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Abstract

Gradient clipping is a fundamental tool in Deep Learning, improving the high-1

probability convergence of stochastic first-order methods like SGD, AdaGrad,2

and Adam under heavy-tailed noise, which is common in training large language3

models. It is also a crucial component of Differential Privacy (DP) mechanisms.4

However, existing high-probability convergence analyses typically require the5

clipping threshold to increase with the number of optimization steps, which is6

incompatible with standard DP mechanisms like the Gaussian mechanism. In this7

work, we close this gap by providing the first high-probability convergence analysis8

for DP-Clipped-SGD with a fixed clipping level, applicable to both convex and9

non-convex smooth optimization under heavy-tailed noise, characterized by a10

bounded central α-th moment assumption, α ∈ (1, 2]. Our results show that, with11

a fixed clipping level, the method converges to a neighborhood of the optimal12

solution with a faster rate than the existing ones. The neighborhood can be13

balanced against the noise introduced by DP, providing a refined trade-off between14

convergence speed and privacy guarantees.15

1 Introduction16

Stochastic first-order optimization methods, such as Stochastic Gradient Descent (SGD) (Robbins17

and Monro, 1951), AdaGrad (Streeter and McMahan, 2010; Duchi et al., 2011), and Adam (Kingma18

and Ba, 2014), are fundamental for training modern Machine Learning (ML) and Deep Learning19

(DL) models. However, these methods are often enhanced with additional algorithmic techniques that20

play a critical role in their convergence and practical performance. Among these, gradient clipping21

(Pascanu et al., 2013) is one of the most widely used and well-studied approaches. In recent years,22

substantial efforts have been made to theoretically understand the advantages of gradient clipping23

and its impact on the convergence of stochastic optimization algorithms.24

In particular, gradient clipping is a key component in managing heavy-tailed noise, which commonly25

arises in the training of language models on textual data (Zhang et al., 2020), in the training of26

GANs (Goodfellow et al., 2014; Gorbunov et al., 2022), and even in simpler tasks such as image27

classification (Şimşekli et al., 2019). This approach is primarily analyzed through the lens of high-28

probability convergence, as such guarantees provide a more accurate reflection of the actual behavior29

of optimization methods compared to their more conventional in-expectation counterparts (Gorbunov30

et al., 2020). Moreover, as demonstrated by Sadiev et al. (2023) for SGD and by Chezhegov et al.31

(2024) for AdaGrad and Adam, methods without clipping may fail to exhibit high-probability32

convergence with logarithmic dependence on the failure probability. In contrast, several recent works33

(Gorbunov et al., 2020; Cutkosky and Mehta, 2021; Sadiev et al., 2023; Nguyen et al., 2023; Gorbunov34

et al., 2024b; Chezhegov et al., 2024; Parletta et al., 2024) have established that various stochastic35
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first-order methods attain significantly better high-probability convergence under heavy-tailed noise36

assumptions across different settings.37

On the other hand, clipping is a cornerstone of Differentially Private (DP) machine learning. The38

widely used Gaussian mechanism (Dwork et al., 2014) achieves privacy by adding Gaussian noise to39

the gradients, thereby introducing uncertainty about their true values. However, the DP guarantees40

provided by this mechanism rely on the assumption that the gradients have bounded norms, a41

condition typically enforced through gradient clipping (Abadi et al., 2016).42

It is therefore tempting to claim that gradient clipping can provably address two distinct challenges43

simultaneously: mitigating heavy-tailed noise and ensuring differential privacy (DP). However, this44

is not entirely accurate, as the clipping policies required for these two objectives differ substantially.45

In the context of heavy-tailed noise, existing convergence guarantees are typically derived assuming46

that the clipping level increases with the total number of training steps. In contrast, DP mechanisms47

require a fixed and bounded clipping threshold to ensure robust privacy guarantees. This fundamental48

mismatch raises a critical question:49

How does differentially private version of Clipped-SGD converge with high probability
under the heavy-tailed noise?

Our contribution. In this paper, we address the above question by providing the first high-50

probability convergence bounds for the differentially private version of Clipped-SGD (DP-Clipped-51

SGD) with an arbitrary fixed clipping level applied to convex smooth optimization problems under52

heavy-tailed noise. Specifically, we assume that the stochastic gradient has a bounded central α-th53

moment for some α ∈ (1, 2] and establish that DP-Clipped-SGD achieves a high-probability conver-54

gence rate of Õ(K−1/2) to a certain neighborhood of the optimal solution. This rate is significantly55

better than the previously known bound of Õ(K−(α−1)/α) in this setting.56

However, this improvement is achieved by relaxing the requirement for exact convergence and instead57

demonstrating convergence to a neighborhood whose size depends non-trivially on the clipping level,58

noise scale, and other problem-dependent parameters. Importantly, the size of this neighborhood,59

introduced due to the inherent bias in clipped stochastic gradients, can be carefully balanced with60

the neighborhood induced by the DP noise, allowing for more flexible control over the trade-off61

between convergence accuracy and privacy. Additionally, we extend our results to the non-convex62

case, illustrating the broader applicability of our analysis.63

2 Technical Preliminaries64

The optimization problem considered in this work has the following form65

min
x∈Rd

{f(x) := Eξ∼D[fξ(x)]} . (1)

Here, x denotes the model parameters, f : Rd → R is the expected loss function, and fξ : Rd → R66

represents the loss computed for a random sample ξ drawn from an (often unknown) distribution D.67

Such problems are fundamental in machine learning (Shalev-Shwartz and Ben-David, 2014).68

We assume that at each iteration, we have access to an oracle that provides a stochastic gradi-69

ent ∇fξ(x), as well as a d-dimensional random vector ω sampled from a Gaussian distribution70

N (0, σ2
ωId), where Id is the d× d identity matrix. More precisely, the random variables ξ and ω are71

defined on the probability space
(
Ωd × Rd,B(Ωd)⊗ B(Rd),F t,P

)
, where Ωd represents the data72

sample space, and B(X ) denotes the Borel σ-algebra generated by the set X . This probability space73

is also equipped with the natural filtration F t = σ
([

∇fξ0(x
0), ω0

]T
, . . . [∇fξt(x

t), ωt]
T
)

, which74

captures the history of the stochastic process up to time t. The probability measure P is defined as the75

product measure on this space, given by76

P{Bd ×Bω} = (µ× ν)(Bd ×Bω) = µ(Bd) ν(Bω), ∀Bd ∈ B(Ωd),∀Bω ∈ B(Rd), (2)

where µ is a probability measure on Ωd, and ν is the Gaussian measure on Rd with mean zero and77

covariance matrix σ2
ωId.78
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Types of convergence bounds. Several types of convergence bounds are commonly used to analyze79

the behavior of stochastic optimization methods, ranging from in-expectation bounds to almost80

sure convergence guarantees. High-probability convergence bounds provide guarantees of the form81

