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Abstract

Sliced Mutual Information (SMI) is widely used as a scalable alternative to
mutual information for measuring non-linear statistical dependence. Despite its
advantages, such as faster convergence, robustness to high dimensionality, and
nullification only under statistical independence, we demonstrate that SMI is
highly susceptible to data manipulation and exhibits counterintuitive behavior.
Through extensive benchmarking and theoretical analysis, we show that SMI
saturates easily, fails to detect increases in statistical dependence (even under linear
transformations designed to enhance the extraction of information), prioritizes
redundancy over informative content, and in some cases, performs worse than
simpler dependence measures like the correlation coefficient.
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1 Introduction

Mutual information (MI) is a fundamental and invariant measure of nonlinear statistical dependence
between two random vectors, defined as the Kullback-Leibler divergence between the joint distrib-
ution and the product of marginals [1]:

𝖨(𝑋; 𝑌 ) = D𝖪𝖫(ℙ𝑋,𝑌 ‖ ℙ𝑋 ⊗ ℙ𝑌 ).

Due to several outstanding properties, such as nullification only under statistical independence,
invariance to invertible transformations, and ability to capture non-linear dependencies, MI is used
extensively for theoretical analysis of overfitting [2], [3], hypothesis testing [4], feature selection [5],
[6], [7], representation learning [8], [9], [10], [11], [12], [13], and studying the mechanisms behind
generalization in deep neural networks (DNNs) [14], [15], [16], [17].

In practical scenarios, ℙ𝑋,𝑌  and ℙ𝑋 ⊗ ℙ𝑌  are unknown, requiring MI to be estimated from finite
samples. Despite all the aforementioned merits, this reliance on empirical estimates leads to the curse
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of dimensionality: the sample complexity of MI grows exponentially with the number of dimensions
[18], [19]. A common strategy to mitigate this issue is to use alternative measures of statistical
dependence that are more stable in high dimensions. However, such measures usually offer only a
fraction of MI capabilities. Therefore, it is crucial to maintain a balance between robustness to the
curse of dimensionality and the ability to detect complex dependency structures.

To strike this balance, popular techniques often retain MI as a backbone statistical measure
but employ dimensionality reduction before estimation. While some studies explore sophisticated
nonlinear compression methods [17], [20], others favor more scalable linear projection approaches
[21], [22], [23], [24], [25]. Among the latter group, the Sliced Mutual Information (SMI) [22], [23]
stands out, leveraging random projections to cover all directions uniformly:

𝖲𝖨(𝑋; 𝑌 ) = 1
∮

𝕊𝑑𝑥−1 d𝜃
1

∮
𝕊𝑑𝑦−1 d𝜙

∮
𝕊𝑑𝑥−1

∮
𝕊𝑑𝑦−1

𝖨(𝜃𝖳𝑋; 𝜙𝖳𝑌 ) d𝜃 d𝜙. (1)

Uniform slicing allows SMI to maintain some crucial properties of MI (e.g., being zero if and only if
𝑋 and 𝑌  are independent), while remaining completely free from additional optimization problems
(e.g., from finding optimal projections, as in [24], [25]). Combined with fast convergence rates, this
has established SMI as a scalable alternative to MI. Consequently, it has been widely adopted for
studying DNNs [26], [27], [28], [29], [30], deriving generalization bounds [31], independence testing
[32] and auditing differential privacy [33]. It was also proposed to use SMI for feature selection [22]
and preventing mode collapse in generative models [23].

Despite its popularity, the research community has largely overlooked potential shortcomings of
SMI. Some studies prematurely attribute their results to underlying phenomena without rigorously
investigating whether they stem from artifacts introduced by random projections. Furthermore,
existing works fail to comprehensively address issues related to random slicing, focusing primarily
on suboptimality of random projections for information preservation [24], [25].

Contribution. In this article, we address this gap by systematically analyzing SMI across diverse
settings, demonstrating that it frequently exhibits counterintuitive behavior and fails to accurately
capture statistical dependence dynamics. Our key contributions are:

1. Saturation and Sensitivity Analysis. Through theoretical analysis and extensive benchmarking,
we show that SMI saturates prematurely, even for low-dimensional synthetic problems, and fails
to detect significant increases in statistical dependence.

2. Redundancy Bias. We refute the prevailing assumption that SMI favors linearly extractable
information by constructing an explicit example where introducing such structure increases MI
and even linear correlation, but decreases SMI. In fact, we show that SMI prioritizes information
redundancy over information content. We argue that this bias can lead to catastrophic failures in
some applications, e.g. collapses in representation learning.

3. Curse of Dimensionality. We revisit the dynamics of SMI for increasing dimensionality and
argue that SMI is, in fact, cursed, with the curse of dimensionality manifesting itself not through
sample complexity, but via asymptotic decay to zero in high-dimensional regimes due to dimin-
ishing redundancy.

4. Reestablishing the Trade-off. Finally, we discuss to which extent the aforementioned problems
can be solved by using non-uniform/non-random slicing strategies, and how they affect the trade-
off between scalability and utility of different measures of statistical dependence.

Our paper is structured as follows. In Section 2, we provide the mathematical background that is
necessary for our analysis. In Section 3, we discuss previous findings which are related to the research
topic of this work. Section 4 consists of our main theoretical results, with the complete proofs being
provided in Section B. In Section 5, we employ synthetic benchmarks to show the disconnection
between dynamics of MI and SMI. Section 6 illustrates that tasks related to SMI maximization may
yield degenerate solutions, contrary to MI maximization. Finally, we discuss our results in Section 7.
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2 Preliminaries

Elements of Information Theory. Let (Ω, ℱ, ℙ) be a probability space with sample space Ω, 𝜎
-algebra ℱ, and probability measure ℙ defined on ℱ. Consider random vectors 𝑋 : Ω → ℝ𝑑𝑥  and
𝑌 : Ω → ℝ𝑑𝑦  with joint distribution ℙ𝑋,𝑌  and marginals ℙ𝑋 and ℙ𝑌 , respectively. Wherever it is
needed, we assume the relevant Radon-Nikodym derivatives exist. For any probability measure ℚ ≪
ℙ, the Kullback-Leibler (KL) divergence is D𝖪𝖫(ℚ ‖ ℙ) = 𝔼ℚ[log d ℚ

d ℙ ], which is non-negative and
vanishes if and only if (iff) ℙ = ℚ. The mutual information (MI) between 𝑋 and 𝑌  quantifies the
divergence between the joint distribution and the product of marginals:

𝖨(𝑋; 𝑌 ) = 𝔼 log
d ℙ𝑋,𝑌

d ℙ𝑋 ⊗ ℙ𝑌
= D𝖪𝖫(ℙ𝑋,𝑌 ‖ ℙ𝑋 ⊗ ℙ𝑌 ).

When ℙ𝑋 admits a probability density function (PDF) 𝑝(𝑋) with respect to (w.r.t.) the Lebesgue
measure, the differential entropy is defined as 𝗁(𝑋) = − 𝔼[log 𝑝(𝑋)], where log( ⋅ ) denotes the
natural logarithm. Likewise, the joint entropy 𝗁(𝑋, 𝑌 ) is defined via the joint density 𝑝(𝑋, 𝑌 ),
and conditional entropy is 𝗁(𝑋 | 𝑌 ) = − 𝔼[log 𝑝(𝑋 | 𝑌 )] = − 𝔼𝑌 [𝔼𝑋 | 𝑌 log 𝑝(𝑋 | 𝑌 )]. Under the
existence of PDFs, MI satisfies the identities

𝖨(𝑋; 𝑌 ) = 𝗁(𝑋) − 𝗁(𝑋 | 𝑌 ) = 𝗁(𝑌 ) − 𝗁(𝑌 | 𝑋) = 𝗁(𝑋) + 𝗁(𝑌 ) − 𝗁(𝑋, 𝑌 ). (2)

In this work, we denote by 𝜇M the normalized Haar (uniform) probability measure on a compact
manifold M, i.e., the unique bi‑invariant measure satisfying 𝜇M(M) = 1. Hence, to sample uniformly
from specific spaces we write W ∼ 𝜇O(𝑑), 𝜃 ∼ 𝜇𝕊𝑑−1 , A ∼ 𝜇St(𝑘,𝑑), indicating draws from the Haar
measures on orthogonal group O(𝑑) = {Q ∈ ℝ𝑑×𝑑 : Q𝖳Q = QQ𝖳 = I}, the unit sphere 𝕊𝑑−1 =
{𝑋 ∈ ℝ𝑑 : ‖𝑋‖2 = 1}, and the Stiefel manifold St(𝑘, 𝑑) = {Q ∈ ℝ𝑑×𝑘 : Q𝖳Q = I}, respectively.

