity conditions, we establish conver-
gence rates for the resulting estimator and emphas-
ise how they depend on the dimensional parameters
of the problem, in particular on the number of ob-
served trajectories. We assess the performance of
the estimator on synthetic datasets, both from an es-
timation and a generative perspective. Finally, we
illustrate the practical relevance of the approach on
a real-world climate dataset, highlighting its ability
to perform variable selection.

1 INTRODUCTION

Stochastic differential equations (SDEs) provide a probabil-
istic framework for learning continuous-time dynamics from
noisy observations. In dimension d ≥ 1, they allow one to
capture rich multivariate interactions while supporting stat-
istically grounded inference and generative modelling. In
this work, we assume that the observations are generated by
the following equation,

dXt = −bθ(Xt)dt+ σ(Xt)dWt, X0 = 0, (1)

where W is a d-dimensional standard Brownian motion
defined on a filtered probability space (Ω,F , (Ft)t≥0,P).
The drift bθ : Rd → Rd is driven by an unknown para-
meter θ ∈ Θ ⊂ Rp, and σ : Rd → Rd×d is the diffusion
coefficient.

Moreover, in order to tackle the major challenge that is the
estimation of the drift in this framework, we assume that the
true parameter θ0 of dimension p is sparse. We investigate
the estimation of θ0 from N independent and identically
distributed (i.i.d.) paths observed at n discrete times on the
finite time interval [0, 1]. The quantities p, d, n and N go
to infinity. We propose a Lasso (Least Absolute Shrinkage
and Selection Operator) estimator of θ0 [Tibshirani, 1996],
which performs both variable selection and parameter estim-
ation.

Related work. The drift estimation of SDEs has been
widely studied assuming ergodicity and a long observation
window. In this framework, the Lasso estimator has been
studied e.g. by Amorino et al. [2025] both for a linear model
and for the Ornstein-Uhlenbeck process, while De Gregorio
et al. [2025] addressed drift and volatility estimation using
a different choice of penalty, the Elastic-Net.

In many real-world applications, data naturally come as mul-
tiple short trajectories rather than a single long realisation.
This calls for estimation and proof techniques that exploit
repetition across paths instead of relying on asymptotic sta-
tionarity. Few references are available, recently Nakakita
[2025] focused on the Ornstein-Uhlenbeck model from con-
tinuous observations, extending the ergodic results of Ciołek
et al. [2025].

The benefits of regularisation have also been observed for
Neural Networks. Taheri et al. [2021] introduced "scale
regularisation" to induce sparsity in neural networks and
obtain better theoretical guarantees. This type of Neural
Networks with sparsity built-in has been applied to diffusion
generative models by Taheri and Lederer [2025]. Similarly,
sparse Neural Networks are used by Zhao et al. [2025] to
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estimate the drift of a diffusion process over a compact set
from high-frequency observations, generalising the work of
Oga and Koike [2024] in the ergodic framework.

Our Contribution. This paper studies the theoretical guar-
antees and generative performance of the Lasso estimator in
the regime of repeated short trajectories. Our main contribu-
tions are as follows:

• Oracle Inequality and Error Bounds: We derive an
oracle inequality for the Lasso estimator (Theorem 3.1)
which holds on the intersection of high-probability
sets. Based on this result, we establish bounds on the
estimation error in both l1 and l2 norms.

• Inference from Repeated Trajectories: Unlike
Amorino et al. [2025], our analysis does not rely on the
ergodic properties of the process. Instead, we use con-
centration inequalities across the N independent tra-
jectories to control the probabilistic events. We provide
the convergence rate of the Lasso estimator, together
with conditions on the dimension parameters n,N, p
and d.

• Diffusion Coefficient: A key theoretical addition is
to allow for a non-constant diffusion coefficient σ(x),
while previous works such as Amorino et al. [2025]
assume constant volatility. We prove that the theoretical
results hold under an ellipticity condition on σ.

• Numerical Validation: We demonstrate the efficacy
of our proposed method through an extensive numer-
ical study, establishing that the Lasso estimator out-
performs Sparse Neural Networks [Zhao et al., 2025]
in generative performance. Furthermore, we provide
a practical application using climate data to highlight
the model’s real-world utility and motivation.

Organisation of the paper. In Section 2, we present the
assumptions and the Lasso estimator. Section 3 contains
the main results, including the control of the probability
sets and error bounds. Finally, Section 4 presents a full nu-
merical study on synthetic data, evaluating both estimation
error and generative quality compared to the Sparse Neural
Networks [Zhao et al., 2025]. We also present an illustration
of variable selection on climate data from NOAA Physical
Sciences Laboratory.

2 MODEL AND ESTIMATION METHOD

In the sequel, we assume that we repeatedly observe the solu-
tion of Equation (1) on the time interval [0, 1] at equidistant
discrete times. We denote the observations as

(X
(j)
ti )i=0,...,n−1, j ∈ [N ], ti := i∆n = i/n,

where the notation [N ] refers to the integers from 1 to N .
The increments of the process are denoted by

∆X
(j)
i := X

(j)
ti −X

(j)
ti−1

.

2.1 ASSUMPTIONS AND NOTATIONS

We consider the case of the generalised linear drift, that is

bθ := ϕ0 +

p∑
k=1

θkϕk. (2)

The isolation of ϕ0 serves as a geometric reference point for
the dynamics. By fixing the scale and form of the autonom-
ous drift ϕ0, the coefficients θk can be interpreted as the
sensitivities or coupling strengths of the system to auxiliary
coordinates. This model, previously considered by Amorino
et al. [2025] and Ciołek et al. [2025], is flexible and allows
for the capture of a wide range of functions. For example, if
ϕk is an Hilbert-basis then the class of drift functions that
we consider approximates the space L2(Rd).

Assumption 1 (Lipschitz). For all 0 ≤ k ≤ p, the functions
ϕk : Rd → Rd are Lipschitz, and we denote by Lk their
Lipschitz constant which are uniformly bounded in p and d.

Assumption 2 (Sparsity). We assume that the true para-
meter of the model given in Equation (1), that we denote by
θ0, satisfies the sparsity constraint:

∥θ0∥0 := #{1 ≤ k ≤ p, θ0,k ̸= 0} = s. (3)

Remark 2.1. Assumption 1 implies that the drift function
bθ : Rd → Rd is Lipschitz, and we denote by L its Lipschitz
norm. In particular L ≤ L0 +

∑p
k=1 θkLk, and due to

Assumption 2 the drift at the true parameter bθ0 is Lipschitz
with Lipschitz constant L0 + smaxk θ0,kLk bounded in p
and d.

Assumption 3 (Ellipticity). The matrix σσT is positive
and satisfies a uniform ellipticity condition: there exists a
constant c1 ≥ 1 such that

∀x ∈ Rd,
1

c1
Id(x) ≤ σσT (x) ≤ c1Id(x). (4)

Remark 2.2. Assumption 3 implies that σσT and (σσT )−1 :
Rd → Rd×d are spectrally bounded in the sense that there
exists Cσ > 0 such that

sup
x

∥σσT (x)∥2 + sup
x

∥(σσT )−1(x)∥2 ≤ Cσ,

where the spectral norm is defined for A ∈ Rd×d by
∥A∥2 := sup∥x∥2≤1 ∥Ax∥2 =

√
λmax(ATA).

Assumption 4. The diffusion σ is of class C2, bounded, has
bounded first derivatives, and the second derivatives have
at most polynomial growth: for some positive constant c and
some q ∈ N∗ we have

∀x ∈ Rd, ∥σ(x)∥2 + ∥∇σ(x)∥2 ≤ cd2,

∥∂2
xkxl

σ(x)∥2 ≤ c(1 + ∥x∥q2).
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Note that Assumption 1 and Assumption 4 imply that Equa-
tion (1) admits a unique strong solution (Xt), which is a
homogeneous continuous Markov process.

We define the cone C(s, c) of approximately sparse vectors,

C(s, c) := {x ∈ Rp\{0}, ∥x∥1 ≤ (1 + c)∥x|Is(x)∥1},

where Is(x) is the set of the s largest elements of x. In
particular, if x is s-sparse, then ∥x∥1 = ∥x|Is(x)∥1 and
x ∈ C(s, c) for all c ≥ 0.

Assumption 5 (Identifiability). There exists ℓ > 0 such
that for all θ, v ∈ Rp satisfying ∥θ∥0 = s and θ − v ∈
C(s, 3 + 4/γ) for an arbitrary γ, and for all n ∈ N∗

(θ − v)TE
[
1
n

∑n
i=1(σ

−1Φ)T (σ−1Φ)(Xti−1
)
]
(θ − v)

∥θ − v∥22
> ℓ,

where Φ(x) = (ϕ1(x), . . . , ϕp(x)) ∈ Rd×p is the function
whose k-th column is the function ϕk.

The identifiability assumption is comparable to the one con-
sidered in Ciołek et al. [2025], modified as this work as-
sumes stationarity. It is satisfied for orthonormal bases with
compact support such as the wavelet bases, as the transition
density of the process is bounded away from zero on any
compact domain.