P
{
P(xK) ≤ ϵ

}
≥ 1 − β, where P(x) is a performance metric that measures the quality of the82

solution1. Here, P{·} denotes the probability measure defined by the problem setup, xK is the83

algorithm’s output after K iterations, β is the confidence level (or failure probability), and ϵ is the84

optimization error.85

This type of convergence is generally considered superior to in-expectation guarantees (e.g.,86

E[P(xK)] ≤ ϵ), as it captures not only the average behavior of the underlying random variables but87

also their tail behavior, which is particularly important for distributions with heavy tails. However, it88

is worth noting that the number of iterations K required to achieve such high-probability guarantees89

can depend inversely on the failure probability β, as seen in analyses for methods like SGD (Sadiev90

et al., 2023), AdaGrad, and Adam (Chezhegov et al., 2024). Such inverse-power dependencies on β91

are generally undesirable, as β is typically chosen to be very small. Consequently, a major objective92

in the high-probability convergence literature is to establish bounds with polylogarithmic dependence93

on 1/β, which are significantly tighter and more practical.94

Assumptions. In the following, we list the assumptions on the structure of the problem at hand.95

These assumptions are very mild and cover a wide range of problems.96

Assumption 2.1. We assume the function f is uniformly lower-bounded on some subset Q ⊆ Rd,97

i.e., f∗ := infx∈Q f(x) > −∞.98

The above assumption is necessary for problem (1) to be feasible. Next, we make a standard99

assumption about the smoothness of the objective function.100

Assumption 2.2. We assume that there exists a constant L > 0 such that for all x, y ∈ Q ⊆ Rd the101

function f satisfies the following.102

∥∇f(x)−∇f(y)∥ ≤ L ∥x− y∥ . (3)

In this work, we consider both classes of convex and non-convex functions. The following assumption103

holds only for convex functions.104

Assumption 2.3. We assume there exists a subset Q of Rd such that for all x, y ∈ Q105

f(y) ≥ f(x) + ⟨∇f(x), y − x⟩. (4)

The following assumption is with respect to the stochastic oracle that our algorithm receives at106

each iteration. We assume that the stochastic gradients have a bounded central α moment for some107

α ∈ (1, 2]. This assumption is stated explicitly below.108

Assumption 2.4. We assume there exist some subset Q ⊆ Rd, and some constants σ > 0, α ∈ (1, 2]109

such that for all x ∈ Q110

Eξ∼D [∇fξ(x) | x] = ∇f(x), (5)

Eξ∼D [∥∇fξ(x)−∇f(x)∥α | x] ≤ σα. (6)

As it can be seen, in the case α = 2, the aforementioned conditions recover the standard uniformly111

bounded variance assumption widely used for obtaining convergence guarantees for optimization112

algorithms in the literature. Since the Lp norms of random variable are non-decreasing in p, this113

assumption allows the stochastic gradients to have infinite variance.114

Next, we use the classical definition of (ε, δ)-differential privacy. Intuitively, it provides probabilistic115

guarantees that an intruder cannot infer the existence of a particular data in the data set that the116

algorithm used to train the model.117

Definition 2.5. ( (ϵ, δ)-Differential Privacy (Dwork et al., 2014)). A randomized method M : D → R118

satisfies (ε, δ)-Differential Privacy, if for any adjacent D,D′ ∈ D and for any S ⊆ R119

P (M(D) ∈ S) ≤ eεP (M(D′) ∈ S) + δ, (7)

Smaller (ε, δ) provides stronger privacy guarantee. This also can be viewed from the perspective of120

Bayesian hypothesis testing where the null and alternative hypothesis are about the existence of an121

individual’s data in the dataset (Su, 2024).122

1Examples of such performance metric for problem (1): P(x) = f(x) − f(x∗), P(x) = ∥∇f(x)∥2,
P(x) = ∥x− x∗∥2, where x∗ ∈ argminx∈Rd f(x).
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3 Related Work123

Clipping in Differential Private learning. There are several approaches to ensuring DP guarantees124

in SGD, but the most common method relies on a combination of gradient clipping and noise injection.125

In the finite-sum setting, Abadi et al. (2016) demonstrated that it is sufficient to add Gaussian noise126

(the Gaussian mechanism) with standard deviation σω = Θ
(

qλ
ε

√
K ln 1

δ

)
to the clipped gradients,127

where q is the sampling probability for each individual summand. This approach reduces the variance128

of the required Gaussian noise by a factor of
√
lnK compared to the advanced composition theorem129

(Dwork et al., 2014), significantly improving the utility of DP training.130

This combination of gradient clipping and the Gaussian mechanism has become a standard approach131

in many DP training algorithms. However, these methods often rely on restrictive assumptions, such132

as requiring the clipping level to always be larger than the norm of the transmitted vector (Zhang133

et al., 2022; Noble et al., 2022; Allouah et al., 2023, 2024; Li and Chi, 2025)2, assuming symmetry134

of the noise distribution (Liu et al., 2022), or requiring that the full gradients be computed (Wei et al.,135

2020). These conditions can be quite restrictive, particularly in practical large-scale settings.136

To the best of our knowledge, the only work that avoids these assumptions is Islamov et al. (2025),137

where the authors proposed a distributed optimization method based on clipping, error feedback138

(Seide et al., 2014; Richtárik et al., 2021), and heavy-ball momentum (Polyak, 1964). However,139

their high-probability convergence analysis critically relies on the assumption that the noise in the140

stochastic gradients has sub-Gaussian tails. By contrast, under the more realistic Assumption 2.4 with141

α ≥ 2 (which is still more restrictive than the heavy-tailed case with α < 2), Zhao et al. (2025) derive142

in-expectation convergence bounds for a variant of projected SGD that uses DP mean estimation143

with a sufficiently large number of samples. However, this approach can be prohibitively expensive144

in practice, particularly in the training of large language models.145

High-probability convergence bounds. If the noise in the stochastic gradient has light tails, then146

classical stochastic first-order methods like SGD and its adaptive and momentum-based variants can147

achieve desirable high-probability convergence rates, characterized by polylogarithmic dependence148

on the failure probability β. For instance, under the sub-Gaussian noise assumption, such results149

exist for SGD (Nemirovski et al., 2009; Harvey et al., 2019), its accelerated variants (Ghadimi150

and Lan, 2012; Dvurechensky and Gasnikov, 2016), and its momentum and AdaGrad versions151