Sliced Mutual Information. To mitigate the curse of dimensionality, one may average MI over
all 𝑘-dimensional projections. The 𝑘-sliced mutual information (𝑘-SMI) [23] between 𝑋 and 𝑌  is
defined as

𝖲𝖨𝑘(𝑋; 𝑌 ) = ∫
St(𝑘,𝑑𝑥)

∫
St(𝑘,𝑑𝑦)

𝖨(Θ𝖳𝑋; Φ𝖳𝑌 ) d𝜇St(𝑘,𝑑𝑥)(Θ) d𝜇St(𝑘,𝑑𝑦)(Φ),

which can be efficiently estimated. Setting 𝑘 = 1 recovers the standard sliced mutual information (1).

3 Background

Merits of SMI are straightforward and have been investigated thoroughly in [22], [23]. We remind
the reader of the two most important of them:

1. Scalability (i.e., fast convergence in high dimensions), enabled by low-dimensional projections.
2. Nullification Property (i.e., 𝖲𝖨𝑘(𝑋; 𝑌 ) = 0 iff 𝑋 and 𝑌  are independent), which stems from the

projections being random and independent.

In contrast, demerits of SMI are not very obvious and not well-covered in the literature. In this
section, we recapitulate and analyze previous works which address the shortcomings of SMI. To
facilitate the analysis, we divide them into three main categories.

Suboptimality of random slicing. In [24] and [25], it is argued that a uniform slicing strategy can
produce suboptimal projections, impairing SMI’s ability to capture dependencies in the presence of
noisy or non-informative components. To address this issue, [24] proposed max-sliced MI (mSMI),
which selects non-random projectors that maximize the MI between projected representations. This
approach is also claimed to improve interpretability and convergence rates.

However, deterministic slicing may overlook dependencies captured by non-optimal components.
To mitigate this, [25] extends the max-sliced approach by optimizing SMI over probability distrib-
utions of projectors, with regularization to maintain slice diversity. While the authors emphasize
that optimization should occur over joint distributions, their motivation primarily addresses the issue
of non-optimal marginal distributions of 𝜃 and 𝜙 — specifically, the presence of non‑informative
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components in 𝑋 and 𝑌 . We contend that this represents only a partial understanding of the problem,
as many SMI artifacts arise from other factors. Needless to say that optimization over probability
distributions is also a heavy burden, which does not align with the slicing philosophy.

Data Processing Inequality violation. A fundamental property of MI is that it cannot be increased
by deterministic processing or, more generally, by Markov kernels. Furthermore, MI is preserved
under invertible transformations. This is formalized by the data processing inequality (DPI).

Theorem 3.1. (Theorem 3.7 in [1]) For a Markov chain 𝑋 → 𝑌 → 𝑍, 𝖨(𝑋; 𝑌 ) ≥ 𝖨(𝑋; 𝑍). Addi-
tionally, if 𝑍 = 𝑓(𝑌 ) where 𝑓  is measurably invertible, then equality holds.

In contrast to MI, SMI violates the DPI (see Section 3.2 in [22] for an example). While the intuition
behind DPI is clear (raw data already contains full information, and processing can only destroy it),
the implications of DPI violation are less straightforward.

Existing works suggest that SMI’s violation of DPI can reflect a preference for linearly extractable
features, framing this as a useful property that aligns with the informal understanding of “practically
available” (i.e., easily accessible) information [22], [26], [30]. However, this interpretation can be
misleading if the factors behind SMI increases are misidentified. Our analysis reveals that this is
indeed the case, as SMI exhibits more inherent biases than previously recognized.

Asymptotics in high-dimensional regime. Convergence analysis suggests that the sample com-
plexity of SMI estimation is far less sensitive to data dimensionality compared to that of MI. In fact,
it has been argued that the estimation error may even decrease with dimensionality in some cases
(see Remark 4 in [23]). However, an analysis of SMI itself reveals that this behavior may result from
the fact that SMI can decrease as dimensionality grows. Specifically, Theorem 3 in [23] provides an
asymptotic expression (as 𝑑 → ∞) for SMI in the case of jointly normal 𝑋 and 𝑌 , which decays
hyperbolically with 𝑑 under some circumstances.

To date, no explanation for this phenomenon has been provided in the literature. We therefore
elaborate on this finding by deriving non-asymptotic expressions, along with experimental results
for non-Gaussian data, which reveal further nuances behind the decay.

4 Theoretical analysis

We start our analysis with considering a simple example, which (a) admits closed-form expression
for SMI and (b) is capable of illustrating severe problems of the quantity in question.

Lemma 4.1. Consider the following pair of jointly Gaussian 𝑑-dimensional random vectors:

(𝑋, 𝑌 ) ∼ 𝒩(0, ( I
𝜌I

𝜌I
I )), 𝜌 ∈ (−1; 1).

In this setup, MI and SMI can be calculated analytically:

𝖨(𝑋; 𝑌 ) = −𝑑
2

log(1 − 𝜌2), 𝖲𝖨(𝑋; 𝑌 ) = 𝜌2

2𝑑
  𝐹3 2(1, 1, 3

2
; 𝑑
2

+ 1, 2; 𝜌2),

where 𝐹3 2 is the generalized hypergeometric function. Additionally, the following limits hold:

lim
𝑑→∞

𝖨(𝑋; 𝑌 ) = +∞ lim
𝑑→∞

𝖲𝖨(𝑋; 𝑌 ) = 0

lim
𝜌2→1

𝖨(𝑋; 𝑌 ) = +∞ lim
𝜌2→1

𝖲𝖨(𝑋; 𝑌 ) = 𝜓(𝑑 − 1) − 𝜓(𝑑 − 1
2

) − log 2 ≤ 3
𝑑 − 1

,

with 𝜓 being the digamma function.

Note that while MI correctly captures the growing statistical dependence as 𝑑 → ∞ (since additional
components contribute shared information), SMI drops to zero, exposing a fundamental problem.
This issue was briefly noted in [23], but only through providing an asymptotic expression without
further discussion. We interpret this behavior as a distinct manifestation of the curse of dimension-
ality: as 𝑑 grows, SMI uniformly decays to zero and becomes ineffective for statistical analysis.
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Figure 2: Saturation of 𝖲𝖨(𝑋; 𝑌 ) as function of 𝖨(𝑋; 𝑌 )/𝑑 for the example from Lemma 4.1, non-
normalized (left) and normalized (right) versions. Note that the problem becomes more prominent
in higher dimensions, both because of lower plateau and faster saturation.

The second pair of limits reveals another critical flaw of SMI. When 𝜌2 → 1, the 𝑋-𝑌  relationship
becomes deterministic — a property MI reflects successfully. In stark contrast, SMI remains bounded
by a dimension-dependent factor that decays hyperbolically. Furthermore, plotting SMI against MI
shows this bound is reached prematurely, demonstrating SMI’s rapid saturation with increasing
dependence (Figure 2). In this saturated regime, SMI becomes effectively insensitive to further
growth in shared information. Moreover, this renders estimates of SMI for different dimensionalities
fundamentally incomparable, as they are theoretically bounded by factors depending on 𝑑.