Remark 2.3. Let us emphasise that the considered model
encompasses the Ornstein–Uhlenbeck model. In this case
p = d2 and ϕk(X) = Ei,jX where k = (i, j) and Ei,j
is a d × d matrix with a single non-zero entry equal to 1
at coordinate (i, j). In this setting, Assumption 5 is veri-
fied when X is stationary, or more generally whenever
E(
∫ 1

0
XsX

T
s ds) is non-degenerate. This unified treatment

is one of the main advantages of our approach, while the
existing literature such as Amorino et al. [2025] develop
separate arguments for the Ornstein–Uhlenbeck and the
general linear model.

Finally, due to the non-constant diffusion coefficient, we
need to introduce the following weighted empirical norm
∥f∥σ,n,N :=

√
⟨f, f⟩σ,n,N with

⟨f, g⟩σ,n,N =

1

nN

n∑
i=1

N∑
j=1

[
(σ−1f)(X

(j)
ti−1

)
]T

(σ−1g)(X
(j)
ti−1

).

2.2 ESTIMATOR

If the full trajectory of the N observations of the pro-
cess {(X(j)

t )0≤t≤1}j∈[N ] is observed continuously on the
time interval [0, 1], we have an explicit scaled negative

log-likelihood function using Girsanov’s theorem, see e.g.
Kutoyants [2004],

LN (θ) :=
1

N

N∑
j=1

[∫ 1

0

[
(σ−1bθ)(X

(j)
s )
]T

σ(X(j)
s )−1dX(j)

s

+
1

2

∫ 1

0

∥∥σ(X(j)
s )−1bθ(X

(j)
s )
∥∥2
2
ds
]
.

We consider the least squares contrast based on the approx-
imation of the likelihood. It generalises the one considered
in Denis et al. [2020] and Amorino et al. [2025].

Rn,N (θ) :=
1

N

n∑
i=1

N∑
j=1

∥∥∥σ(X(j)
ti−1

)−1∆X
(j)
i

+∆nσ(X
(j)
ti−1

)−1bθ(X
(j)
ti−1

)
∥∥∥2
2
.

We define the Lasso estimator θ̂ as

θ̂ ∈ argmin
θ∈Θ

{Rn,N (θ) + λ∥θ∥1}, (5)

where λ > 0 is the regularisation parameter. The constant
λ will be chosen as a function of N,n, p and d. The larger
λ is, the stronger the penalty (∥θ∥1), and hence the sparser
the estimator θ̂.

3 THEORETICAL STUDY OF THE
LASSO ESTIMATOR

3.1 HIGH PROBABILITY RANDOM SETS

To study the behaviour of the Lasso estimator, our first
objective is to derive an oracle inequality. To this end, we
need to control two error terms: a martingale component
driven by the Brownian motion and an error arising from
the time-discretisation of the continuous process.

We first control the stochastic noise term. To this end, we
define the set Tmart on which the martingale error is domin-
ated by the regularisation parameter λ:

Tmart :=

{∥∥∥∥ 1

nN

n∑
i=1

N∑
j=1

Φ(X
(j)
ti−1

)T (σσT )−1(X
(j)
ti−1

)

×
(∫ ti

ti−1

σ(X(j)
s )dW (j)

s

)∥∥∥∥
∞

≤ λ

4

}
.

We then turn to the approximation error. When discretising
the process, a bias appears involving the variation of the
drift between ti−1 and ti. We introduce the set Tdisc, on
which it is negligible:

Tdisc :=
{∥∥∥∥ 1

nN

n∑
i=1

N∑
j=1

Φ(X
(j)
ti−1

)T (σσT )−1(X
(j)
ti−1

)

×
(∫ ti

ti−1

(
bθ0(X

(j)
s )− bθ0(X

(j)
ti−1

)
)
ds
)∥∥∥∥

∞
≤ λ

4

}
.
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Finally, we introduce the set Tcomp, which corresponds to
the compatibility condition, common in the Lasso literature,
[see e.g. Bühlmann and Van De Geer, 2011].

Tcomp :=

 inf
θ∈Rp:∥θ∥0=s,

v∈Rp:θ−v∈C(s,3+4/γ)

∥bθ − bv∥σ,n,N
∥θ − v∥2

≥ k


for a constant k > 0 that will be chosen later. Intuitively,
this condition ensures that the active components are not
too correlated, so that distinct parameter values do not yield
nearly identical drifts. It is fundamental for Lasso estimators
as it links the prediction error (the numerator) to the estima-
tion error (the denominator), which is crucial for deriving
the typical oracle inequality.

3.2 ORACLE INEQUALITY

The main result of this section is the following oracle in-
equality, which controls the prediction error. We denote in
particular the drift estimator:

bθ̂ = ϕ0 +

p∑
k=1

θ̂kϕk.

It satisfies the following result.

Theorem 3.1. Let θ ∈ Θ such that ∥θ∥0 = s. Then, for any
γ > 0, we have on Tmart ∩ Tdisc ∩ Tcomp

∥bθ̂−bθ0∥2σ,n,N ≤ (1+γ)∥bθ−bθ0∥2σ,n,N+
4λ2s(2 + γ)2

k2γ∆2
n

,

where λ is the tuning parameter of the Lasso estimator and
k is the constant on Tcomp.

The proof of this result is detailed in Section B.2. This
oracle inequality shows that, on a certain random set, the
Lasso estimator achieves a prediction error that is, up to
a multiplicative factor (1 + γ) and a remainder term, as
small as that of the best (s)-sparse approximation, thereby
illustrating its near-oracle performance under sparsity.

Since the oracle inequality holds on the intersection Tmart∩
Tdisc ∩ Tcomp, the remainder of this section is dedicated to
showing that this event occurs with high probability.

To this end, we define the set Ωn,N on which the obser-
vations (X

(j)
ti−1

)1≤i≤n, 1≤j≤N are bounded by a quantity
depending on d, n and N ,

Ωn,N :=

{
max

1≤i≤n, 1≤j≤N
∥X(j)

ti−1
∥2 <

√
d log(nN)

}
.

(6)
Intuitively, the factor

√
d in the bound reflects the order of

magnitude of the norm of a Gaussian vector in Rd. Besides,
log(nN) is chosen to control the maximum over the n×N
points, given the exponential decay of the process tails. We
now state that this set has high-probability.

Theorem 3.2. Under Assumptions 3 and 4 and for Ωn,N
defined in (6), we have that for n large enough,

P(Ωcn,N ) ≤ 1

nN
,

where for any event B, we denote by Bc := Ω\B its com-
plement.

The last step is to be able to control the probabilities of the
random sets Tmart, Tdisc, and Tcomp. For a fixed value of
ε ∈ (0, 1), let:

λ1 := C1
log(nN)

n

√
d

N

√
log(2p) + log(1/ε),

λ2 := C2
sd log(nN)2

n3/2

√
log(p) + log(1/ε),

N1 := c1d
2p2 log(nN)4

(5 + 4/γ)4

(ℓ− k2)2

[
log(2/ε)

+ log
(
212s[p2s ∧ (ep/2s)2s]

)]
,

N2 :=
1

nε
.

Remark 3.3. When comparing our constants to those in
Amorino et al. [2025], λ1 corresponds to max(λ1,1, λ1,2).
We observe that the dependence on the dimension d is im-
proved from d3/4 to

√
d, and the rate benefits from the num-

ber of repetitions N . The term λ2 (discretisation error)
maintains the same order as in previous work. However, a
key difference appears in N1, which is of order d2p2 com-
pared to T1 of order d2. This stems from the proof tech-
niques: we use Hoeffding’s inequality on Φ ∈ Rd×p, in
contrast to the concentration inequality used in Amorino
et al. [2025].

We are now ready to provide a lower bound for the prob-
ability of Tmart ∩ Tdisc ∩ Tcomp, ensuring that the oracle
inequality holds with high probability.

Theorem 3.4. Under Assumptions 1 - 5, for a fixed value
of ε ∈ (0, 1/4), for all λ > max{λ1, λ2} and N >
max{N1, N2} we have

P(Tmart ∩ Tdisc ∩ Tcomp) ≥ 1− 4ε.

Proof. Denoting by A = Tmart ∩ Tdisc ∩ Tcomp we decom-
pose the probability as follows

P(Ac) = P(Ac ∩ Ωn,N ) + P(Ac ∩ Ωcn,N )

= P(Ac|Ωn,N )P(Ωn,N ) + P(Ac|Ωcn,N )P(Ωcn,N )

≤ P(Ac|Ωn,N ) + P(Ωcn,N ).

Then, the result stems from Theorem 3.2 with Theorems
B.3, B.4 and B.5, presented in Section B.3. We deduce that

P(Ac) ≤ 3ε+
1

nN
≤ 4ε.
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3.3 CONVERGENCE RATES

As a consequence of Theorem 3.4, we obtain the following
error bounds.