(Li and Orabona, 2020; Liu et al., 2023). Additionally, Madden et al. (2024) demonstrate that152

polylogarithmic high-probability bounds can also be achieved for SGD under the weaker sub-Weibull153

noise assumption. However, as highlighted by Sadiev et al. (2023) and Chezhegov et al. (2024),154

methods like SGD, AdaGrad, and Adam can fail to achieve these desired high-probability rates155

under heavier-tailed noise distributions.156

To address the limitations of high-probability convergence for stochastic methods under heavy-tailed157

noise, several algorithmic modifications have been proposed and rigorously analyzed in recent years.158

Nazin et al. (2019) introduced a variant of Stochastic Mirror Descent (Nemirovskij and Yudin, 1983)159

with truncation of the stochastic gradient, establishing high-probability complexity bounds for convex160

and strongly convex smooth optimization over compact sets under the bounded variance assumption161

(Assumption 2.4 with α = 2). Interestingly, the truncation operator used in this work, while not162

identical, is closely related to the standard gradient clipping technique that has since become the163

foundation of many subsequent studies.164

In particular, Gorbunov et al. (2020) derived the first high-probability complexity bounds for Clipped-165

SGD and also proposed an accelerated version based on the Stochastic Similar Triangles Method166

(SSTM) (Gasnikov and Nesterov, 2016). These results were later extended to non-smooth problems167

by Gorbunov et al. (2024a); Parletta et al. (2024), to unconstrained variational inequalities by168

Gorbunov et al. (2022), and to settings with noise having a bounded α-th moment by Cutkosky and169

Mehta (2021) (with an additional bounded gradient assumption in the non-convex case). Building170

on these foundations, Sadiev et al. (2023) extended the results from Gorbunov et al. (2020) and171

Gorbunov et al. (2022) to the more challenging setting defined by Assumption 2.4 with α < 2,172

removing the bounded gradient assumption for non-convex objectives. This work also introduced173

2Li and Chi (2025) also provide an in-expectation convergence result without the bounded gradient assump-
tion, but with a worse dependence on the variance bound of the stochastic gradients.
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new high-probability bounds for Clipped-SGD in the non-convex regime. These non-convex results174

were further refined by Nguyen et al. (2023), who also obtained tighter logarithmic factors in the175

convergence rates for both convex and strongly convex settings.176

In the context of distributed optimization, Gorbunov et al. (2024b) extended the results of Sadiev177

et al. (2023) to distributed composite minimization and variational inequalities using the clipping178

of gradient differences, thereby broadening the applicability to decentralized and federated learning179

scenarios.180

Adaptive methods have also been analyzed through the lens of high-probability convergence. Li and181

Liu (2023) derived new high-probability bounds for Clipped-AdaGrad with scalar stepsizes, while182

Chezhegov et al. (2024) obtained analogous bounds for various versions of Clipped-AdaGrad and183

Clipped-Adam with both scalar and coordinate-wise stepsizes. Additionally, Kornilov et al. (2023)184

proposed a zeroth-order variant of Clipped-SSTM and analyzed it under Assumption 2.4, extending185

the clipping framework to derivative-free settings.186

However, a critical limitation shared by all of these methods is that the clipping level λ is typically187

chosen as an increasing function of the total number of steps K3. This choice, while theoretically188

convenient, leads to prohibitively large DP noise variance when aiming to guarantee (ε, δ)-DP,189

resulting in utility bounds that grow with K and significantly degrade the practical effectiveness of190

these methods in privacy-preserving applications.191

There exist other alternatives to gradient clipping that also ensure high-probability convergence192

with polylogarithmic dependency on the failure probability. They include robust distance estimation193

coupled with inexact proximal point steps (Davis et al., 2021), gradient normalization (Cutkosky194

and Mehta, 2021; Hübler et al., 2024), and sign-based methods (Kornilov et al., 2025). Notably,195

the approaches from Hübler et al. (2024); Kornilov et al. (2025) enjoy provable (yet sub-optimal)196

high-probability convergence even when α is unknown. In the special case of symmetric distributions,197

Armacki et al. (2023, 2024) provide new high-probability convergence bounds for a large class198

of SGD-type methods with non-linear transformations such as standard clipping, coordinate-wise199

clipping, normalization, and sign-operator, and Puchkin et al. (2024) derive high-probability conver-200

gence of SGD with median-based clipping and also extend this result to problems with structured201

non-symmetry for SGD with smoothed median of means coupled with gradient clipping.202

4 Main Results203

The well-known Clipped-SGD algorithm with the Gaussian DP mechanism (DP-Clipped-SGD) is204

described in Algorithm 1. If differential privacy (DP) is not required, one can simply set σ2
ω = 0. As205

shown by Sadiev et al. (2023), achieving exact convergence to the optimal solution of problem (1)206

using Clipped-SGD requires the clipping level to be chosen as λ = O
(
σ
(
K/(ln K

β )
)1/α)

. However,207

this choice of clipping level, which scales with the total number of iterations K, is problematic208

from a DP perspective. Specifically, larger clipping levels necessitate larger DP noise to maintain209

privacy, significantly increasing the variance in gradient estimates and leading to a larger convergence210

neighborhood.211

To address this limitation, in this work, we focus on the more general case of arbitrary fixed clipping212

levels that do not scale with the total number of iterations. This approach is more compatible with213

practical DP requirements, where clipping levels are typically kept constant. However, our theoretical214

results can also accommodate clipping levels that scale with K up to this order, as we discuss in215

detail in the appendix. This broader analysis introduces a few additional step-size conditions, which216

we also explore thoroughly in the supplementary material.217

The following two theorems present our newly derived step-size bounds and the corresponding218

performance guarantees for both convex and non-convex settings. Following each theorem, we219

provide a table that further simplify the performance bounds under the assumption that the clipping220

level falls within specific intervals. In these tables, we assume that no DP noise is present, focusing221

purely on the impact of the clipping bias. The final corollary extend these results to the case where222

3In some cases, such as the analysis of Clipped-SSTM (Gorbunov et al., 2020) or Clipped-SGD under
strong convexity (Sadiev et al., 2023), the clipping level decreases as a function of the current iteration counter k
but still increases overall as a function of K.
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Algorithm 1 DP-Clipped-SGD

Input: starting point x0, number of iterations K, stepsize γ > 0, clipping level λ.
1: for k = 0, . . . ,K do
2: Compute ĝk = clip