These phenomena can not be explained by suboptimality of individual projections. In fact, each
individual projection is optimal, as 𝖨(𝜃𝖳𝑋; 𝑌 ) does not depend on 𝜃 in this particular example.
The proof of Lemma 4.1 suggests that the problem arises from the majority of pairs of projectors
being suboptimal, yielding near-independent 𝜃𝖳𝑋 and 𝜙𝖳𝑌  in the most outcomes, even for 𝑑 = 2.
Although similar analysis for 𝑘-SMI is extremely challenging, we argue that the problems in question
prevail even when employing 𝑘-rank projectors.

Proposition 4.2. Under the setup of Lemma 4.1, 𝑘-SMI has the following integral representation

𝖲𝖨𝑘(𝑋; 𝑌 ) = −1
2

∫
[0,1]𝑘

∑
𝑘

𝑖=1
log(1 − 𝜌2𝜆𝑖) 𝑝(𝝀) d𝝀,

where 𝑝(𝝀) ∝ ∏𝑖<𝑗|𝜆𝑗 − 𝜆𝑖| ∏𝑘
𝑖=1 (1 − 𝜆𝑖)

(𝑑−2𝑘−1)/2
⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟

(⋆)

.

Remark. 4.3. As the dimension 𝑑 grows, the term (⋆) asymptotically concentrates the eigenvalues
𝜆𝑖 near zero, leading to the decay of 𝖲𝖨𝑘 to zero.

We argue that the limitations we uncovered can be attributed to a strong bias of SMI toward
information redundancy. That is, SMI favors repetition of information across different axes, and
suffers from the curse of dimensionality if 𝑋 and 𝑌  have high entropy. The following proposition
and remark present a simple example to clarify this bias.

Proposition 4.4. Let 𝑋 and 𝑌  be 𝑑𝑥, 𝑑𝑦-dimensional random vectors correspondingly, with 𝑑𝑥, 𝑑𝑦 <
𝑘. Let A ∈ ℝ𝑚𝑥×𝑑𝑥  and B ∈ ℝ𝑚𝑦×𝑑𝑦  be matrices of ranks 𝑑𝑥, 𝑑𝑦. Then 𝖲𝖨𝑘(A𝑋; B𝑌 ) = 𝖨(𝑋; 𝑌 ).

Corollary 4.5. Consider the following pair of jointly Gaussian 𝑑-dimensional random vectors:

(𝑋, 𝑌 ) ∼ 𝒩(0, ( J
𝜌J

𝜌J
J )), 𝜌 ∈ (−1; 1),

where J = 𝟏 ⋅ 𝟏𝖳 with 𝟏𝖳 = (1, …, 1). Then 𝖲𝖨𝑘(𝑋; 𝑌 ) = 𝖨(𝑋; 𝑌 ) = −1
2 log(1 − 𝜌2).

Remark. 4.6. Applying 𝟏 ⋅ 𝑒𝖳
1  to the random vectors from Lemma 4.1 individually yields the example

from Corollary 4.5. Therefore, this linear transform increases SMI despite decreasing MI.
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4.1 Extension to optimal slicing

Although our work primarily focuses on conventional (average) sliced mutual information (SMI),
as it is the most widely used variant, we also provide some intuition regarding the limitations of
its “optimal” counterparts: max-sliced MI (mSMI) [24] and optimal-sliced MI (oSMI) [25]. Since
mSMI is a special case of oSMI without regularization constraints, we restrict our discussion to
mSMI, though our reasoning extends to oSMI as well. The 𝑘-mSMI is defined as:

𝖲𝖨𝑘(𝑋; 𝑌 ) = sup
Θ∈ St(𝑑𝑥,𝑘)
Φ∈ St(𝑑𝑦,𝑘)

𝖨(Θ𝖳𝑋; Φ𝖳𝑌 ) (3)

To highlight the shortcomings of linear compression, we revisit a Gaussian example. The following
proposition demonstrates that even in this simple setting, mSMI captures only a subset of depen-
dencies and can exhibit opposite trends to MI. This occurs, for instance, when dependencies become
more evenly distributed across components, which again returns us to the redundancy bias.

Proposition 4.7. (Proposition 2 in [24]) Let (𝑋, 𝑌 ) ∼ 𝒩(𝜇, Σ), with marginal covariances Σ𝑋,
Σ𝑌  and cross-covariance Σ𝑋𝑌 . Suppose the matrix Σ−1

2
𝑋 Σ𝑋𝑌 Σ−1

2
𝑌  exists, and let {𝜌𝑖}

𝑑
𝑖=1 denote its

singular values in descending order, where 𝑑 = min(𝑑𝑥, 𝑑𝑦). Then

𝖨(𝑋; 𝑌 ) = −1
2

∑
𝑑

𝑖=1
log(1 − 𝜌2

𝑖 ), 𝖲𝖨𝑘(𝑋; 𝑌 ) = −1
2

∑
𝑘

𝑖=1
log(1 − 𝜌2

𝑖 ).

5 Synthetic Experiments

To complement the theoretical analysis from the previous section and address complex, non-Gaussian
cases, we conduct an extensive benchmarking of SMI using synthetic tests from [34], based on the
works of [35], [36]. This benchmark suite is used to evaluate MI estimators. However, we do not
assess whether SMI estimates converge to ground-truth MI values. SMI is a distinct measure of
statistical dependance, and should not be viewed as an approximation of MI. Instead, our analysis
focuses on the relationship between the two measures: since MI captures the true degree of statistical
dependence, opposing trends in MI and SMI reveal problems with the latter quantity.

For the experiments, we use correlated normal, correlated uniform, smoothed uniform and log-
gamma-exponential distributions, for which the ground-truth value of MI is available. To increase
the dimensionality, we use independent components with equally distributed per-component MI.
These setups will be referred to as “randomized” and “non-randomized” correpsondingly. For each
distribution, we vary both the data dimensionality (𝑑) and the projection dimensionality (𝑘 < 𝑑).

To estimate MI between projections, we use the KSG estimator [35] with the number of neighbors
fixed at 1. For each configuration, we conduct 10 independent runs with different random seeds
to compute means and standard deviations. Our experiments use 104 samples for (𝑋, 𝑌 ) and 128
samples for (Θ, Φ).

To experimentally verify saturation, we plot SMI against MI normalized by dimensionality 𝑑 in
Figure 3. The plots clearly show that SMI reaches a plateau relatively early for all the featured
distributions. The results for the normal distribution also align well with those from Lemma 4.1. We
further confirm the saturation of 𝑘-SMI for 𝑘 ∈ {2, 3} experimentally in Section C. Finally, we plot
the saturated values against 𝑑 on a log-log scale, demonstrating that the 1/𝑑 trend from Lemma 4.1
also holds for non-Gaussian distributions.