Corollary 3.5. We assume Assumptions 1 - 5, and we recall
that ∥θ0∥0 = s. For a fixed value of ε ∈ (0, 1/4), for all
λ > max{λ1, λ2}, N > max{N1, N2} and 0 < k <

√
ℓ

(where ℓ is given in Assumption 5) we have with probability
at least 1− 4ε that

∥θ̂ − θ0∥22 ≤ 4λ2n2s(2 + γ)2

k4γ
,

and

∥θ̂ − θ0∥1 ≤ 8λns(1 + γ)(2 + γ)

k2γ3/2
.

Proof. From Theorem 3.4, we can work on Tmart ∩ Tdisc ∩
Tcomp ∩ Ωn,N with probability at least 1− 4ε. If we apply
the oracle inequality to θ = θ0, we have

∥bθ̂ − bθ0∥2σ,n,N ≤ 4λ2n2s(2 + γ)2

k2γ
.

On Tcomp we have ∥bθ̂ − bθ0∥σ,n,N ≥ k∥θ̂ − θ0∥2 and

∥θ̂ − θ0∥22 ≤ 4λ2n2s(2 + γ)2

k4γ
.

The l1 bound is obtained using that θ̂ − θ0 ∈ C(s, 3 + 4/γ)
and Cauchy-Schwarz inequality

∥θ̂ − θ0∥1 ≤ (4 +
4

γ
)∥θ̂|S(θ0) − θ0∥1

≤ 4(γ + 1)

γ

√
s∥θ̂ − θ0∥2

≤ 8λns(1 + γ)(2 + γ)

k2γ3/2
,

where S(θ0) is the support of θ0, and we used the sparsity
condition from Assumption 2.

Finally, we present asymptotic convergence rates depend-
ing on whether the martingale or the discretisation error
dominates.

Corollary 3.6. Assume Assumptions 1 - 5 and the sparsity
condition ∥θ0∥0 = s. For a fixed value of ε ∈ (0, 1/4), for
all N > max{N1, N2} and 0 < k <

√
ℓ we have with

probability at least 1− 4ε that

1. If log(nN)s
√
dN√
n

→ 0, then the discretisation error is
negligible and

∥θ̂ − θ0∥2 = OP

(
log(nN)

√
ds log(p)

k2
√
N

)
.

2. If log(nN)s
√
dN√
n

→ ∞, then the discretisation error
dominates and

∥θ̂ − θ0∥2 = OP

(
d

k2
log(nN)2

√
s3 log(p)

n

)
.

Let us notice that our results parallel those obtained in the
ergodic framework by Amorino et al. [2025]. As the number
of repetitions N is analogous to the time horizon T in their
analysis, our estimator achieves the same convergence rates,
up to logarithmic terms. Besides, the order (s/N)−1/2 is
the same order found in Nakakita [2025] for the special case
of Ornstein-Uhlenbeck process with repeated continuous
observations.

4 NUMERICAL ILLUSTRATION

In this section, we present numerical results to confirm
our theoretical findings. First, we evaluate the estimator on
simulated data, and observe how the estimation error (in l2
norm) decreases as the number of observed trajectories N in-
creases, particularly for high-dimensional parameters. Then,
we compare the generative performance of our approach
against the Sparse Neural Network proposed by Zhao et al.
[2025], using the Wasserstein distance and Maximum Mean
Discrepancy (MMD). Finally, we apply our method on real
climate data. By applying our estimator to the stochastic
regression model proposed by De Gregorio et al. [2025], we
aim to explain which climate indices are predictors of the
global mean temperature.

4.1 SYNTHETIC DATA

We simulate the d-dimensional diffusion process solution
of (1) for the choice of drift function

bθ(x) = x+

p∑
k=1

θk cos((k + 1)x), x ∈ Rd,

where the cosine function is applied component-wise. The
trajectories are simulated using an Euler-Maruyama scheme
with 5000 discretisation steps.

In the following simulations, the parameter θ0 ∈ Rp is
generated with 80% sparsity, with non-zero coefficients
uniformly distributed in [1, 2], and we work in dimension
d = 10. The process is observed at high frequency with
n = 500, and we study the impact of N and p. We first
consider the classical diffusion σ = Id, which satisfies
Assumptions 3 and 4. Some simulated trajectories of the
process across its 10 dimensions are presented in Figure 1.
We then consider the diffusion coefficient

σ(x) = diag
( xi√

1 + x2
i

)
,

which is bounded but does not satisfy Assumption 3 as
σ(0) = 0d is not invertible.
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Figure 1: Simulated sample paths of the process for σ = Id.

4.2 ESTIMATOR IMPLEMENTATION

Minimisation algorithm. We aim to minimise θ 7→
Rn,N (θ) + λ∥θ∥1. The objective is the sum of two func-
tions: the contrast function is convex and smooth, while the
l1 norm is convex but non-differentiable when a coordinate
is equal to zero. This motivates the use of the Fast Iterat-
ive Shrinkage-Thresholding Algorithm (FISTA) proposed
by Beck and Teboulle [2009] over other gradient descent
algorithms. Compared to the standard ISTA, the rate of con-
vergence is improved from O(1/K) to O(1/K2) (with K
the number of iterations) thanks to Nesterov’s accelerated
gradient descent method. This method computes the next
iterate using a specific linear combination of the two previ-
ous points, instead of the last point. To compute the gradi-
ent step, the algorithm requires the Lipschitz constant of
∇Rn,N , which we numerically approximate. We terminate
the algorithm when the distance between iterates is below a
threshold or after 200 iterations.

Choice of the penalisation. The key choice in the min-
imisation is the choice of the tuning parameter λ, which
controls the l1 penalisation and the number of active coeffi-
cients. The penalisation parameter λ is chosen from a thin
grid (of size 30) using the Extended Bayesian Information
Criteria (EBIC) introduced in Chen and Chen [2008]. For
some γ ∈ [0, 1]

EBICγ(λ) = 2Lσ,n,N (θ̂λ) + |S(θ̂λ)| log(nN)

+2γ log

((
p

|S(θ̂λ)|

))
,

where θ̂λ is the Lasso estimator with regularisation para-
meter λ, |S(θ̂λ)| is the size of the support of θ̂λ i.e. the
number of non-zero coefficients, and Lσ,n,N is the negative
log-likelihood of the model. Compared to cross-validation,
EBIC is less computationally expensive. As in Denis et al.
[2026], we observe that EBIC performs better for parameter
selection for large values of p.

4.3 ESTIMATION ERROR

To measure the accuracy of the Lasso estimator, we first
measure the parameter estimation error in l2 norm ∥θ̂−θ∗∥2.

We study the behaviour of this error as the parameter di-
mension p (and therefore the number of non-zero coeffi-
cients s) and the number of observed trajectories N increase.
For each value of p ∈ {10, 20, 30, 40}, a random value of
θ0 is selected and the errors are averaged over 30 itera-
tions. The results are presented in Figure 2. We observe
that the error decreases with a larger number of trajector-
ies N , but increases as p and s grow, which is consistent
with the theoretical convergence rates presented in Corol-
lary 3.6. We remark that the estimator is consistent, despite
σ(x) = diag

(
xi√
1+x2

i

)
not satisfying the ellipticity con-

dition required by our theoretical framework. Finally, we
present a heat map of the estimated coefficients for p = 20
and σ = Id in Figure 3 to highlight the support recovery of
the Lasso estimator.
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Figure 2: Mean error of the Lasso estimator ± one standard
deviation for different values of N .
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Figure 3: Heat map comparison of the sparse true parameter
and the estimated parameter (N = 100, p = 20, σ = Id).
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4.4 GENERATIVE GAP

Benchmark. We benchmark the generative performance
of our approach against the Sparse Neural Network (Sparse
NN) proposed by Zhao et al. [2025], which also incorporates
sparsity. The layers are of size (d, 16, 16, 1) and the sparsity
ratio is sratio = 0.25.

To evaluate the quality of the simulated paths,
we generate K = 500 independent trajectories
{X(1),X(2), . . . ,X(K)} from the true SDE, and tra-
jectories {Y(1),Y(2), . . . ,Y(K)} simulated using the drift
estimated by either our Lasso estimator or the Sparse NN.

The fidelity of the generated paths is quantified using two
metrics: the Wasserstein distance and the Maximum Mean
Discrepancy (MMD), defined as follows.

Comparison metrics Our first metric to compare paths is
the Wasserstein distance, defined for empirical distributions
with uniform weights by

Wr(X,Y) = min
π

 1

K

K∑
j=1

∥X(j) −Y(π(j))∥r2

1/r

,

where the minimum is over all permutations π of K
elements, and the trajectories X(j),Y(j) can be seen as
vectors in very high dimension R(n+1)d. We consider r = 1.
In high dimensions, this formula is very computationally
expensive, and requires complex methods such as the
Hungarian algorithm in O(K3). In dimension one however,
the Wasserstein distance has a closed-form formula. This
motivated the introduction of the Sliced Wasserstein by
Bonneel et al. [2015], computed as an average of linear
projections. We use a Monte Carlo approximation over 500
directions.