(
∇fξk(x

k), λ
)

using a fresh sample ξk ∼ D
3: ωk ∼ N (0, σ2

ωId)
4: g̃k = ĝk + ωk

5: xk+1 = xk − γg̃k
6: end for

DP noise is included in the convex case, while the result for DP case in the non-convex setup is223

deffered to the supplementary materials due to space limitation.224

Convex problems. We start with the convex case.225

Theorem 4.1 (Convergence of DP-Clipped-SGD for the convex objectives). Let the integer K ≥ 0226

and β ∈ (0, 1] be given. Furthermore, let Assumptions 2.1, 2.2, 2.3, 2.4, hold for Q = B2R(x
⋆), R ≥227 ∥∥x0 − x⋆

∥∥. Set ζλ := max
{
0, 2LR− λ

2

}
, and further assume that the step-size γ is selected to228

satisfy229

γ ≤ O

min


1

L
,

R

λ1−α/2

√
K ln

(
K
β

)
(σα + ζαλ )

,

Rλα−1

K(σα + ζαλ )
(

LR
λ + λα−1ζλ

σα+ζα
λ
+ (σα + ζαλ )

−1
α

) , R

σω

√
dK ln

(
K
β

)

 . (8)

Then, after K iterations of DP-Clipped-SGD, the iterates with probability at least 1− β satisfy230

min
t∈[0,K]

f(xt)− f(x⋆) ≤ 4R2

γ(K + 1)
+

64LR4

λ2γ2(K + 1)2
. (9)

The convergence rate and the neighborhood to which the algorithm converges depend on the magni-231

tude of λ in a non-trivial way. Table 1 summarizes these relationships for different values of λ in232

the absence of DP noise. In the special case where λ = O
(
σ
(
K/ln K

β

)1/α)
, our theorem provides a233

convergence rate of O
((

(ln K
β )/K

)(α−1)/α
+ (ln K

β )/K
)

to the exact solution in the asymptotic regime.234

This matches the rate previously derived by Sadiev et al. (2023).235

In contrast, if λ is chosen as a constant, independent of K, the leading term in the convergence rate236

simplifies to O(
√

(ln K
β )/K), which is faster than the more conservative bound O

((
(ln K

β )/K
)(α−1)/α

)
.237

However, this faster rate comes at the cost of only guaranteeing convergence to a neighborhood238

around the optimal solution, determined by the third term in the stepsize condition (8).239

To ensure (ε, δ)-DP for DP-Clipped-SGD in our setting (i.e., expectation minimization), one can240

set the noise scale as σω = Θ
(

λ
ε

√
K ln

(
K
δ

)
ln
(
1
δ

))
and apply the advanced composition theorem241

(Dwork et al., 2014, Theorem 3.22). Given the fourth term in (8), this choice implies that the stepsize242

decreases as 1/K, resulting in convergence to a certain neighborhood. This observation is formalized243

in the next corollary.244

Corollary 4.2 (Convergence of Clipped-SGD for the convex objective). Let the assumptions of245

Theorem 4.1 hold, σω = Θ
(

λ
ε

√
K ln

(
K
δ

)
ln
(
1
δ

))
, and γ is chosen as the minimum of (8) then with246

probability at least 1− β the error converges to a neighborhood of the global optimum of size247

min
t∈[0,K]

f(xt)− f(x⋆) ≤ O (max {(11), (12), (13), (14)}) . (10)
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where248

LR2

K + L3R4

λ2K2 (11)

Rλ1−α/2σα/2
√

lnK/β
K + LR2σα lnK/β

K (12)

R(σα+ζα
λ )

(
LR
λ +

λα−1ζλ
σα+ζα

λ
+(σα+ζα

λ )
−1
α

)
λα−1 +

R2L(σα+ζα
λ )2

(
LR
λ +

λα−1ζλ
σα+ζα

λ
+(σα+ζα

λ )
−1
α

)2

λ2α (13)

Rλ
ε

√
d ln

(
K
β

)
ln
(
K
δ

)
ln
(
1
δ

)
+

LR2d ln (K
β ) ln (

K
δ ) ln (

1
δ )

ε2 . (14)

One may notice that there is a non-trivial trade-off between the convergence rate, clipping level, and249

the size of the neighborhood. Therefore, we consider two special cases and provide the result with250

optimally selected λ in the following corollary.251

Corollary 4.3 (Convergence of DP-Clipped-SGD for the convex objective). Let the assump-252

tions of Theorem 4.1 hold, K is sufficiently large, γ is chosen as the minimum of (8), σω =253

Θ
(

λ
ε

√
K ln

(
K
δ

)
ln
(
1
δ

))
, and the λ > 4LR. Then the optimal value for λ is254

λ = max

4LR,

(
εσα

d ln
(
K
δ

)
ln
(
1
δ

)
ln K

β

) 1
α

 .

With this value, the iterates produced by the algorithm with probability of at least 1− β satisfy255

min
k∈[0,K]

f(xt)− f(x⋆) = O (max {(15), (16), (17), (18)}) ,

where256

max


√√√√R4−αL2−ασα ln

(
K
β

)
K

,R

 εσα√
d ln

(
K
δ

)
ln
(
1
δ

)
 1

α

√√√√ ln
3α−2
2α

(
K
β

)
K

 (15)

min


R2−ασα

Lα−1
, Rσ


√

d ln
(
K
δ

)
ln
(
1
δ

)
ε


α−1
α

 (16)

min

LR2

K2
,
L3R4

(
d ln

(
K
δ

)
ln
(
1
δ

)
ln
(

K
β

)) 1
α

(ε)
1
ασK2

+
LR2

K
(17)

max


LR2

ε

√
d ln

(
K

δ

)
ln

(
1

δ

)
ln

(
K

β

)
,
Rσ
(
d ln

(
K
δ

)
ln
(
1
δ

)
ln
(

K
β

))α+2
2α

ε
α−1
α


+
LR2d

ε2
ln

(
K

δ

)
ln

(
1

δ

)
ln

(
K

β

)
. (18)

Also, for small λ regime
(
λ ≤ 4

3LR
)
, the optimal value for λ is257

λ = min

4

3
LR,

2εLR(
d ln

(
K
δ

)
ln
(
1
δ

)
ln K

β

) 1
2α+2

+ 1

 . (19)

With this value, the iterates produced by the algorithm with probability of at least 1− β satisfy258

min
t∈[0,K]

f(xt)− f(x⋆) = O (max {(20), (21), (22), (23)}) ,
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Table 1: Rate, neighborhood and optimal λ in different regimes for the convex objective function.
Here, λ denotes the clipping level, L denotes the smoothness parameter, R ≥ ∥x0 − x∗∥ represents
the initial error, α ∈ (1, 2] denotes the moment that is bounded and σα is that upper bound value.
Furthermore, β is the confidence level,ζλ := max{0, 2LR− λ

2 }, and η is a small positive constant.
Regime Neighborhood Optimal λ Convergence rate Optimal Neighborhood