6 SMI for InfoMax-like tasks

Since mutual information is interpretable and captures non-linear dependencies, it is widely used as
a training objective. Many applications involve maximizing MI (InfoMax) for feature selection [5],
[6], [7] and self-supervised representation learning [8], [9], [10], [11], [12], [13]. However, due to
the curse of dimensionality, alternative objectives have been proposed, with some works using sliced
mutual information maximization for feature extraction [22] and disentanglement in InfoGAN [23].
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In this section, we argue that SMI is not a suitable alternative to MI for InfoMax tasks. Since SMI
exhibits a strong preference for redundancy, SMI maximization may lead to collapsed (high-redun-
dancy) solutions. We demonstrate this through two experiments. Firstly, we revisit the Gaussian noisy
channel to demonstrate that SMI favors linear mappings which decrease robustness to noise. Then,
we consider a self-supervised representation learning task and show that using SMI immediately
leads to collapsed representations.
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(d) Log-Gamma-Exponential
Figure 3: Results of synthetic experiments with different distributions. We report mean values and
standard deviations computed across 10 runs, with 104 samples used for MI estimation and 128 for
averaging across projections.
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(b) 𝑘 = 2
Figure 4: Decaying trends of 𝑘-SMI for correlated normal (corr. 𝒩), correlated uniform (corr. U),
smoothed uniform (sm. U) and log-gamma-exponential (LGE). We plot saturated values of 𝑘-SMI
against data dimensionality 𝑑. Log scale is used to illustrate the 1/𝑑 trend predicted in Lemma 4.1.
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6.1 Gaussian Channel

Let 𝑋 be a zero-mean 𝑑-dimensional random vector, and let 𝑍 ∼ 𝒩(0, 𝜎I) be an independent
noise. Additive white noise Gaussian (AWGN) channel is defined as 𝑋 → 𝑋 + 𝑍. Maximization
of 𝖨(𝑋; 𝑋 + 𝑍) w.r.t. the distribution of 𝑋 is a classical information transmission problem, which
arises in many fields under the Gaussian noise assumption. Given energy constraints, it admits an
analytical solution [37]:

sup
𝔼 𝑋2

𝑖 =1
𝖨(𝑋; 𝑋 + 𝑍) = 𝑑

2
log(1 + 1

𝜎2 ), 𝑋opt ∼ 𝒩(0, I) (4)

It is somewhat intuitive that unit covariance matrix allows for more information to be transmitted, as
all the components of 𝑋 are utilized to full extent. However, due to the redundancy bias, SMI prefers
less robust distributions. To demonstrate this, we consider two linear normalization mappings which
impose energy constraints on a vector 𝑋 with zero mean and covariance Σ:

1. Whitening: Σ−1/2𝑋;
2. Standardization: D−1/2𝑋, where D = diag(Σ).
We conduct numerical experiments for 𝜎 = 0.1, 𝑋′ ∼ A ⋅ U([−1; 1]5) and 𝑋″ ∼ A ⋅ 𝒩(0, I5),
where A = 10−2 ⋅ I + 𝟏 ⋅ 𝟏𝖳 is an ill-conditioned matrix. We employ the same estimators and
hyperparameters as in Section 5. The results are presented in Table 1.

Table 1: Results for additive white Gaussian noise channel (𝜎 = 0.1), mean and std for 10 runs.

MI SMI 2-SMI

Σ−1/2 D−1/2 Σ−1/2 D−1/2 Σ−1/2 D−1/2

𝑋′ 7.48 ± 0.01 3.04 ± 0.01 0.17 ± 0.02 1.82 ± 0.04 0.96 ± 0.04 2.46 ± 0.03
𝑋″ 7.49 ± 0.02 3.04 ± 0.01 0.14 ± 0.02 1.83 ± 0.04 0.82 ± 0.05 2.49 ± 0.05

6.2 Representation Learning

To further demonstrate SMI’s sensitivity to information redundancy, we examine its performance
in learning compressed representations through mutual information maximization (Deep InfoMax)
[8]. This approach is known to be equivalent to many popular contrastive self-supervised learning
methods [13].

In Deep InfoMax, an encoder network 𝑓  is trained to maximize a lower bound on 𝖨(𝑋; 𝑓(𝑋)), where
𝑋 represents input data and 𝑓(𝑋) its compressed representation. This method is theoretically sound,
as maximizing MI ensures the most informative embeddings under the latent space dimensionality

(a) MI → max, 2000 epochs. (b) SMI → max, 10 epochs. (c) SMI → max, 2000 epochs.
Figure 5: Visualizations of embeddings from the representation learning experiments, with points
colored by class. Note that mutual information maximization (left) produces clustered low-redun-
dancy representations, while SMI maximization results in immediate (after 10 epochs) collapse.
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constraint. For our study, we replace MI with SMI in this framework. This substitution is straight-
forward since both MI and SMI admit Donsker-Varadhan variational lower bounds [38]:

𝖨(𝑋; 𝑌 ) = sup
𝑇:Ω→ℝ

[𝔼ℙ𝑋,𝑌
𝑇 (𝑋, 𝑌 ) − log(𝔼ℙ𝑋 ⊗ ℙ𝑌

𝑒𝑇(𝑋,𝑌 ))],

𝖲𝖨𝑘(𝑋; 𝑌 ) = sup
𝑇:Ω→ℝ

𝔼Θ,Φ[𝔼ℙ𝑋,𝑌
𝑇(Θ𝖳𝑋, Φ𝖳𝑌 , Θ, Φ) − log(𝔼ℙ𝑋 ⊗ ℙ𝑌

𝑒𝑇(Θ𝖳𝑋,Φ𝖳𝑌 ,Θ,Φ))],
(5)

where 𝑇  is a critic function, which is also approximated in practice by a neural network. For detailed
derivations of these bounds, we refer the reader to [39] (MI) and [22], [23] (SMI).

We strictly follow the experimental protocol from [13]. In particular, we use MNIST handwritten
digits dataset [40], employ InfoNCE loss [41] to approximate (5), use convolutional network for 𝑓
and fully-connected network for 𝑇 . Latent space dimensionality is fixed at 𝑑 = 2 for visualization
purposes. Small Gaussian noise is added to the outlet of the encoder to combat representation
collapse [13]. More details are provided in Section D. We focus on this simple setup because our
objective is to show that SMI produces degenerate results even in elementary tasks, making more
complex configurations unnecessary for this demonstration.

Results are presented in Figure 5. As our theory predicts, maximization of SMI immediately leads
to collapsed representations, while conventional InfoMax yields embeddings with low or even zero
redundancy (components are close to 𝒩(0, I)). This behavior is consistent across different runs.

7 Discussion

Results. Sliced mutual information (SMI) has been proposed as a scalable alternative to Shannon’s
mutual information. While SMI enables efficient computation in high-dimensional settings and sat-
isfies the nullification property, our findings reveal critical deficiencies that undermine its reliability
for feature extraction and related tasks.

We demonstrate that SMI saturates rapidly, failing to capture variations in statistical dependence.
This makes it difficult to distinguish between intrinsic SMI fluctuations and genuine changes in
dependence structure. Furthermore, we invalidate the common hypothesis that SMI favors linear
features through a counterexample where even correlation coefficients reflect dependence more
faithfully than SMI, which exhibits inverted behavior.

In high-dimensional spaces, SMI decays with increasing dimensionality, contrary to MI’s monotonic
behavior. This is established analytically for Gaussian cases and validated empirically across diverse
synthetic experiments. Consequently, SMI variations may reflect redundancy, dependence changes,
or high-dimensional artifacts without a principled way to disentangle these factors.

Impact. Thanks to fast convergence rates and the absence of additional optimization problems,
SMI has been widely applied across various fields of statistics and machine learning. Given our
findings, it is therefore crucial to recognize how the inherent biases of SMI affect practical appli-
cations.

The works [22] and [23] propose using SMI in a Deep InfoMax setting. However, we demonstrate
that maximizing SMI can lead to collapsed solutions due to redundancy bias. Meanwhile, [26], [27],
[28], [30] study deep neural networks by measuring SMI between intermediate layers. Yet, as our
analysis reveals, changes in SMI do not always reflect true shifts in statistical dependence; they may
instead result from differences in layer dimensionality, redundancy in intermediate representations,
low sensitivity in saturated regimes, or other factors. Finally, [33] suggests using SMI for indepen-
dence testing in differential privacy tasks. We contend that this approach poses critical issues, as
SMI estimates can become statistically indistinguishable from zero in high-dimensional or low-
redundancy settings.