The second metric is the Maximum mean discrepancy
(MMD), which was originally proposed in Gretton et al.
[2012] as a way to test if two distributions are the same.
The MMD has become a standard benchmark in generat-
ive modelling to assess the fidelity of generated samples
[see e.g. Li et al., 2015]. A probability distribution P is em-
bedded into a Reproducing Kernel Hilbert Space (RKHS)
H via the mean embedding µP = EX∼P [k(·,X)], for k a
kernel. The Maximum mean discrepancy is then defined as
MMD = ∥µP−µQ∥H. For two sets of K trajectories X and
Y, we compute the unbiased estimator of the squared MMD
proposed by Gretton et al. [2012] using a Gaussian kernel
whose variance is determined via the median heuristic, after
flattening the trajectories to vectors in R(n+1)d.

Numerical results. The generative fidelity of the es-
timated model compared to the Sparse Neural Network
is illustrated in Figure 4 for p = 30 and σ(x) =

diag
(
xi/
√

1 + x2
i

)
. We observe that the Lasso estimator

significantly outperforms the Sparse Neural Network in
terms of Wasserstein distance and MMD. The gray line,
labelled "True model", represents the Wasserstein distance
computed between two independent sets of K trajectories
generated from the true SDE. Note that this value is non-
zero due to the finite sample size. Our estimator rapidly
converges to this oracle bound. In particular, we note from
Figure 4 that despite the violation of the ellipticity assump-
tion and a large parameter dimension, the Lasso estimator
accurately reconstructs the drift.
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Figure 4: Performance of the Lasso estimator and the Sparse
Neural Network for path generation (p = 30, σ(x) =
diag(xi/

√
1 + x2

i )).

4.5 APPLICATION TO CLIMATE DATA

We conclude with an illustrative application to real climate
data using the monthly climate indices provided by the
NOAA Physical Sciences Laboratory (National Oceanic
and Atmospheric Administration), available at https:
//psl.noaa.gov/. This example aims to show that our
methodology is readily applicable to regression problems
and can identify a meaningful subset of explanatory vari-
ables.

Dataset. Our target variable is the Global Mean
Land/Ocean Temperature. We select diverse predictive in-
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dices representing various physical components and geo-
graphic regions. We restrict our analysis to indices with
complete records from 1951 to 2023. As seasonality domin-
ates the data, we subtract the monthly average and normalise
by the monthly standard deviation. Following the methodo-
logy in Chatterjee et al. [2012], we then remove the linear
trend to filter out the long-term global warming.

We partition the data into 10-year segments and treat each
decade as an independent realisation. This segmentation
strikes a balance between the high-frequency sampling
(n = 120) and the number of repetitions (N = 7). While
the assumption of i.i.d. trajectories is a simplification of
the true dynamics, the preliminary de-trending and de-
seasonalisation steps mitigate the dependencies, making
the approximation reasonable, see Figure 5.

Figure 5: 10-year trajectories of the Global Temperature,
after normalisation.

Model. To model the predictive relationship between cli-
mate indices, we consider the stochastic regression model
proposed by De Gregorio et al. [2025]. We consider a system
of d variables where the first d − 1 components (the pre-
dictors) are modelled as independent Ornstein–Uhlenbeck
processes with parameter 1. The target variable X(d) is then
coupled to these predictors through a linear drift term. The
full system is given by:

dX
(i)
t = −X

(i)
t dt+ dW

(i)
t , for 1 ≤ i < d,

dX
(d)
t = −

(
X

(d)
t +

d−1∑
k=1

θkX
(k)
t

)
dt+ dW

(d)
t .

Variable selection and accuracy. Figure 6 illustrates the
variable selection performed by our model. The Lasso es-
timator selects 5 predictors out of the 17 candidates.

First, we observe that the variables driving an increase
in global temperatures, associated with negative coeffi-
cients, are Nino3.4 and the Western Hemisphere Warm Pool
(WHWP). Nino3.4 represents the dominant mode of inter-
annual variability [Trenberth, 1997], while the WHWP con-
stitutes the second-largest region of warm water on Earth,
acting as a major heat source [Wang and Enfield, 2001,
2003]. In addition, the model selects the North Atlantic
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Figure 6: Estimated Lasso coefficients for the prediction of
the Global Mean Temperature.

Oscillation (NAO) and the Pacific-North American (PNA)
pattern. These indices capture the atmospheric variability,
and dominate the winter climate variability over the North-
ern Hemisphere [Wallace and Gutzler, 1981]. Finally, the
Atlantic Meridional Mode (AMM) [Chiang and Vimont,
2004] is selected, capturing the dynamics of the tropical
Atlantic.
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Figure 7: Comparison between observed and reconstructed
Global Mean Temperature trajectories.

To assess the accuracy of our selected model, we perform a
reconstruction experiment. Using the estimated drift para-
meters, we simulate 100 trajectories of the Global Mean
Temperature conditional on the observed paths of the pre-
dictors. The results are displayed in Figure 7.

We observe that the simulated mean closely follows the trend
of the actual observations. Furthermore, the true trajectory
remains almost entirely within the confidence interval. This
confirms that our model successfully captures the dynamics
of the Global Mean Temperature.

As a last remark, we also fitted the maximum likelihood
estimator for comparison. Because of its poor predictive
performance, we did not include the corresponding figures.
Still, we note that, as expected, it does not perform any
variable selection, making the estimated coefficients difficult
to interpret.
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5 CONCLUSION AND LIMITATIONS

We introduced a sparse likelihood-based approach for learn-
ing drift dynamics from repeated short trajectories of SDEs.
Our results clarify how replication can compensate for
limited time horizons, both from theoretical and generat-
ive perspectives. To support reproducibility and further re-
search, the code is made publicly available at https://
github.com/elisebayraktar/LASSO. An interest-
ing perspective is to investigate the case of Lévy processes,
to extend the work of Dexheimer and Strauch [2024] to this
modern framework of observations.
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Sparse recovery of Diffusion Dynamics: Handling High-Dimensionality in
Repeated Short Trajectories
(Supplementary Material)
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A ADDITIONAL NUMERICAL RESULTS

In this section, we provide additional numerical results on simulated data. We first present in Figure 8 the parameter
estimation error in l1 norm ∥θ̂ − θ∗∥1, which measures the accuracy of the Lasso estimator. Similarly to what was observed
in Figure 2, the error decreases with a larger number of trajectories N , but increases as p and s grow.
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Figure 8: Mean error of the Lasso estimator ± one standard deviation for different values of N .

Figure 9 evaluates the generative fidelity of the estimated model compared to the Sparse Neural Network for p = 10 and
σ = Id. As in Figure 4, the Lasso estimator significantly outperforms the Sparse Neural Network in terms of Wasserstein
distance and MMD.

The evolution of the l2 error as a function of N is presented in Figure 10. For different values of p and of the volatiliyt
coefficient, we have fitted a curve of the form a log(500x)√

x
+ c, where c corresponds to the discretisation error with becomes

dominant for large values of N . We see that our estimation error fits well with the predicted rate.
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Figure 9: Performance of the Lasso estimator and the Sparse Neural Network for path generation (p = 10, σ = Id).
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Figure 10: Mean error of the Lasso estimator ± one standard deviation.

B PROOFS

B.1 TECHNICAL LEMMAS

Lemma B.1. Under Assumptions 1 - 3, there exists a time t1 > 0 and a constant C > 0 (independent of d) such that for all
t0, for all t < t1, and for all r > 1,

E
[
sup
u≤t

∥∥∥X(j)
t0+u −X

(j)
t0

∥∥∥2r
2

]
≤ Cr

(
t2rs2r

(
E
[∥∥X(j)

t0

∥∥2r
2

]
+max

k

∥∥ϕk(0)∥∥2r2 )+ trrrdr
)
.

Proof. Using the inequality |a+ b|p ≤ 2p−1(|a|p + |b|p) for p ≥ 1, we first write

∥∥∥X(j)
t0+u −X

(j)
t0

∥∥∥2r
2

≤ 22r−1

(∥∥∥∥∫ t0+u

t0

bθ0(X
(j)
v )dv

∥∥∥∥2r
2

+

∥∥∥∥∫ t0+u

t0

σ(X(j)
v )dW (j)

v

∥∥∥∥2r
2

)
.

The drift term is bounded using Hölder’s inequality and the sparsity of the true parameter θ0

sup
u≤t

∥∥∥∥∫ t0+u

t0

bθ0(X
(j)
v )dv

∥∥∥∥2r
2

≤ t2r−1

∫ t0+t

t0

∥∥∥∥∥
p∑
k=0

θ0,kϕk(X
(j)
v )

∥∥∥∥∥
2r

2

dv

≤ t2r−1s2rmax
k

|θ0,k|2r
∫ t0+t

t0

∥∥∥ϕk(X(j)
v )
∥∥∥2r
2

dv.