λ > 4LR
(ζλ = 0) O

(
R σα

λα−1 + LR2 σ2α

λ2α

)
O

(
σ

(
K

ln K
β

) 1
α

)
O

((
ln K

β

K

)α−1
α

+
ln2 K

β

K2

)
-

4
3LR < λ ≤ 4LR

ζλ < λ < σ
O
(
R σα

λα−1 + LR2 σ2α

λ2α

)
4LR O

(√
ln K

β

K +
ln K

β

K

)
O
(

R2−ασα

Lα−1 + σ2α

L2α−1R2α−2

)
4
3LR < λ ≤ 4LR

ζλ < σ < λ

O
(
R σα

λα−1 + LR2 σ2α

λ2α

)
4LR O

(√
ln K

β

K +
ln K

β

K

)
O
(

R2−ασα

Lα−1 + σ2α

L2α−1R2α−2

)
O
(
Rζλ +

LR2ζ2
λ

λ2

)
4LR− η O

(√
ln K

β

K +
ln K

β

K

)
O
(
Rη + LR2η2

(LR−η)2

)
4
3LR < λ ≤ 4LR

(σ < ζλ < λ) O
(
Rζλ +

LR2ζ2
λ

λ2

)
4LR− 2σ O

(√
ln K

β

K +
ln K

β

K

)
O
(
Rσ + LR2σ2

(LR−σ)2

)
λ ≤ 4

3LR
(λ < ζλ < σ) O

(
Rσαζλ

λα +
LR2σ2αζ2

λ

λ2α+2

)
4
3LR O

(√
ln K

β

K +
ln K

β

K

)
O
(

R2−ασα

Lα−1 + σ2α

L2α−1R2α−2

)
λ ≤ 4

3LR
(λ < σ < ζλ) O

(
R

ζα+1
λ

λα +
LR2ζ2α

λ

λ2α+2

)
4
3LR− η O

(√
ln K

β

K +
ln K

β

K

)
O
(

R(LR+η)α+1

(LR−η)α + LR2(LR+η)2α

(LR−η)2α+2

)

λ ≤ 4
3LR

(σ < λ < ζλ)

O
(
R

ζα+1
λ

λα +
LR2ζ2α

λ

λ2α+2

)
4
3LR− η O

(√
ln K

β

K +
ln K

β

K

)
O
(

R(LR+η)α+1

(LR−η)α + LR2(LR+η)2α

(LR−η)2α+2

)
O
(
R

σζα−1
λ

λα−1 +
LR2σ2ζ2α−2

λ

λ2α

)
4
3LR O

(√
ln K

β

K +
ln K

β

K

)
O
(
Rσ + σ2

L

)

where259

min


√√√√R4−αL2−ασα ln

(
K
β

)
K

,

√√√√√R4−α(εL)2−α ln
3α

4α+4

(
K
β

)
(d ln

(
K
δ

)
ln
(
1
δ

)
)

2−α
4α+4K

 (20)

max

{
R2−ασα

Lα−1
,
R2−ασα

ε

(
d ln

(
K

δ

)
ln

(
1

δ

)
ln

(
K

β

)) α−1
2α+2

}
(21)

max

{
LR2

K2
,
LR2

ε2K2

(
d ln

(
K

δ

)
ln

(
1

δ

)
ln

(
K

β

)) 2
2α+2

}
+

LR2

K
(22)

min

LR2

ε

√
d ln

(
K

δ

)
ln

(
1

δ

)
ln

(
K

β

)
,

LR2(
d ln

(
K
δ

)
ln
(
1
δ

)
ln
(

K
β

)) 1
2α+2


+
LR2d

ε2
ln

(
K

δ

)
ln

(
1

δ

)
ln

(
K

β

)
. (23)

In the finite-sum case, i.e., when f(x) = 1
n

∑n
i=1 fi(x) for some finite n, Abadi et al. (2016) show260

that it is sufficient to choose σω = Θ
(

qλ
ε

√
K ln 1

δ

)
, where q = b/n, b is the mini-batch size, clipping261

is applied to each stochastic gradient, and ε = O(q2K), allowing to have smaller ε and δ for given262

σω and λ. We note that our analysis holds for the finite-sum case without changes as long as the263

assumptions of the theorem are satisfied and the mini-batch size equals 1.264

Non-convex problems. In the non-convex case, we derive the following result.265

Theorem 4.4 (Convergence of DP-Clipped-SGD for the non-convex objective). Let the integer266

K ≥ 0 and β ∈ (0, 1] be given. Let the assumptions 2.1, 2.2, 2.4, hold for the set Q defined267

as Q =
{
x ∈ R | ∃ y ∈ Rd : f(y) ≤ f∗ + 2∆ and ∥x− y∥ ≤

√
∆/20

√
L
}

, where ∆ ≥ f(x0)− f∗,268
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Table 2: Rate, neighborhood and optimal λ in different regimes for the non-convex objective function.
Here, λ denotes the clipping level, L denotes the smoothness parameter, ∆ ≥ f(x0) − f(x∗)
represents the initial error, α ∈ (1, 2] denotes the moment that is bounded and σα is that upper bound
value. Furthermore, β is the confidence level, ζλ := max{0, 2

√
L∆− λ

2 },and η is a small positive
constant.