Limitations. While we support our claims with both theoretical analysis and experimental
evidence, we were able to derive analytical expressions for the Gaussian case only. Furthermore,
our synthetic tests do not feature complex, highly non-linear distributions (such as structured image
data used in [17]). Nevertheless, we demonstrate that our findings are more than sufficient to expose
fundamental limitations of SMI, and to support all the claims we made.
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A Supplementary theory

Lemma A.1. (Example 2.4 in [1]) 𝗁(𝒩(𝜇, Σ)) = 1
2 log((2𝜋𝑒)𝑑 det Σ).

Corollary A.2. For (𝑋, 𝑌 ) ∼ 𝒩(𝜇, Σ) with non-singular Σ

𝖨(𝑋; 𝑌 ) = 1
2

log det Σ𝑋 + 1
2

log det Σ𝑌 − 1
2

log det Σ

= −1
2

∑
𝑑

𝑖=1
log(1 − 𝜌2

𝑖 ),

where Σ𝑋, Σ𝑌  are marginal covariances, Σ𝑋𝑌  is cross-covariance, 𝑑 = min(𝑑𝑥, 𝑑𝑦), and {𝜌𝑖}
𝑑
𝑖=1

are singular values of Σ−1
2

𝑋 Σ𝑋𝑌 Σ−1
2

𝑌 .

Proof of Corollary A.2. Combining Lemma A.1 and (2) yields the first result. Now note that

𝖨(𝑋; 𝑌 ) = 𝖨(Σ−1
2

𝑋 𝑋; Σ−1
2

𝑌 𝑌 ) = 𝖨(U𝖳Σ−1
2

𝑋 𝑋; VΣ−1
2

𝑌 𝑌 ),

where U diag(𝜌𝑖)V𝖳 is the SVD of Σ−1
2

𝑋 Σ𝑋𝑌 Σ−1
2

𝑌 . However,

(U𝖳Σ−1
2

𝑋 𝑋, VΣ−1
2

𝑌 𝑌 ) ∼ 𝒩(𝜇′, ( I
diag(𝜌𝑖)

diag(𝜌𝑖)
I )),

from which we arrive at the second expression. □
Lemma A.3. Let A ∈ ℝ𝑛×𝑚 be full column-rank matrix and Θ ∼ 𝜇St(𝑛,𝑘) Then Θ𝖳A is full-rank
with probability one.

Proof of Lemma A.3. Performing QR decomposition of A yields Θ𝖳A = Θ𝖳QR =d Θ𝖳(I𝑚
0 )R. Since

A is full-rank, R is invertible and rank Θ𝖳A = rank Θ𝖳(I𝑚
0 ). Therefore,

ℙ{Θ𝖳A is full-rank} = 1 − ℙ{Θ𝖳(I𝑚
0 ) is not full-rank} = 1 − 0 = 1.

□
Lemma A.4. (Theorem 1.5 in [42]) Let W ∼ 𝜇O(𝑑) and partition

W = (W11
W21

W12
W22

).

with W11 of size 𝑘 by 𝑘. Then the eigenvalues {𝜆𝑖}
𝑘
𝑖=1 of W11W𝖳

11 follow the Jacobi ensemble

𝑝(𝝀) ∝ ∏
𝑖<𝑗

|𝜆𝑖 − 𝜆𝑗|𝛽 ∏
𝑘

𝑖=1
𝜆

𝛽
2 (𝑎+1)−1
𝑖 (1 − 𝜆𝑖)

𝛽
2 (𝑏+1)−1

with parameters 𝑎 = 0, 𝑏 = 𝑑 − 2𝑘, and 𝛽 = 1 (over ℝ).

Proof of Lemma A.3. Let A1 ∈ ℝ𝑘×𝑑 and A2 ∈ ℝ(𝑑−𝑘)×𝑑 be independent matrices with i.i.d. entries
from 𝒩(0, 1). By stacking A1 atop A2 and then performing a block QR decomposition on the
resulting Gaussian matrix, the orthogonal invariance of the Gaussian law implies that the two
Q‑blocks are independent of the upper‑triangular factor R, with Q1 and Q2 uniformly distributed on
O(𝑘) and St(𝑘, 𝑑 − 𝑘), respectively. Finally, computing the SVD of the block rows together with R
yields the generalized singular value decomposition (GSVD) of the pair (A1, A2):

(A1
A2

) = (Q1
Q2

)R = (U1
U2

)

(
((
((
((
( C̃

0
−S̃
0 )

))
))
))
)

Ṽ𝖳R,
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where U1 ∈ O(𝑘), U2 ∈ O(𝑑 − 𝑘), Ṽ ∈ O(𝑘), and C = diag(𝑐𝑖), S = diag(𝑠𝑖) with 𝑐𝑖 ≥ 0, 𝑠𝑖 ≥
0, and 𝑐2

𝑖 + 𝑠2
𝑖 = 1 for all 𝑖. The diagonal entries of C̃ are known as the generalized singular values

of the pair (A1, A2).

For a matrix P = diag(𝑝1, …, 𝑝𝑘) with i.i.d. 𝑝𝑖 sampled uniformly from {−1, 1}, we have Q1𝑃 =d

W11. Let W11 = UCV𝖳 be the SVD of W11, then one has

U1(
C̃
0)Ṽ𝖳P =d UCV𝖳.

Since U1, Ṽ, and U, V are uniformly distributed and independent of C̃, C, we have C̃ =d C by the
invariance of the Haar measure under orthogonal transformations. On the other hand, the generalized
singular values C̃ of a pair (A1, A2) follow the law of the Jacobi ensemble with parameters 𝑎 =
0, 𝑏 = 𝑑 − 2𝑘, and 𝛽 = 1 (Proposition 1.2 in [42]). Therefore, the squared singular values of W11
follow the Jacobi ensemble with the same parameters. □
Corollary A.5. The squared inner product |𝜃𝖳𝜙|2 between two independent random vectors 𝜃, 𝜙 ∼
𝜇𝕊𝑑−1  follows Beta(1

2 , 𝑑−1
2 ). Moreover, the shifted inner product (1 + 𝜃𝖳𝜙)/2 is symmetrically

distributed as Beta(𝑑−1
2 , 𝑑−1

2 ).

Proof of Corollary A.5. Setting Jacobi parameters 𝑘 = 1, 𝑎 = 0, 𝑏 = 𝑑 − 2 and 𝛽 = 1, the density is
proportional to 𝑥−1/2(1 − 𝑥)(𝑑−3)/2 on [0, 1], which matches the Beta(1

2 , 𝑑−1
2 ) distribution.

Next, observe that 𝜃𝖳𝜙 has a density proportional to (1 − 𝑡)𝑑−3
2  for 𝑡 ∈ [−1, 1]. Under the change of

variables 𝜂 ∼ Beta(𝑑−1
2 , 𝑑−1

2 ).

□

B Complete proofs

Proof of Lemma 4.1. One can acquire 𝖨(𝑋; 𝑌 ) = −𝑑
2 log(1 − 𝜌2) from a general expression for MI

of two jointly Gaussian random vectors (see Corollary A.2).

Recall that (𝜃𝖳𝑋, 𝜙𝖳𝑌 ) is also Gaussian with cross-covariance 𝜌 𝜃𝖳𝜙. Therefore, by Corollary A.2
we have

𝖲𝖨(𝑋; 𝑌 ) = 𝔼[𝖨(𝜃𝖳𝑋; 𝜙𝖳𝑌 ) | 𝜃, 𝜑] = −1
2

𝔼[log(1 − 𝜌2 |𝜃𝖳𝜙|2)].