We decompose ϕk(X
(j)
v ) = ϕk(X

(j)
v ) − ϕk(X

(j)
t0 ) + ϕk(X

(j)
t0 ) − ϕk(0) + ϕk(0), and recall that the ϕk are uniformly
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Lipschitz from Assumption 1 and that |a+ b+ c|p ≤ 3p−1(|a|p + |b|p + |c|p) for p ≥ 1 to obtain

E

[
sup
u≤t

∥∥∥∥∫ t0+u

t0

bθ0(X
(j)
v )dv

∥∥∥∥2r
2

]
(7)

≤ t2rs2r32r−1 max
k

|θ0,k|2r
(
L2r
k E

[
sup
u≤t

∥∥∥X(j)
t0+u −X

(j)
t0

∥∥∥2r
2

]
+ L2r

k E
[∥∥X(j)

t0

∥∥2r
2

]
+ ∥ϕk(0)∥2r2

)
.

The volatility term is a martingale. We first apply Hölder’s inequality∥∥∥∥∫ t0+u

t0

σ(X(j)
v )dW (j)

v

∥∥∥∥2r
2

≤ dr−1
d∑
l=1

∣∣∣(∫ t0+u

t0

σ(X(j)
v )dW (j)

v

)
l

∣∣∣2r.
Using Burkholder’s inequality on the one-dimensional martingale (with constant C2r,Bur ≤ C

√
r for C independent of r)

and Hölder’s inequality, we have for any 1 ≤ l ≤ d

E
[
sup
u≤t

∣∣∣(∫ t0+u

t0

σ(X(j)
v )dW (j)

v

)
l

∣∣∣2r] ≤ C2r
2r,BurE

[(∫ t0+t

t0

d∑
m=1

(
σl,m(X(j)

v )
)2
dv
)r]

≤ C2rrrtr−1E

[∫ t0+t

t0

( d∑
m=1

(
σl,m(X(j)

v )
)2)r

dv

]
≤ C2rrrtrC2r

σ . (8)

Combining equations (7) and (8), we have

E
[
sup
u≤t

∥∥∥X(j)
t0+u −X

(j)
t0

∥∥∥2r
2

]
≤C2r

1 t2rs2rE
[
sup
u≤t

∥∥∥X(j)
t0+u −X

(j)
t0

∥∥∥2r
2

]
+ Cr

2

(
t2rs2r(E

[∥∥X(j)
t0

∥∥2r
2

]
+max

k
∥ϕk(0)∥2r2 ) + trrrdr

)
,

where the constants C1 and C2 do not depend on d or r. For a sufficiently small t1 we have C1t1s < 1/2, hence for r ≥ 1
and t < t1 we have C2r

1 t2rs2r < C1ts < 1/2. This allows us to conclude that ∃t1 > 0, ∃C > 0, ∀t < t1, ∀r > 1

E
[
sup
u≤t

∥∥∥X(j)
t0+u −X

(j)
t0

∥∥∥2r
2

]
≤ Cr

(
t2rs2r(E

[∥∥X(j)
t0

∥∥2r
2

]
+max

k
∥ϕk(0)∥2r2 ) + trrrdr

)
.

Lemma B.2. Let X be a solution of

dXt = −b(Xt)dt+ σ(Xt)dWt, X0 = 0.

Assume that b is Lipschitz and that σ satisfies Assumptions 3 and 4, then the transition density p(t, x, y) of X satisfies

p(t, x, y) ≤ Cd/2

td/2
exp(−∥x− y∥22

ct
) exp(ct∥x∥22),

for some constant C > 0 and c > 0 independent of the dimension.

Proof. Similarly to the proof of Proposition 1.2 in Gobet [2002], we first consider the SDE where the drift coefficient is
removed Xt = X0 +

∫ t
0
σ(Xs)dWs where W is a Brownian motion under P0, and we denote by p0(t, x, y) its density. We

will later prove that for some constant K and c independent of the dimension

p0(t, x, y) ≤ Kd/2

td/2
exp
(
−∥x− y∥22

ct

)
, (9)

∥∇xp
0(t, x, y)∥2 ≤ Kd/2

t(d+1)/2
exp
(
−∥x− y∥22

ct

)
. (10)
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We set

Zt = exp

(
−
∫ t

0

(σ−1(Xs)b(Xs))
TdWs −

1

2

∫ t

0

∥σ−1(Xs)b(Xs)∥22 ds
)
.

Under the Assumptions σ−1b has linear growth, ensuring that Z is a martingale. By Girsanov’s theorem, we have:

p(t, x, y) = p0(t, x, y)E0
x(Zt|Xt = y). (11)

To deal with E0
x(Zt|Xt = y), we use the law of the diffusion bridge from X0 = x to Xt = y [see Lyons and Zheng, 1990]

to transform the Brownian motion W into W +
∫
σ(Xu)

∇xp
0(t−u,Xu,y)
p0(t,x,y) du. Hence Zt = 1 −

∫ t
0
Zsσ

−1(Xs)b(Xs)dWs

and

E0
x(Zt|Xt = y) = 1− 1

p0(t, x, y)

∫ t

0

E0
x[Zsb(Xs).∇xp

0(t− s,Xs, y)]ds. (12)

We now bound |E0
x[Zsb(Xs).∇xp

0(t− s,Xs, y)]| using Hölder’s inequality with conjugate exponents µ1, µ2. We use the
following moment bound for Z (proven below): for any µ > 1, there are some constants T (d) > 0, and c > 0, K > 0
independent of the dimension such that for all t < T (d)

E0
x(Z

µ
t (1 + ∥Xt∥2)µ) ≤ K exp(ct∥x∥22)(1 + ∥x∥2)µ. (13)

This, combined with equations (9) and (10) and the linear growth of b, allows us to write

|E0
x[Zsb(Xs).∇xp

0(t− s,Xs, y)]|

≤ Kd/2 exp(cs∥x∥22)(1 + ∥x∥2)
[∫

Rd

dz

sd/2(t− s)(d+1)µ2/2
exp
(
−∥x− z∥22

cs
− µ2

∥z − y∥22
c(t− s)

)]1/µ2

≤ Kd/2 exp(ct∥x∥22)(1 + ∥x∥2)
1

td/2µ2(t− s)(d+1)/2−d/2µ2
exp
(
−∥x− y∥22

c′t

)
.

We choose µ2 close to 1 so that (d+ 1)/2− d/2µ2 < 1 in order to ensure that the time integral converges. Coming back to
(12), we get

E0
x(Zt|Xt = y) ≤ 1 +

Kd/2

p0(t, x, y)

exp(ct∥x∥22)(1 + ∥x∥2)
t(d−1)/2

exp(−∥x− y∥22
c′t

),

and we conclude using (11), the lower bound on p0(9) and that exp(ct∥x∥2
2)∥x∥2

t(d−1)/2 ≤ K
exp(c′t∥x∥2

2)

td/2
.

Proof of (13). From Lemma B.1 ∀q > 1

E0
x((1 + ∥Xt∥2)q) ≤ Kq(tdq)q/2(1 + ∥x∥2)q,

so, up to Hölder’s inequality and choosing T (d) so that T (d)dq < 1, we only need to upper bound E0
x(Z

q
t ). Fix λ ≥ 0. As b

is Lipschitz, there exists a constant K > 0, depending on the ellipticity constant c1 from Assumption 3 but independent of
the dimension, such that

λ

∫ t

0

∥σ−1(Xs)b(Xs)∥22ds ≤ λKt
(
∥x∥22 + sup

s∈[0,t]

∥Xs − x∥22
)
.

Taking the exponential and then the expectation, we obtain

E0
x

[
exp

(
λ

∫ t

0

∥σ−1(Xs)b(Xs)∥22ds
)]

≤ exp(λKt∥x∥22) · E0
x

[
exp

(
λKt sup

s∈[0,t]

∥Xs − x∥22

)]
.

Using the Taylor expansion of the exponential function and the monotone convergence theorem, we write

E0
x

[
exp

(
λKt sup

s∈[0,t]

∥Xs − x∥22

)]
=

∞∑
r=0

(λKt)r

r!
E0
x

[
sup
s∈[0,t]

∥Xs − x∥2r2

]
.
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Plugging the results of Lemma B.1, for t small there exists a constant C > 0 such that

E0
x

[
exp

(
λKt sup

s∈[0,t]

∥Xs − x∥22

)]
≤

∞∑
r=0

(λKt)r

r!
Cr
(
t2rs2r∥x∥2r2 + trrrdr

)
≤ exp(λKCt3s2∥x∥22) +

∞∑
r=0

(λKt)r

r!
Crtrrrdr.

For the second term, we use the fact that r! ≥ (r/e)r hence

∞∑
r=0

(λKt)r

r!
Crtrrrdr ≤

∞∑
r=0

(λKCt2de)r.

This is a geometric series, we choose t ≤ T (d) small enough such that λKCt2de < 1. Consequently, the series converges
to a constant A > 0 independent of x, and for all t ≤ T (d)

E0
x

(
exp(λ

∫ t

0

∥σ−1(Xs)b(Xs)∥22ds)
)

≤ A exp(ct∥x∥22). (14)

In order to bound E0
x(Z

q
t ), we rewrite

Zqt = exp

(
q

∫ t

0

(σ−1(Xs)b(Xs))
TdWs −

q

2

∫ t

0

∥σ−1(Xs)b(Xs)∥22ds
)

= exp

(
q

∫ t

0

(σ−1b(Xs))
TdWs − q2

∫ t

0

∥σ−1b(Xs)∥22ds
)
exp

(
(q2 − q

2
)

∫ t

0

∥σ−1b(Xs)∥22ds
)
.