Regime Neighborhood Optimal λ Convergence rate Optimal Neighborhood

λ > 4
√
L∆

(ζλ = 0) O
(√

L∆ σα

λα−1 + L∆σ2α

λ2α

)
O

(
σ

(
K

ln K
β

) 1
α

)
O

((
ln K

β

K

)α−1
α

+
ln2 K

β

K2

)
-

4
3

√
L∆ < λ ≤ 4

√
L∆

ζλ < λ < σ
O
(√

L∆ σα

λα−1 + L∆σ2α

λ2α

)
4
√
L∆ O

(√
ln K

β

K +
ln K

β

K

)
O
(

σα

(
√
L∆)α−2

+ σ2α

(L∆)2α−4

)
4
3

√
L∆ < λ ≤ 4

√
L∆

ζλ < λ < σ

O
(√

L∆ σα

λα−1 + L∆σ2α

λ2α

)
4
√
L∆ O

(√
ln K

β

K +
ln K

β

K

)
O
(

σα

(
√
L∆)α−2

+ σ2α

(L∆)2α−4

)
O
(√

L∆ζλ +
L∆ζ2

λ

λ2

)
4
√
L∆− η O

(√
ln K

β

K +
ln K

β

K

)
O
(√

L∆η + L∆η2

(
√
L∆−η)2

)
4
3

√
L∆ < λ ≤ 4

√
L∆

(σ < ζλ < λ)
O
(√

L∆ζλ +
L∆ζ2

λ

λ2

)
4
√
L∆− 2σ O

(√
ln K

β

K +
ln K

β

K

)
O
(√

L∆σ + L∆σ2

(
√
L∆−σ)2

)
λ ≤ 4

3

√
L∆

(λ < ζλ < σ)
O
(√

L∆σαζλ
λα +

L∆σ2αζ2
λ

λ2α+2

)
4
3

√
L∆ O

(√
ln K

β

K +
ln K

β

K

)
O
(

σα

(
√
L∆)α−2

+ σ2α

(L∆)2α−4

)
λ ≤ 4

3

√
L∆

(λ < σ < ζλ)
O
(√

L∆
ζα+1
λ

λα +
L∆ζ2α

λ

λ2α+2

)
4
3

√
L∆− η O

(√
ln K

β

K +
ln K

β

K

)
O
(√

L∆(
√
L∆+η)α+1

(
√
L∆−η)α

+ L∆(
√
L∆+η)2α

(
√
L∆−η)2α+2

)

λ ≤ 4
3 · 4

√
L∆

(σ < λ < ζλ)

O
(√

L∆
ζα+1
λ

λα +
L∆ζ2α+2

λ

λ2α+2

)
4
3

√
L∆− η O

(√
ln K

β

K +
ln K

β

K

)
O
(√

L∆(
√
L∆+η)α+1

(
√
L∆−η)α

+ L∆(
√
L∆+η)2α

(
√
L∆−η)2α+2

)
O
(√

L∆
σζα−1

λ

λα−1 + L∆
σ2ζ2α−2

λ

λ2α

)
4
3

√
L∆ O

(√
ln K

β

K +
ln K

β

K

)
O
(√

L∆σ + σ2
)

ζλ := max
{
0, 2

√
L∆− λ

2

}
, and γ is selected according to269

γ ≤ O

min


1

L
,

√
∆
L

λ1−α/2

√
K ln

(
K
β

)
(σα + ζαλ )

,

√
∆
Lλα−1

K(σα + ζαλ )
(√

L∆
λ + λα−1ζλ

σα+ζα
λ
+ (σα + ζαλ )

−1
α

) ,
√

∆
L

σω

√
dK ln

(
K
β

)

 .

(24)

Then, after K iterations of DP-Clipped-SGD and with probability at least 1− β, we have270

min
t∈[0,K]

∥∥∇f(xt)
∥∥2 ≤ 8∆

γ(K + 1)
+

128∆2

λ2γ2(K + 1)2
(25)

Similarly to the convex case, the above result establishes the convergence to a certain neighborhood271

with a faster O(1/
√
K) rate. We defer the corollaries for the non-convex case to the appendix and272

describe different special cases for the no-DP regime in Table 2.273

Proof sketch. The proof of Theorems 4.1 and 4.4 is heavily inspired by (Sadiev et al., 2023). Yet,274

there is a crucial difference in defining the clipping level parameter. In contrast to (Sadiev et al.,275

2023), we treat λ as given rather than calculating it based on other problem parameters. By doing so,276

the fundamental assumption regarding the magnitude of λ in comparison to the norm of the gradient277

in bias-variance of the clipped vector (Lemma 5.1) of (Sadiev et al., 2023) becomes invalid. Thus, we278

develop a general bias-variance lemma (Lemma B.1) to study the statistical properties of the clipped279

vector.280

5 Conclusion281

In this paper, we present the first high-probability convergence analysis of DP-Clipped-SGD for282

both convex and non-convex smooth optimization problems under heavy-tailed noise. Our results283

demonstrate that DP-Clipped-SGD converges to a certain neighborhood of the optimal solution284

at a rate of O(1/
√
K). In future work, it would be valuable to extend these results to the Federated285

Learning setting and to investigate the tightness and optimality of the derived bounds.286
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NeurIPS Paper Checklist444

1. Claims445

Question: Do the main claims made in the abstract and introduction accurately reflect the446

paper’s contributions and scope?447

Answer: [Yes]448

Justification: As mentioned in the abstract, this work provides the first high-probability449

analysis for Clipped SGD with heavy-tailed noise on the gradient and an arbitrary clipping450

level with added DP noise. This is the main contribution of the paper and it appears in the451

abstract.452

Guidelines:453

• The answer NA means that the abstract and introduction do not include the claims454

made in the paper.455

• The abstract and/or introduction should clearly state the claims made, including the456

contributions made in the paper and important assumptions and limitations. A No or457

NA answer to this question will not be perceived well by the reviewers.458

• The claims made should match theoretical and experimental results, and reflect how459

much the results can be expected to generalize to other settings.460

• It is fine to include aspirational goals as motivation as long as it is clear that these goals461

are not attained by the paper.462

2. Limitations463

Question: Does the paper discuss the limitations of the work performed by the authors?464

Answer: [Yes]465

Justification: We have explained the limitations of our analysis in Section 4.466

Guidelines:467

• The answer NA means that the paper has no limitation while the answer No means that468

the paper has limitations, but those are not discussed in the paper.469

• The authors are encouraged to create a separate ”Limitations” section in their paper.470

• The paper should point out any strong assumptions and how robust the results are to471

violations of these assumptions (e.g., independence assumptions, noiseless settings,472

model well-specification, asymptotic approximations only holding locally). The authors473

should reflect on how these assumptions might be violated in practice and what the474

implications would be.475

• The authors should reflect on the scope of the claims made, e.g., if the approach was476

only tested on a few datasets or with a few runs. In general, empirical results often477

depend on implicit assumptions, which should be articulated.478

• The authors should reflect on the factors that influence the performance of the approach.479

For example, a facial recognition algorithm may perform poorly when image resolution480

is low or images are taken in low lighting. Or a speech-to-text system might not be481

used reliably to provide closed captions for online lectures because it fails to handle482

technical jargon.483

• The authors should discuss the computational efficiency of the proposed algorithms484

and how they scale with dataset size.485

• If applicable, the authors should discuss possible limitations of their approach to486

address problems of privacy and fairness.487

• While the authors might fear that complete honesty about limitations might be used by488

reviewers as grounds for rejection, a worse outcome might be that reviewers discover489

limitations that aren’t acknowledged in the paper. The authors should use their best490

judgment and recognize that individual actions in favor of transparency play an impor-491

tant role in developing norms that preserve the integrity of the community. Reviewers492

will be specifically instructed to not penalize honesty concerning limitations.493

3. Theory assumptions and proofs494

Question: For each theoretical result, does the paper provide the full set of assumptions and495

a complete (and correct) proof?496
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Answer: [Yes]497