From Corollary A.5, we note that |𝜃𝖳𝜙|2 ∼ Beta(1
2 , 𝑑−1

2 ), so

𝖲𝖨(𝑋; 𝑌 ) = − 1
2B(1

2 , 𝑑−1
2 )

∫
1

0
log(1 − 𝜌2𝑥)(1 − 𝑥)𝑑−3

2 𝑥−1
2 d𝑥

= 𝜌2

2
Γ(𝑑

2)
Γ(1

2)Γ(𝑑−1
2 )

∫
1

0
𝑥1

2 (1 − 𝑥)𝑑−3
2 𝐹2 1(1, 1; 2; 𝜌2𝑥) d𝑥,

(6)

where the last equality follows from the identity log(1 − 𝑧) = −𝑧 𝐹2 1(1, 1; 2; 𝑧) with hypergeomet-
ric function 𝐹2 1. Appling Euler’s integral transform ([43], Eq. (2.2.3)) gives

𝖲𝖨(𝑋; 𝑌 ) = 𝜌2

2𝑑
Γ(𝑑

2 + 1)
Γ(3

2)Γ(𝑑−2
2 )

∫
1

0
𝑥3

2−1(1 − 𝑥)(𝑑
2+1)−3

2−1 𝐹2 1(1, 1; 2; 𝜌2𝑥) d𝑥

= 𝜌2

2𝑑
𝐹3 2(1, 1, 3

2
; 𝑑
2

+ 1, 2; 𝜌2).

Here 𝐹3 2 denotes the generalized hypergeometric function.

Finally, we calculate the limit of 𝖲𝖨(𝑋; 𝑌 ) as 𝜌2 → 1 using properties of beta-distribution. Denoting
𝜂 = (1 + 𝜃𝖳𝜙)/2 ∼ Beta(𝑑−1

2 , 𝑑−1
2 ) (see Corollary A.5), we get
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𝖲𝖨(𝑋; 𝑌 ) = − log 2 − 𝔼 log(1 − 𝜂) = − log 2 − 𝔼 log 𝜂 = 𝜓(𝑑 − 1) − 𝜓(𝑑 − 1
2

) − log 2,

where 𝜓 is the digamma function. Using the bounds on digamma function [44]

log(𝑥 + 1
2
) − 1

𝑥
≤ 𝜓(𝑥) ≤ log(𝑥 + 𝑒𝜓(1)) − 1

𝑥
,

we derive an upper bound on this expression:

𝜓(𝑑 − 1) − 𝜓(𝑑 − 1
2

) − log 2 ≤ 1
𝑑 − 1

+ log(1 + 1 + 𝑒𝜓(1)

𝑑
)

To simplify the bound, one can note that 1 + 𝑒𝜓(0) < 2, log(1 + 𝑥) < 𝑥 and 1
𝑑 < 1

𝑑−1 .

□
Proof of Proposition 4.2.

Let QX, QY ∼ 𝜇St(𝑘,𝑑). Then [Q𝖳
X𝑋, Q𝖳

Y𝑌 ] ∼ 𝒩(0, Σ), where Σ is a 2𝑘 × 2𝑘 covariance matrix
with the following block structure

Σ = ( I𝑘
𝜌 Q𝖳

YQX

𝜌 Q𝖳
XQY
I𝑘

).

Using the formula for the determinant of a block matrix Σ yields

𝖲𝖨𝑘(𝑋; 𝑌 ) = −1
2

𝔼[log det(Σ)] = −1
2

𝔼[log det(I − 𝜌2(Q𝖳
XQY)(Q𝖳

XQY)𝖳)].

By the invariance of the Haar measure under left and right multiplication, Q𝖳
XQY =𝑑 W11, where

W11 is a 𝑘 by 𝑘 left upper block of the matrix W ∼ 𝜇O(𝑑). According to Lemma A.4, the eigenvalues
of W11W𝖳

11 follow Jacobi ensemble with parameters 𝑎 = 0, 𝑏 = 𝑑 − 2𝑘 and 𝛽 = 1:

𝑝(𝜆) ∝ ∏
𝑖<𝑗

|𝜆𝑗 − 𝜆𝑖| ∏
𝑘

𝑖=1
(1 − 𝜆𝑖)

𝑑−2𝑘−1
2 .

Thus, we get a general expresion for 𝑘-SMI

𝖲𝖨𝑘(𝑋; 𝑌 ) = −1
2

∫
[0,1]𝑘

∑
𝑘

𝑖=1
log(1 − 𝜌2𝜆𝑖)𝑝(𝜆) d𝜆.

□
Proof of Proposition 4.4. Using Lemma A.3 and 𝑑𝑥, 𝑑𝑦 < 𝑘, we get that Θ𝖳A and Φ𝖳B are injec-
tive with probability one for independent Θ, Φ distributed uniformly on St(𝑑𝑥, 𝑘) and St(𝑑𝑦, 𝑘).
Therefore, according to Theorem 3.1, [𝖨(Θ𝖳A𝑋; Φ𝖳B𝑌 ) | Θ, Φ] = 𝖨(𝑋; 𝑌 ) almost sure. As a result,
𝖲𝖨𝑘(A𝑋; B𝑌 ) = 𝖨(Θ𝖳A𝑋; Φ𝖳B𝑌 | Θ, Φ) = 𝖨(𝑋; 𝑌 ). □

Proof of Proposition 4.7. Direct corollary of Corollary A.2. □

C Additional experiments

In this section, we conduct supplementary experiments to evaluate SMI under a broader range of
setups. We begin by assessing 𝑘-SMI on the same set of benchmarks from Section 5. The results
for 𝑘 = 1, 2, 3 are presented in Figure 3, Figure 6, and Figure 7, respectively. Notably, saturation
remains consistent even for 𝑘 = 𝑑 − 1 (i.e., when only one component is discarded).

Next, we examine a setup involving randomized distribution parameters, following the methodology
of [34]. Among other adjustments, this includes randomizing per-component mutual information
(e.g., assigning interactions unevenly in this experiment). In some cases (e.g., the log-gamma-

557

558

559

560

561

562

563

564

565
566

567

568

569

570

571

572

573

574

575

576
577
578
579

580
581
582

15



0 2 4 6 8 10
𝖨(𝑋; 𝑌 )/𝑑, nats

0

1

2

3

4

5

𝖲𝖨
2(

𝑋
;𝑌

), 
na

ts

𝑑 = 3
𝑑 = 4
𝑑 = 6
𝑑 = 8
𝑑 = 16

(a) Correlated Normal

0 2 4 6 8 10
𝖨(𝑋; 𝑌 )/𝑑, nats

0

1

2

3

4

5

𝖲𝖨
2(

𝑋
;𝑌

), 
na

ts

𝑑 = 3
𝑑 = 4
𝑑 = 6
𝑑 = 8
𝑑 = 16

(b) Correlated Uniform

0 2 4 6 8 10
𝖨(𝑋; 𝑌 )/𝑑, nats

0

1

2

3

4

5

𝖲𝖨
2(

𝑋
;𝑌

), 
na

ts

𝑑 = 3
𝑑 = 4
𝑑 = 6
𝑑 = 8
𝑑 = 16

(c) Smoothed Uniform

0 2 4 6 8 10
𝖨(𝑋; 𝑌 )/𝑑, nats

0

1

2

3

4

5

𝖲𝖨
2(

𝑋
;𝑌

), 
na

ts

𝑑 = 3
𝑑 = 4
𝑑 = 6
𝑑 = 8
𝑑 = 16

(d) Log-Gamma-Exponential
Figure 6: Results of synthetic experiments with different distributions for 2-SMI. We report mean
values and standard deviations computed across 10 runs, with 104 samples used for MI estimation
and 128 for averaging across projections.

exponential distribution), this increases linear redundancy, as component pairs with higher mutual
information also exhibit higher variance in this particular scenario. Our results are displayed in
Figure 8.