We conclude using Cauchy–Schwarz inequality, where the first term is a martingale and has expectation equal to 1 and the
second one is estimated by Equation (14).

Proof of (9). Equation (9) and (10) are extensions of Equation (4.12) in Friedman [1975] by tracking the dependence of
the dimension d in the constants. In the following, we give a brief sketch of the proof, following the work done by Friedman
[1964]. We denote by a = σσT , and we introduce the frozen transition density Z(y, t;x, τ), where the volatility is fixed at
the starting point σ(x). For t > τ

Z(y, t;x, τ) =
1

(2π)d/2 det(a(x))1/2(t− τ)d/2
exp
(
− (y − x)Ta−1(x)(y − x)

2(t− τ)

)
≤ Kd/2

(t− τ)d/2
exp
(
−c

∥x− y∥22
t− τ

)
, (15)

where the constants K > 0 and c > 0 depend on the ellipticity constant c1 from Assumption 3. We use the parametrix
method to go from this first estimate to the density p0, writing

p0(t, x, y) = Z(y, t;x, 0) +

∫ t

0

∫
Rd

Z(y, t; η, τ)Φ(η, τ ;x, 0)dηdτ, (16)

where Φ is a solution of the Volterra equation

Φ(η, τ ;x, 0) = LZ(η, τ ;x, 0) +

∫ τ

0

∫
Rd

LZ(η, τ ; ξ, v)Φ(ξ, v;x, 0)dξdv,

with kernel

LZ(y, t;x, τ) =
1

2

d∑
i,j=1

[aij(y)− aij(x)]
∂2Z

∂yi∂yj
(y, t;x, τ).

We note that
∂2Z

∂yi∂yj
(y, t;x, τ) =

[
(a−1(x)(y − x))i(a

−1(x)(y − x))j
(t− τ)2

− a−1(x)ij
(t− τ)

]
Z(y, t;x, τ).
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In order to bound LZ, we use Assumption 4 to bound a(y) − a(x), and we bound ∂2Z
∂yi∂yj

(y, t;x, τ) using (15) and the

ellipticity from Assumption 3. Some powers of ∥y−x∥2
2

t−τ are absorbed into the exponential, and the constants which are
polynomial in d are negligible in front of Kd/2, hence

|LZ(y, t;x, τ)| ≤ Kd/2

(t− τ)(d+1)/2
exp
(
−c′

∥x− y∥22
t− τ

)
.

We next bound Φ by writing

Φ(η, τ ;x, 0) =

∞∑
ν=1

(LZ)ν(η, τ ;x, 0),

where (LZ)ν are the iterative convolutions of LZ. Following the same estimates as in Friedman [1964, Eq. 4.8], we get

|Φ(η, τ ;x, 0)| ≤ Kd/2

τ (d+1)/2
exp
(
−c

∥η − x∥22
τ

)
. (17)

Finally, substituting (17) and (15) back into (16) and applying Lemma 3 in Friedman [1964] to bound the integral, we
conclude that there exist constants K > 0, c > 0 independent of the dimension such that

p0(t, x, y) ≤ Kd/2

td/2
exp
(
−∥x− y∥22

ct

)
.

B.2 PROOF OF THEOREM 3.1

Theorem 3.1. Let θ ∈ Θ such that ∥θ∥0 = s. Then, for any γ > 0, we have on Tmart ∩ Tdisc ∩ Tcomp

∥bθ̂ − bθ0∥2σ,n,N ≤ (1 + γ)∥bθ − bθ0∥2σ,n,N +
4λ2s(2 + γ)2

k2γ∆2
n

,

where λ is the tuning parameter of the Lasso estimator and k is the constant on Tcomp.

Proof. We first compute the contrast function

Rn,N (θ) =
1

N

n∑
i=1

N∑
j=1

∥∥σ(X(j)
ti−1

)−1∆X
(j)
i

∥∥2
2
+

2

Nn

n∑
i=1

N∑
j=1

[
σ(X

(j)
ti−1

)−1bθ(X
(j)
ti−1

)
]T

σ(X
(j)
ti−1

)−1∆X
(j)
i

+∆n∥bθ − bθ0∥2σ,n,N −∆n∥bθ0∥2σ,n,N + 2∆n⟨bθ, bθ0⟩σ,n,N .

By definition of the Lasso estimator we have

Rn,N (θ̂)−Rn,N (θ) ≤ λ
(
∥θ∥1 − ∥θ̂∥1

)
,

therefore for any θ ∈ Θ,

∆n∥bθ̂ − bθ0∥2σ,n,N ≤ ∆n∥bθ − bθ0∥2σ,n,N + 2⟨bθ − bθ̂,∆X +∆nbθ0⟩σ,n,N + λ
(
∥θ∥1 − ∥θ̂∥1

)
. (18)

Recalling the definition of X given in (1), we write

⟨bθ − bθ̂,∆X +∆nbθ0⟩σ,n,N =
1

nN

n∑
i=1

N∑
j=1

(
bθ(X

(j)
ti−1

)− bθ̂(X
(j)
ti−1

)
)T

(σσT )−1(X
(j)
ti−1

)

(∫ ti

ti−1

σ(X(j)
s )dW (j)

s

)

+
1

nN

n∑
i=1

N∑
j=1

(
bθ(X

(j)
ti−1

)− bθ̂(X
(j)
ti−1

)
)T

(σσT )−1(X
(j)
ti−1

)

(∫ ti

ti−1

(bθ0(X
(j)
ti−1

)− bθ0(X
(j)
s ))ds

)
.
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Let us introduce the two terms

A(θ1, θ2) :=
1

nN

n∑
i=1

N∑
j=1

(
bθ1(X

(j)
ti−1

)− bθ2(X
(j)
ti−1

)
)T

(σσT )−1(X
(j)
ti−1

)

(∫ ti

ti−1

(bθ0(X
(j)
ti−1

)− bθ0(X
(j)
s ))ds

)
,

G(θ1, θ2) :=
1

nN

n∑
i=1

N∑
j=1

(
bθ1(X

(j)
ti−1

)− bθ2(X
(j)
ti−1

)
)T

(σσT )−1(X
(j)
ti−1

)

(∫ ti

ti−1

σ(X(j)
s )dW (j)

s

)
.

This allows us to write (18) as

∆n∥bθ̂ − bθ0∥2σ,n,N ≤ ∆n∥bθ − bθ0∥2σ,n,N + 2A(θ, θ̂) + 2G(θ, θ̂) + λ
(
∥θ∥1 − ∥θ̂∥1

)
.

We observe that

|A(θ, θ̂)| ≤ ∥θ − θ̂∥1

∥∥∥∥∥∥ 1

nN

n∑
i=1

N∑
j=1

Φ(X
(j)
ti−1

)T (σσT )−1(X
(j)
ti−1

)

(∫ ti

ti−1

(bθ0(X
(j)
s )− bθ0(X

(j)
ti−1

))ds

)∥∥∥∥∥∥
∞

,

|G(θ, θ̂)| ≤ ∥θ − θ̂∥1

∥∥∥∥∥∥ 1

nN

n∑
i=1

N∑
j=1

Φ(X
(j)
ti−1

)T (σσT )−1(X
(j)
ti−1

)

(∫ ti

ti−1

σ(X(j)
s )dW (j)

s

)∥∥∥∥∥∥
∞

,

hence we obtain that, on the event Tmart ∩ Tdisc,

∆n∥bθ̂ − bθ0∥2σ,n,N ≤ ∆n∥bθ − bθ0∥2σ,n,N + λ
(
∥θ∥1 − ∥θ̂∥1 + ∥θ − θ̂∥1

)
.

We work here assuming that θ ∈ Θ is such that ∥θ∥0 = s, and let us denote S(θ) = supp(θ). Then,

∥θ∥1 − ∥θ̂∥1 + ∥θ − θ̂∥1 = ∥θ∥1 − ∥θ̂|S(θ)∥1 − ∥θ̂|S(θ)c∥1 + ∥θ − θ̂|S(θ)∥1 + ∥θ̂|S(θ)c∥1
≤ 2∥θ̂|S(θ) − θ∥1,

hence
∆n∥bθ̂ − bθ0∥2σ,n,N + λ∥θ̂ − θ∥1 ≤ ∆n∥bθ − bθ0∥2σ,n,N + 4λ∥θ̂|S(θ) − θ∥1. (19)

Finally, given a constant γ > 0, we will consider two scenarios. On the one hand, if 4λ∥θ̂|S(θ)−θ∥1 ≤ γ∆n∥bθ− bθ0∥2σ,n,N
then we obtain from (19) that

∥bθ̂ − bθ0∥2σ,n,N ≤ (1 + γ)∥bθ − bθ0∥2σ,n,N . (20)

On the other hand, if 4λ∥θ̂|S(θ) − θ∥1 > γ∆n∥bθ − bθ0∥2σ,n,N we obtain from (19) that

∥θ − θ̂∥1 ≤ (4 +
4

γ
)∥θ̂|S(θ) − θ∥1,

which implies that θ − θ̂ ∈ C(s, 3 + 4/γ). Applying Cauchy–Schwarz inequality in (19), we obtain that

∆n∥bθ̂ − bθ0∥2σ,n,N + λ∥θ̂ − θ∥1 ≤ ∆n∥bθ − bθ0∥2σ,n,N + 4λ
√
s∥θ̂ − θ∥2.