Justification: Main assumptions are stated in Section 2. Complete correct proofs are provided498

in the appendices. A proof sketch is provided in the main text in Section 4.499

Guidelines:500

• The answer NA means that the paper does not include theoretical results.501

• All the theorems, formulas, and proofs in the paper should be numbered and cross-502

referenced.503

• All assumptions should be clearly stated or referenced in the statement of any theorems.504

• The proofs can either appear in the main paper or the supplemental material, but if505

they appear in the supplemental material, the authors are encouraged to provide a short506

proof sketch to provide intuition.507

• Inversely, any informal proof provided in the core of the paper should be complemented508

by formal proofs provided in appendix or supplemental material.509

• Theorems and Lemmas that the proof relies upon should be properly referenced.510

4. Experimental result reproducibility511

Question: Does the paper fully disclose all the information needed to reproduce the main ex-512

perimental results of the paper to the extent that it affects the main claims and/or conclusions513

of the paper (regardless of whether the code and data are provided or not)?514

Answer: [NA]515

Justification: Only rigorous mathematical analysis is provided.516

Guidelines:517

• The answer NA means that the paper does not include experiments.518

• If the paper includes experiments, a No answer to this question will not be perceived519

well by the reviewers: Making the paper reproducible is important, regardless of520

whether the code and data are provided or not.521

• If the contribution is a dataset and/or model, the authors should describe the steps taken522

to make their results reproducible or verifiable.523

• Depending on the contribution, reproducibility can be accomplished in various ways.524

For example, if the contribution is a novel architecture, describing the architecture fully525

might suffice, or if the contribution is a specific model and empirical evaluation, it may526

be necessary to either make it possible for others to replicate the model with the same527

dataset, or provide access to the model. In general. releasing code and data is often528

one good way to accomplish this, but reproducibility can also be provided via detailed529

instructions for how to replicate the results, access to a hosted model (e.g., in the case530

of a large language model), releasing of a model checkpoint, or other means that are531

appropriate to the research performed.532

• While NeurIPS does not require releasing code, the conference does require all submis-533

sions to provide some reasonable avenue for reproducibility, which may depend on the534

nature of the contribution. For example535

(a) If the contribution is primarily a new algorithm, the paper should make it clear how536

to reproduce that algorithm.537

(b) If the contribution is primarily a new model architecture, the paper should describe538

the architecture clearly and fully.539

(c) If the contribution is a new model (e.g., a large language model), then there should540

either be a way to access this model for reproducing the results or a way to reproduce541

the model (e.g., with an open-source dataset or instructions for how to construct542

the dataset).543

(d) We recognize that reproducibility may be tricky in some cases, in which case544

authors are welcome to describe the particular way they provide for reproducibility.545

In the case of closed-source models, it may be that access to the model is limited in546

some way (e.g., to registered users), but it should be possible for other researchers547

to have some path to reproducing or verifying the results.548

5. Open access to data and code549
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Question: Does the paper provide open access to the data and code, with sufficient instruc-550

tions to faithfully reproduce the main experimental results, as described in supplemental551

material?552

Answer: [NA]553

Justification: Only rigorous mathematical analysis is provided.554

Guidelines:555

• The answer NA means that paper does not include experiments requiring code.556

• Please see the NeurIPS code and data submission guidelines (https://nips.cc/557

public/guides/CodeSubmissionPolicy) for more details.558

• While we encourage the release of code and data, we understand that this might not be559

possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not560

including code, unless this is central to the contribution (e.g., for a new open-source561

benchmark).562

• The instructions should contain the exact command and environment needed to run to563

reproduce the results. See the NeurIPS code and data submission guidelines (https:564

//nips.cc/public/guides/CodeSubmissionPolicy) for more details.565

• The authors should provide instructions on data access and preparation, including how566

to access the raw data, preprocessed data, intermediate data, and generated data, etc.567

• The authors should provide scripts to reproduce all experimental results for the new568

proposed method and baselines. If only a subset of experiments are reproducible, they569

should state which ones are omitted from the script and why.570

• At submission time, to preserve anonymity, the authors should release anonymized571

versions (if applicable).572

• Providing as much information as possible in supplemental material (appended to the573

paper) is recommended, but including URLs to data and code is permitted.574

6. Experimental setting/details575

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-576

parameters, how they were chosen, type of optimizer, etc.) necessary to understand the577

results?578

Answer: [NA]579

Justification: Only rigorous mathematical analysis is provided.580

Guidelines:581

• The answer NA means that the paper does not include experiments.582

• The experimental setting should be presented in the core of the paper to a level of detail583

that is necessary to appreciate the results and make sense of them.584

• The full details can be provided either with the code, in appendix, or as supplemental585

material.586

7. Experiment statistical significance587

Question: Does the paper report error bars suitably and correctly defined or other appropriate588

information about the statistical significance of the experiments?589

Answer: [NA]590

Justification: Only rigorous mathematical analysis is provided.591

Guidelines:592

• The answer NA means that the paper does not include experiments.593

• The authors should answer ”Yes” if the results are accompanied by error bars, confi-594

dence intervals, or statistical significance tests, at least for the experiments that support595

the main claims of the paper.596

• The factors of variability that the error bars are capturing should be clearly stated (for597

example, train/test split, initialization, random drawing of some parameter, or overall598

run with given experimental conditions).599

• The method for calculating the error bars should be explained (closed form formula,600

call to a library function, bootstrap, etc.)601
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• The assumptions made should be given (e.g., Normally distributed errors).602

• It should be clear whether the error bar is the standard deviation or the standard error603

of the mean.604

• It is OK to report 1-sigma error bars, but one should state it. The authors should605

preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis606

of Normality of errors is not verified.607

• For asymmetric distributions, the authors should be careful not to show in tables or608

figures symmetric error bars that would yield results that are out of range (e.g. negative609

error rates).610

• If error bars are reported in tables or plots, The authors should explain in the text how611

they were calculated and reference the corresponding figures or tables in the text.612

8. Experiments compute resources613

Question: For each experiment, does the paper provide sufficient information on the com-614

puter resources (type of compute workers, memory, time of execution) needed to reproduce615

the experiments?616

Answer: [NA]617

Justification: Only rigorous mathematical analysis is provided.618

Guidelines:619

• The answer NA means that the paper does not include experiments.620

• The paper should indicate the type of compute workers CPU or GPU, internal cluster,621

or cloud provider, including relevant memory and storage.622

• The paper should provide the amount of compute required for each of the individual623

experimental runs as well as estimate the total compute.624

• The paper should disclose whether the full research project required more compute625

than the experiments reported in the paper (e.g., preliminary or failed experiments that626

didn’t make it into the paper).627

9. Code of ethics628

Question: Does the research conducted in the paper conform, in every respect, with the629

NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?630

Answer: [Yes]631

Justification: The work completely conforms to the NeurIPS Code of Ethics.632

Guidelines:633

• The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.634

• If the authors answer No, they should explain the special circumstances that require a635

deviation from the Code of Ethics.636

• The authors should make sure to preserve anonymity (e.g., if there is a special consid-637

eration due to laws or regulations in their jurisdiction).638

10. Broader impacts639

Question: Does the paper discuss both potential positive societal impacts and negative640

societal impacts of the work performed?641

Answer: [Yes]642

Justification: The work investigates the incorporation of differential privacy guarantees in643

stochastic optimization. Hence, it offers a positive societal impact.644

Guidelines:645

• The answer NA means that there is no societal impact of the work performed.646

• If the authors answer NA or No, they should explain why their work has no societal647

impact or why the paper does not address societal impact.648

• Examples of negative societal impacts include potential malicious or unintended uses649

(e.g., disinformation, generating fake profiles, surveillance), fairness considerations650

(e.g., deployment of technologies that could make decisions that unfairly impact specific651

groups), privacy considerations, and security considerations.652
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• The conference expects that many papers will be foundational research and not tied653

to particular applications, let alone deployments. However, if there is a direct path to654

any negative applications, the authors should point it out. For example, it is legitimate655

to point out that an improvement in the quality of generative models could be used to656

generate deepfakes for disinformation. On the other hand, it is not needed to point out657

that a generic algorithm for optimizing neural networks could enable people to train658

models that generate Deepfakes faster.659

• The authors should consider possible harms that could arise when the technology is660

being used as intended and functioning correctly, harms that could arise when the661

technology is being used as intended but gives incorrect results, and harms following662

from (intentional or unintentional) misuse of the technology.663

• If there are negative societal impacts, the authors could also discuss possible mitigation664

strategies (e.g., gated release of models, providing defenses in addition to attacks,665

mechanisms for monitoring misuse, mechanisms to monitor how a system learns from666

feedback over time, improving the efficiency and accessibility of ML).667

11. Safeguards668

Question: Does the paper describe safeguards that have been put in place for responsible669

release of data or models that have a high risk for misuse (e.g., pretrained language models,670

image generators, or scraped datasets)?671

Answer: [NA]672

Justification: No component with potential detrimental effects is released.673

Guidelines:674

• The answer NA means that the paper poses no such risks.675

• Released models that have a high risk for misuse or dual-use should be released with676

necessary safeguards to allow for controlled use of the model, for example by requiring677

that users adhere to usage guidelines or restrictions to access the model or implementing678

safety filters.679

• Datasets that have been scraped from the Internet could pose safety risks. The authors680

should describe how they avoided releasing unsafe images.681

• We recognize that providing effective safeguards is challenging, and many papers do682

not require this, but we encourage authors to take this into account and make a best683

faith effort.684

12. Licenses for existing assets685

Question: Are the creators or original owners of assets (e.g., code, data, models), used in686

the paper, properly credited and are the license and terms of use explicitly mentioned and687

properly respected?688

Answer: [NA]689

Justification: There is no code, data, or models that require licenses.690

Guidelines:691

• The answer NA means that the paper does not use existing assets.692

• The authors should cite the original paper that produced the code package or dataset.693

• The authors should state which version of the asset is used and, if possible, include a694

URL.695

• The name of the license (e.g., CC-BY 4.0) should be included for each asset.696

• For scraped data from a particular source (e.g., website), the copyright and terms of697

service of that source should be provided.698

• If assets are released, the license, copyright information, and terms of use in the699

package should be provided. For popular datasets, paperswithcode.com/datasets700

has curated licenses for some datasets. Their licensing guide can help determine the701

license of a dataset.702

• For existing datasets that are re-packaged, both the original license and the license of703

the derived asset (if it has changed) should be provided.704
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• If this information is not available online, the authors are encouraged to reach out to705

the asset’s creators.706

13. New assets707

Question: Are new assets introduced in the paper well documented and is the documentation708

provided alongside the assets?709

Answer: [NA]710

Justification: No new asset is released.711

Guidelines:712

• The answer NA means that the paper does not release new assets.713

• Researchers should communicate the details of the dataset/code/model as part of their714

submissions via structured templates. This includes details about training, license,715

limitations, etc.716

• The paper should discuss whether and how consent was obtained from people whose717

asset is used.718

• At submission time, remember to anonymize your assets (if applicable). You can either719

create an anonymized URL or include an anonymized zip file.720

14. Crowdsourcing and research with human subjects721

Question: For crowdsourcing experiments and research with human subjects, does the paper722

include the full text of instructions given to participants and screenshots, if applicable, as723

well as details about compensation (if any)?724

Answer: [NA]725

Justification: There was no crowd-sourcing experiments or research with human subjects.726

Guidelines:727

• The answer NA means that the paper does not involve crowdsourcing nor research with728

human subjects.729

• Including this information in the supplemental material is fine, but if the main contribu-730

tion of the paper involves human subjects, then as much detail as possible should be731

included in the main paper.732

• According to the NeurIPS Code of Ethics, workers involved in data collection, curation,733

or other labor should be paid at least the minimum wage in the country of the data734

collector.735

15. Institutional review board (IRB) approvals or equivalent for research with human736

subjects737

Question: Does the paper describe potential risks incurred by study participants, whether738

such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)739

approvals (or an equivalent approval/review based on the requirements of your country or740

institution) were obtained?741

Answer: [NA]742

Justification: There was no crowd-sourcing experiments or research with human subjects.743

Guidelines:744

• The answer NA means that the paper does not involve crowdsourcing nor research with745

human subjects.746

• Depending on the country in which research is conducted, IRB approval (or equivalent)747

may be required for any human subjects research. If you obtained IRB approval, you748

should clearly state this in the paper.749

• We recognize that the procedures for this may vary significantly between institutions750

and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the751

guidelines for their institution.752

• For initial submissions, do not include any information that would break anonymity (if753

applicable), such as the institution conducting the review.754

16. Declaration of LLM usage755
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Question: Does the paper describe the usage of LLMs if it is an important, original, or756

non-standard component of the core methods in this research? Note that if the LLM is used757

only for writing, editing, or formatting purposes and does not impact the core methodology,758

scientific rigorousness, or originality of the research, declaration is not required.759

Answer: [NA]760

Justification: The paper does not use LLMs as an important, original, or non-standard761

component of the core methods in this research.762

Guidelines:763

• The answer NA means that the core method development in this research does not764

involve LLMs as any important, original, or non-standard components.765

• Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)766

for what should or should not be described.767
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