Due to numerical constraints, we do not track 𝖨(𝑋; 𝑌 )/𝑑, instead plotting the results against the
total mutual information. While this makes saturation slightly less evident, the general trend of SMI
decreasing with 𝑑 remains observable. We also highlight the log-gamma-exponential distribution
(Figure 8d), where SMI is less prone to saturation under parameter randomization due to the reasons
mentioned earlier.

D Implementation details

D.1 Synthetic experiments

For the experiments from Section 5 and Section 6.1, we use implementation of Kraskov-Stoegbauer-
Grassberger (KSG) [35] mutual information estimator and random slicing from [34]. The number of
neighbors is set to 𝑘NN = 1 for the KSG estimator. For each configuration, we conduct 10 indepen-
dent runs with different random seeds to compute means and standard deviations. Our experiments
use 104 samples for (𝑋, 𝑌 ) and 128 samples for (Θ, Φ).

For the experiments from Section 5, we use independent components with equally distributed per-
component MI. For the supplementary experiments from Figure 8, parameters of each distribution
(e.g., covariance matrices) are randomized via the algorithm implemented in [34]. This includes
randomization of per-component MI (which is done using a uniform distribution over a (𝑑 − 1)-
dimensional simplex).
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(c) Smoothed Uniform
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(d) Log-Gamma-Exponential
Figure 7: Results of synthetic experiments with different distributions for 3-SMI. We report mean
values and standard deviations computed across 10 runs, with 104 samples used for MI estimation
and 128 for averaging across projections.

For the experiments, we used AMD EPYC 7543 CPU, one core per distribution. Each experiment
(fixed 𝑘, varying 𝑑) took no longer then 3 days to compute.

D.2 Representation learning experiments

For experiments on MNIST dataset, we use a simple ConvNet with three convolutional and two
fully connected layers. A three-layer fully-connected perceptron serves as a critic network for the
InfoNCE loss. We provide the details in Table 2. We use additive Gaussian noise with 𝜎 = 0.2 as an
input augmentation. Training hyperparameters are as follows: batch size = 512, 2000 epochs, Adam
optimizer [45] with learning rate 10−3.

For the experiments, we used Nvidia A100 GPUs. Each experiment took no longer then 1 day to
compute.

Table 2: The NN architectures used to conduct the tests on MNIST images in Section 6.2.

NN Architecture

ConvNet,

24 × 24
images

× 1: Conv2d(1, 32, ks=3), MaxPool2d(2), BatchNorm2d, LeakyReLU(0.01)
× 1: Conv2d(32, 64, ks=3), MaxPool2d(2), BatchNorm2d, LeakyReLU(0.01)
× 1: Conv2d(64, 128, ks=3), MaxPool2d(2), BatchNorm2d, LeakyReLU(0.01)
× 1: Dense(128, 128), LeakyReLU(0.01), Dense(128, dim)

Critic NN,
pairs of vectors

× 1: Dense(dim + dim, 256), LeakyReLU(0.01)
× 1: Dense(256, 256), LeakyReLU(0.01), Dense(256, 1)
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(d) Log-Gamma-Exponential
Figure 8: Results of synthetic experiments with different distributions. We report mean values and
standard deviations computed across 10 runs, with 104 samples used for MI estimation and 128 for
averaging across projections.
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Question: Do the main claims made in the abstract and introduction accurately reflect the paper’s
contributions and scope?

Answer: [YES]

Justification: We state our claims clearly in the abstract and introduction. The claims are
supported by theoretical analysis and various experiments.

Guidelines:

• The answer NA means that the abstract and introduction do not include the claims made in
the paper.

• The abstract and/or introduction should clearly state the claims made, including the contri-
butions made in the paper and important assumptions and limitations. A No or NA answer
to this question will not be perceived well by the reviewers.

• The claims made should match theoretical and experimental results, and reflect how much
the results can be expected to generalize to other settings.

• It is fine to include aspirational goals as motivation as long as it is clear that these goals are
not attained by the paper.

2. Limitations

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

Answer: [YES]

Justification: We discuss limitations in Section 7.

Guidelines:

• The answer NA means that the paper has no limitation while the answer No means that the
paper has limitations, but those are not discussed in the paper.

• The authors are encouraged to create a separate “Limitations” section in their paper.
• The paper should point out any strong assumptions and how robust the results are to

violations of these assumptions (e.g., independence assumptions, noiseless settings, model
well-specification, asymptotic approximations only holding locally). The authors should
reflect on how these assumptions might be violated in practice and what the implications
would be.

• The authors should reflect on the scope of the claims made, e.g., if the approach was only
tested on a few datasets or with a few runs. In general, empirical results often depend on
implicit assumptions, which should be articulated.

• The authors should reflect on the factors that influence the performance of the approach. For
example, a facial recognition algorithm may perform poorly when image resolution is low
or images are taken in low lighting. Or a speech-to-text system might not be used reliably
to provide closed captions for online lectures because it fails to handle technical jargon.

• The authors should discuss the computational efficiency of the proposed algorithms and
how they scale with dataset size.

• If applicable, the authors should discuss possible limitations of their approach to address
problems of privacy and fairness.

• While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover limi-
tations that aren’t acknowledged in the paper. The authors should use their best judgment
and recognize that individual actions in favor of transparency play an important role in
developing norms that preserve the integrity of the community. Reviewers will be specifi-
cally instructed to not penalize honesty concerning limitations.
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3. Theory Assumptions and Proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and a
complete (and correct) proof?

Answer: [YES]

Justification: We provide comprehensive statements for theorems and lemmas. We also provide
complete proofs in Section B.

Guidelines:

• The answer NA means that the paper does not include theoretical results.
• All the theorems, formulas, and proofs in the paper should be numbered and cross-

referenced.
• All assumptions should be clearly stated or referenced in the statement of any theorems.
• The proofs can either appear in the main paper or the supplemental material, but if they

appear in the supplemental material, the authors are encouraged to provide a short proof
sketch to provide intuition.

• Inversely, any informal proof provided in the core of the paper should be complemented by
formal proofs provided in appendix or supplemental material.

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

4. Experimental Result Reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main exper-
imental results of the paper to the extent that it affects the main claims and/or conclusions of the
paper (regardless of whether the code and data are provided or not)?

Answer: [YES]

Justification: We provide complete setup descriptions for the experiments in corresponding
sections.

Guidelines:

• The answer NA means that the paper does not include experiments.
• If the paper includes experiments, a No answer to this question will not be perceived well

by the reviewers: Making the paper reproducible is important, regardless of whether the
code and data are provided or not.

• If the contribution is a dataset and/or model, the authors should describe the steps taken to
make their results reproducible or verifiable.

• Depending on the contribution, reproducibility can be accomplished in various ways. For
example, if the contribution is a novel architecture, describing the architecture fully might
suffice, or if the contribution is a specific model and empirical evaluation, it may be
necessary to either make it possible for others to replicate the model with the same dataset,
or provide access to the model. In general. releasing code and data is often one good way
to accomplish this, but reproducibility can also be provided via detailed instructions for
how to replicate the results, access to a hosted model (e.g., in the case of a large language
model), releasing of a model checkpoint, or other means that are appropriate to the research
performed.

• While NeurIPS does not require releasing code, the conference does require all submissions
to provide some reasonable avenue for reproducibility, which may depend on the nature of
the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how to
reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe the
architecture clearly and fully.

750

751
752

753

754
755

756

757

758
759

760

761
762
763

764
765

766

767

768
769
770

771

772
773

774

775

776
777
778

779
780

781
782
783
784
785
786
787
788
789

790
791
792

793
794
795
796

20



(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct the
dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case authors
are welcome to describe the particular way they provide for reproducibility. In the case
of closed-source models, it may be that access to the model is limited in some way (e.g.,
to registered users), but it should be possible for other researchers to have some path to
reproducing or verifying the results.