On Tcomp, we have ∥bθ − bθ̂∥σ,n,N ≥ k∥θ̂ − θ∥2, hence

∥bθ̂ − bθ0∥2σ,n,N ≤ ∥bθ − bθ0∥2σ,n,N + 4λ

√
s

k∆n
(∥bθ − bθ0∥σ,n,N + ∥bθ0 − bθ̂∥σ,n,N ).

Using the inequality 2ab ≤ a2

ε + εb2 twice with a = λ
√
s, b = ∥bθ − bθ0∥σ,n,N and then with b = ∥bθ0 − bθ̂∥σ,n,N , we

obtain

∥bθ̂ − bθ0∥2σ,n,N ≤ ∥bθ − bθ0∥2σ,n,N +
2

k∆n

(
ε∥bθ − bθ0∥2σ,n,N + ε∥bθ0 − bθ̂∥

2
σ,n,N +

2λ2s

ε

)
.

Rearranging the terms to isolate ∥bθ̂ − bθ0∥2σ,n,N , we get

∥bθ̂ − bθ0∥2σ,n,N ≤ k∆n + 2ε

k∆n − 2ε
∥bθ − bθ0∥2σ,n,N +

4λ2s

εk∆n

1

1− 2ε
k∆n

.
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In order for the first term to match with (1 + γ) from Equation (20) in the case 4λ∥θ̂|S(θ) − θ∥1 ≤ γ∆n∥bθ − bθ0∥2σ,n,N ,
we choose ε = kγ∆n

2(2+γ) and obtain

∥bθ̂ − bθ0∥2σ,n,N ≤ (1 + γ)∥bθ − bθ0∥2σ,n,N +
4λ2s(2 + γ)2

k2γ∆2
n

,

which completes the proof.

B.3 CONTROL OF THE RANDOM SET PROBABILITY

B.3.1 Proof of Theorem 3.2

Theorem 3.2. Under Assumptions 3 and 4, and for Ωn,N defined in (6), we have that for n large enough,

P(Ωcn,N ) ≤ 1

nN
.

Proof. We set j ∈ [N ] and 0 ≤ t ≤ 1. We have from Lemma B.2 that the transition density of X(j)
t satisfies

p(t, x, y) ≤ Cd/2

td/2
exp
(
−∥x− y∥22

ct

)
exp(ct∥x∥22),

for some constant C > 0 and c > 0 independent of the dimension. We recall that for all j ∈ [N ], X(j)
0 = 0. For any K > 0

P(∥X(j)
t ∥2 > K) =

∫
y∈Rd,∥y∥2>K

p(t, 0, y)dy ≤
∫
y∈Rd,∥y∥2>K

Cd/2

td/2
exp
(
−∥y∥22

ct

)
dy

≤ Cd/2P(∥Y ∥2 > K/
√
ct),

where Y ∼ N (0, Id) is a standard Gaussian variable of dimension d, hence ∥Y ∥22 has a chi-squared distribution with d
degrees of freedom. For 0 < s < 1/2, we obtain using Markov’s inequality that for all 0 ≤ t ≤ 1

P(∥Y ∥22 > K2/ct) ≤ E(esχ
2
d)e−sK

2/ct ≤ (1− 2s)−d/2e−sK
2/ct ≤ (1− 2s)−d/2e−sK

2/c.

If K2/c > d, this expression is minimised for s = 1
2 (1−

dc
K2 ) < 1/2

P(∥Y ∥22 > K2/ct) ≤ exp
(
−K2/c− d

2
+

d

2
log(

K2

cd
)
)
.

Coming back to X , we write

P(∥X(j)
t ∥2 > K) ≤ exp(−K2

2c
) exp

(
d

2

(
1 + logC + log(

K2

cd
)
))

. (21)

If K2/cd is sufficiently large, then 1 + logC + log(K
2

cd ) <
K2

2cd and P(∥X(j)
t ∥2 > K) ≤ exp(−K2/4c).

We now define Ωn,N of the form

Ωn,N =

{
max

1≤i≤n, 1≤j≤N
∥X(j)

ti−1
∥22 < dA2

n,N

}
,

and we detail the choice of An,N . Using Equation (21) for K =
√
dAn,N , we have

P(Ωcn,N ) = P
( ⋃
1≤i≤n

⋃
1≤j≤N

∥X(j)
ti−1

∥22 ≥ dA2
n,N

)
≤
∑

1≤i≤n

∑
1≤j≤N

P
(
∥X(j)

ti−1
∥22 ≥ dA2

n,N

)
≤ nN exp(−dA2

n,N/4c).
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Choosing An,N = log(nN), we have for n large enough d log(nN)2

4c > 2 log(nN) and

P(Ωcn,N ) ≤ 1

nN
.

B.3.2 The Martingale Set

Theorem B.3. Under Assumptions 1 - 3, for a fixed value of ε ∈ (0, 1/4) and for all λ > λ1, it holds that

P(T c
mart|Ωn,N ) ≤ ε.

Proof. From now on, we are working on Ωn,N , defined in Equation (6). We want to upper bound

P(T c
mart) = P

(∥∥∥ 1

nN

n∑
i=1

N∑
j=1

Φ(X
(j)
ti−1

)T (σσT )−1(X
(j)
ti−1

)

∫ ti

ti−1

σ(X(j)
s )dW (j)

s

∥∥∥
∞

>
λ

4

)

≤ pmax
k

P
(∣∣∣ 1

N

N∑
j=1

Z
(j)
k | > λ

4

)
,

where Z
(j)
k is the one-dimensional martingale

Z
(j)
k :=

( 1
n

n∑
i=1

Φ(X
(j)
ti−1

)T (σσT )−1(X
(j)
ti−1

)

∫ ti

ti−1

σ(X(j)
s )dW (j)

s

)
k

=
1

n

n∑
i=1

d∑
l=1

(ϕk(X
(j)
ti−1

))l

∫ ti

ti−1

d∑
m=1

[
(σσT )−1(X

(j)
ti−1

) σ(X(j)
s )
]
l,m

dW (j)
m,s

=
1

n

d∑
m=1

Y (j)
m ,

with

Y (j)
m :=

n∑
i=1

∫ ti

ti−1

d∑
l=1

(ϕk(X
(j)
ti−1

))l
[
(σσT )−1(X

(j)
ti−1

) σ(X(j)
s )
]
l,m

dW (j)
m,s.

For a fixed j and conditionally on (X
(j)
s )s, the random variables (Y (j)

m )1≤m≤d are independent, centered and Gaussian, with

Var(Y (j)
m |(X(j)

s )s) =

n∑
i=1

∫ ti

ti−1

( d∑
l=1

(ϕk(X
(j)
ti−1

))l
[
(σσT )−1(X

(j)
ti−1

) σ(X(j)
s )
]
l,m

)2
ds.

Using the independence to sum the variances, we have

Var(Z(j)
k |(X(j)

s )s) =
1

n2

d∑
m=1

n∑
i=1

∫ ti

ti−1

(
d∑
l=1

(ϕk(X
(j)
ti−1

))l
[
(σσT )−1(X

(j)
ti−1

) σ(X(j)
s )
]
l,m

)2

ds

=
1

n2

n∑
i=1

∫ ti

ti−1

d∑
m=1

(
ϕTk (X

(j)
ti−1

) (σσT )−1(X
(j)
ti−1

) σ(X(j)
s )
)2
m
ds

=
1

n2

n∑
i=1

∫ ti

ti−1

∥∥∥ϕTk (X(j)
ti−1

) (σσT )−1(X
(j)
ti−1

) σ(X(j)
s )
∥∥∥2
2
ds.
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We upper bound the conditional variance using that the functions ϕk are Lipschitz with constant Lk (uniformly bounded in
p or d through Assumption 1) and the ellipticity of σ from Assumption 3

Var(Z(j)
k |(X(j)

s )s) ≤
1

n2

n∑
i=1

∫ ti

ti−1

∥∥∥ϕk(X(j)
ti−1

)
∥∥∥2
2

∥∥∥(σσT )−1(X
(j)
ti−1

) σ(X(j)
s )
∥∥∥2
2
ds

≤ n∆n

n2
2
(
L2
k∥X

(j)
ti−1

∥22 + ∥ϕk(0)∥22
)

C4
σ.

As we are working on Ωn,N , we upper bound the sub-gaussian norm of the martingale Z
(j)
k

∥Z(j)
k ∥2ψ2 ≤ C

n2
n∆nd log(nN)2.

Using sub-gaussian Hoeffding inequality [see e.g. Vershynin, 2018] on the average 1
N

∑N
j=1 Z

(j)
k , we have

P(T c
mart) ≤ 2p exp

(
− cλ2Nn2

n∆nd log(nN)2

)
.

As n∆n = T = 1 in our case, for a fixed value of ε ∈ (0, 1/4) we define

λ1 = C1

√
n∆nd log(nN)2

n2N
[log(2p) + log(1/ε)] = C1

log(nN)

n

√
d

N

√
log(2p) + log(1/ε),

and for all λ ≥ λ1

P(T c
mart|Ωn,N ) ≤ ε.

B.3.3 The Discretisation Set

Theorem B.4. Under Assumptions 1 - 3, for a fixed value of ε ∈ (0, 1/4) and for all λ > λ2, it holds that

P(T c
disc|Ωn,N ) ≤ ε.

Proof. From now on, we are working on Ωn,N (defined by (6)). We first rewrite

P(T c
disc) = P

∥∥∥∥∥ 1

nN

n∑
i=1

N∑
j=1

Φ(X
(j)
ti−1

)T (σσT )−1(X
(j)
ti−1

)

(
p∑
l=1

θ0,l

∫ ti

ti−1

(
ϕl(X

(j)
s )− ϕl(X

(j)
ti−1

)
)
ds

)∥∥∥∥∥
∞

>
λ

4


= P

 p⋃
k=1


∣∣∣∣∣ 1

nN

n∑
i=1

N∑
j=1

Φ(X
(j)
ti−1

)T (σσT )−1(X
(j)
ti−1

)

(
p∑
l=1

θ0,l

∫ ti

ti−1

(
ϕl(X

(j)
s )− ϕl(X

(j)
ti−1

)
)
ds

)∣∣∣∣∣
k

>
λ

4




≤ pmax
k

P

∣∣∣ 1

nN

n∑
i=1

N∑
j=1

F i,jk

∣∣∣ ≥ λ

4

 ,

where

F i,jk := ϕk(X
(j)
ti−1

)T (σσT )−1(X
(j)
ti−1

)

(
p∑
l=1

θ0,l

∫ ti

ti−1

(
ϕl(X

(j)
u )− ϕl(X

(j)
ti−1

)
)
du

)
.

We will upper bound this probability using Markov’s inequality, therefore we aim to upper bound E(|F i,jk |r) (where
r > 1 will be specified later). We have using Cauchy-Schwarz inequality, the linear growth of ϕk from Assumption 1, and
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Assumption 3

E(|F i,jk |r) ≤ E
[∥∥∥ϕk(X(j)

ti−1
)
∥∥∥2r
2

]1/2
E

[∥∥∥∥(σσT )−1(X
(j)
ti−1

)
( p∑
l=1

θ0,l

∫ ti

ti−1

(
ϕl(X

(j)
u )− ϕl(X

(j)
ti−1

)
)
du
)∥∥∥∥2r

2

]1/2
≤ 22r−1

[
L2r
k E

[∥∥X(j)
ti−1

∥∥2r
2

]
+ ∥ϕk(0)∥2r2

]1/2
× E

[∥∥∥(σσT )−1(X
(j)
ti−1

)
∥∥∥2r
2

∥∥∥∥ p∑
l=1

θ0,l

∫ ti

ti−1

(
ϕl(X

(j)
u )− ϕl(X

(j)
ti−1

)
)
du

∥∥∥∥2r
2

]1/2

≤ CrLrk d
r/2 log(nN)rCr

σ srmax
l

|θ0,l|r E

[∥∥∥∥∫ ti

ti−1

(
ϕl(X

(j)
u )− ϕl(X

(j)
ti−1

)
)
du

∥∥∥∥2r
2

]1/2

≤ CrLrkC
r
σ dr/2 log(nN)rsr∆(2r−1)/2

n max
l

|θ0,lLl|r
(∫ ti

ti−1

E
[∥∥∥X(j)

u −X
(j)
ti−1

∥∥∥2r
2

]
du

)1/2

. (22)

We bound the increments of the process using Lemma B.1

sup
u∈[ti−1,ti]

E
[∥∥∥X(j)

u −X
(j)
ti−1

∥∥∥2r
2

]
≤ Cr

(
∆2r
n s2r(E

[∥∥X(j)
ti−1

∥∥2r
2

]
+ ∥ϕk(0)∥2r2 ) + ∆r

nr
rdr
)

≤ Cr∆r
n

(
∆r
ns

2r log(nN)2r + rrdr
)
≤ Cr∆r

n log(nN)2rrrdr. (23)

We get by combining (22) and (23) that

E(|F i,jk |r) ≤ Cr log(nN)2r drsr∆3r/2
n rr/2,

therefore using Hölder’s inequality

E
(∣∣∣ 1

nN

n∑
i=1

N∑
j=1

F i,jk

∣∣∣r) ≤ (C log(nN)2ds∆3/2
n

√
r)r.

Using Markov’s inequality, we deduce that

P
(∣∣∣ 1

nN

n∑
i=1

N∑
j=1

F i,jk

∣∣∣ ≥ C log(nN)2ds∆3/2
n

√
re
)
≤ exp(−r),

which after a good choice of r can be written in the form

P

∣∣∣ 1

nN

n∑
i=1

N∑
j=1

F i,jk

∣∣∣ ≥ u

 ≤ exp

(
−
( u

eC log(nN)2ds∆
3/2
n

)2)
.

We conclude that

P(T c
disc) ≤ pmax

k
P

∣∣∣ 1

nN

n∑
i=1

N∑
j=1

F i,jk

∣∣∣ ≥ λ

4


≤ p exp

(
−
( λ/4

eC log(nN)2ds∆
3/2
n

)2)
≤ p exp

(
−c

λ2

log(nN)4d2s2∆3
n

)
.

Therefore, for a fixed value of ε ∈ (0, 1/4) we define

λ2 = C2 log(nN)2sd∆3/2
n

√
log(p) + log(1/ε) = C2

sd log(nN)2

n3/2

√
log(p) + log(1/ε),

and for all λ ≥ λ2

P(T c
disc|Ωn,N ) ≤ ε.
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B.3.4 Compatibility Condition

Theorem B.5. Under Assumptions 1 - 3 and Assumption 5, for a fixed value of ε ∈ (0, 1/4) and for all N > N1, it holds
that

P(T c
comp|Ωn,N ) ≤ ε.

Proof. From now on, we are working on Ωn,N (defined by (6)). For u ∈ Rp, we define

Hu = uT

 1

N

N∑
j=1

1

n

n∑
i=1

[
(σ−1Φ)T (σ−1Φ)(X

(j)
ti−1

)− E
[
(σ−1Φ)T (σ−1Φ)(X

(j)
ti−1

)
]]u.

Following the proof of Theorem 6.8. in Amorino et al. [2025] and using Assumption 5, we have

P
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(
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Hu

∥u∥22
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≥ 1− 212s
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)
sup
u∈Θ

P

(
Hu

∥u∥22
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9(5 + 4
γ )

2

)
. (24)

The random function Hu

∥u∥2
2

can be written as a sum of N independent random variables

Hu

∥u∥22
=

1

N

N∑
j=1

 1
n

∑n
i=1 u

T
[
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ti−1

)− E
[
(σ−1Φ)T (σ−1Φ)(X

(j)
ti−1

)
]]

u

∥u∥22

 .

We recall that from Cauchy–Schwarz inequality ∀M ∈ Rp×p, ∀u ∈ Rp, uTMu ≤ ∥u∥22
√∑

k

∑
lM

2
k,l. From Assumption

1, the functions ϕk are Lipschitz. As we are working on Ωn,N given in Equation (6), we have

uT (σ−1Φ)T (σ−1Φ)(X
(j)
ti−1

)u ≤ ∥u∥22 ∥σ−1Φ(X
(j)
ti−1

)∥22 ≤ C2
σ∥u∥22 ∥Φ(X

(j)
ti−1

)∥22

≤ C2
σ∥u∥22
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k=1

∥ϕk(X(j)
ti−1

)∥22 ≤ C∥u∥22pd log(nN)2.

Hence Hu

∥u∥2
2

is a sum of independent, centered and bounded random variables, and we apply Hoeffding’s inequality to obtain

P
(

Hu

∥u∥22
≥ z

)
≤ 2 exp

(
− c(zN)2

N(dp log(nN)2)2

)
≤ 2 exp

(
− cz2N

d2p2 log(nN)4

)
.

Combining this upper bound with (24), we have proved that

P(Tcomp) ≥ 1− 212s
(
p2s ∧ (ep/2s)2s

)
2 exp

(
− cN

d2p2 log(nN)4
(ℓ− k2)2

(5 + 4/γ)4

)
.

Therefore, for a fixed value of ε ∈ (0, 1/4) we define

N1 = c1
(5 + 4/γ)4

(ℓ− k2)2
d2p2 log(nN)4

[
log(2/ε) + log

(
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2p2 log(nN)4
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[
log(2/ε) + log

(
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,

and for all N ≥ N1

P(T c
comp|Ωn,N ) ≤ ε.
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