5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instructions
to faithfully reproduce the main experimental results, as described in supplemental material?

Answer: [YES]

Justification: We use openly accessible data only for our experiments. Community-provided code
has been used for our experiments, and we reference its origin. Finally, we include additional
source code in the submission.

Guidelines:

• The answer NA means that paper does not include experiments requiring code.
• Please see the NeurIPS code and data submission guidelines (https://nips.cc/public/
guides/CodeSubmissionPolicy) for more details.

• While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not including
code, unless this is central to the contribution (e.g., for a new open-source benchmark).

• The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https://
nips.cc/public/guides/CodeSubmissionPolicy) for more details.

• The authors should provide instructions on data access and preparation, including how to
access the raw data, preprocessed data, intermediate data, and generated data, etc.

• The authors should provide scripts to reproduce all experimental results for the new pro-
posed method and baselines. If only a subset of experiments are reproducible, they should
state which ones are omitted from the script and why.

• At submission time, to preserve anonymity, the authors should release anonymized versions
(if applicable).

• Providing as much information as possible in supplemental material (appended to the paper)
is recommended, but including URLs to data and code is permitted.

6. Experimental Setting/Details

Question: Does the paper specify all the training and test details (e.g., data splits, hyperpara-
meters, how they were chosen, type of optimizer, etc.) necessary to understand the results?

Answer: [YES]

Justification: We provide all the necessary details in the corresponding sections, or in Appendix.

Guidelines:

• The answer NA means that the paper does not include experiments.
• The experimental setting should be presented in the core of the paper to a level of detail

that is necessary to appreciate the results and make sense of them.
• The full details can be provided either with the code, in appendix, or as supplemental

material.

7. Experiment Statistical Significance
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Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [YES]

Justification: We report mean and standard deviation.

Guidelines:

• The answer NA means that the paper does not include experiments.
• The authors should answer “Yes” if the results are accompanied by error bars, confidence

intervals, or statistical significance tests, at least for the experiments that support the main
claims of the paper.

• The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall run
with given experimental conditions).

• The method for calculating the error bars should be explained (closed form formula, call to
a library function, bootstrap, etc.)

• The assumptions made should be given (e.g., Normally distributed errors).
• It should be clear whether the error bar is the standard deviation or the standard error of

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

report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis of Normality
of errors is not verified.

• For asymmetric distributions, the authors should be careful not to show in tables or figures
symmetric error bars that would yield results that are out of range (e.g. negative error rates).

• If error bars are reported in tables or plots, The authors should explain in the text how they
were calculated and reference the corresponding figures or tables in the text.

8. Experiments Compute Resources

Question: For each experiment, does the paper provide sufficient information on the computer
resources (type of compute workers, memory, time of execution) needed to reproduce the
experiments?

Answer: [YES]

Justification: We describe our setup and computational load of the experiments.

Guidelines:

• The answer NA means that the paper does not include experiments.
• The paper should indicate the type of compute workers CPU or GPU, internal cluster, or

cloud provider, including relevant memory and storage.
• The paper should provide the amount of compute required for each of the individual exper-

imental runs as well as estimate the total compute.
• The paper should disclose whether the full research project required more compute than the

experiments reported in the paper (e.g., preliminary or failed experiments that didn’t make
it into the paper).

9. Code Of Ethics

Question: Does the research conducted in the paper conform, in every respect, with the NeurIPS
Code of Ethics https://neurips.cc/public/EthicsGuidelines

Answer: [YES]

Justification:

Guidelines:
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• The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.
• If the authors answer No, they should explain the special circumstances that require a

deviation from the Code of Ethics.
• The authors should make sure to preserve anonymity (e.g., if there is a special consideration

due to laws or regulations in their jurisdiction).

10. Broader Impacts

Question: Does the paper discuss both potential positive societal impacts and negative societal
impacts of the work performed?

Answer: [NA]

Justification: Although the paper may question methodology of some other works, there are no
broader impacts of the research conducted.

Guidelines:

• The answer NA means that there is no societal impact of the work performed.
• If the authors answer NA or No, they should explain why their work has no societal impact

or why the paper does not address societal impact.
• Examples of negative societal impacts include potential malicious or unintended uses

(e.g., disinformation, generating fake profiles, surveillance), fairness considerations (e.g.,
deployment of technologies that could make decisions that unfairly impact specific groups),
privacy considerations, and security considerations.

• The conference expects that many papers will be foundational research and not tied to
particular applications, let alone deployments. However, if there is a direct path to any
negative applications, the authors should point it out. For example, it is legitimate to point
out that an improvement in the quality of generative models could be used to generate
deepfakes for disinformation. On the other hand, it is not needed to point out that a generic
algorithm for optimizing neural networks could enable people to train models that generate
Deepfakes faster.

• The authors should consider possible harms that could arise when the technology is being
used as intended and functioning correctly, harms that could arise when the technology is
being used as intended but gives incorrect results, and harms following from (intentional
or unintentional) misuse of the technology.

• If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks, mecha-
nisms for monitoring misuse, mechanisms to monitor how a system learns from feedback
over time, improving the efficiency and accessibility of ML).

11. Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible release
of data or models that have a high risk for misuse (e.g., pretrained language models, image
generators, or scraped datasets)?

Answer: [NA]

Justification:

Guidelines:

• The answer NA means that the paper poses no such risks.
• Released models that have a high risk for misuse or dual-use should be released with

necessary safeguards to allow for controlled use of the model, for example by requiring that
users adhere to usage guidelines or restrictions to access the model or implementing safety
filters.

• Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.
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• We recognize that providing effective safeguards is challenging, and many papers do not
require this, but we encourage authors to take this into account and make a best faith effort.

12. Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in the
paper, properly credited and are the license and terms of use explicitly mentioned and properly
respected?

Answer: [YES]

Justification: For all the assets, we use citations that the original authors provided.

Guidelines:

• The answer NA means that the paper does not use existing assets.
• The authors should cite the original paper that produced the code package or dataset.
• The authors should state which version of the asset is used and, if possible, include a URL.
• The name of the license (e.g., CC-BY 4.0) should be included for each asset.
• For scraped data from a particular source (e.g., website), the copyright and terms of service

of that source should be provided.
• If assets are released, the license, copyright information, and terms of use in the package

should be provided. For popular datasets, https://paperswithcode.com/datasets has
curated licenses for some datasets. Their licensing guide can help determine the license of
a dataset.

• For existing datasets that are re-packaged, both the original license and the license of the
derived asset (if it has changed) should be provided.

• If this information is not available online, the authors are encouraged to reach out to the
asset’s creators.

13. New Assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [NA]

Justification:

Guidelines:

• The answer NA means that the paper does not release new assets.
• Researchers should communicate the details of the dataset/code/model as part of their

submissions via structured templates. This includes details about training, license, limita-
tions, etc.

• The paper should discuss whether and how consent was obtained from people whose asset
is used.

• At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

14. Crowdsourcing and Research with Human Subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as well
as details about compensation (if any)?

Answer: [NA]

Justification:

Guidelines:
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• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

• Including this information in the supplemental material is fine, but if the main contribution
of the paper involves human subjects, then as much detail as possible should be included in
the main paper.

• According to the NeurIPS Code of Ethics, workers involved in data collection, curation, or
other labor should be paid at least the minimum wage in the country of the data collector.

15. Institutional Review Board (IRB) Approvals or Equivalent for Research with Human
Subjects

Question: Does the paper describe potential risks incurred by study participants, whether such
risks were disclosed to the subjects, and whether Institutional Review Board (IRB) approvals
(or an equivalent approval/review based on the requirements of your country or institution) were
obtained?

Answer: [NA]

Justification:

Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

• Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you should
clearly state this in the paper.

• We recognize that the procedures for this may vary significantly between institutions and
locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the guidelines
for their institution.

• For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.
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