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Abstract

Evaluation metrics decide which image generative models are judged better, yet
widely used metrics are either uninformative or unreliable. Generative performance
should be evaluated across two separate axes: the realism of the generated samples,
and their coverage of the real distribution. Most popular metrics, including FID and
KID, report a single symmetric score that conflates these two axes, which makes
diagnosing and comparing models hard. A second family of metrics addresses
this limitation by reporting along the two axes separately. We call such metrics
disentangled, and they include Precision/Recall and Density/Coverage. However,
we show that existing disentangled metrics approximate empirical distributions
with oversized volumes, which can cause them to admit off-manifold samples. This
causes these metrics to respond unreliably to simple distributional changes and
image distortions. We propose Chamfer distance, an intuitive disentangled metric
that directly measures cross-set nearest-neighbor distances between real and gener-
ated samples. We show that the resulting one-sided distances provide interpretable
signals for fidelity and diversity, respond reliably to simple distributional changes,
while remaining computationally efficient.

1 Introduction

Image-based generative models have advanced rapidly, producing increasingly realistic and diverse
samples [12, 15, 18, 20, 30, 32]. As visual quality improves, evaluation metrics increasingly determine
which methods are judged better, which trade-offs are visible, and which directions the field prioritizes.
Because metrics carry this much weight, they need to be both informative enough to diagnose
generative models and reliable enough to respond correctly to changes in the generated distribution.

The most widely used metrics, including FID [14, 28], FDDINOv2 [38], FDrK [42], KID [3], and
CMMD [16], summarize the difference between the real and generated distributions as a single
symmetric score. These scores are simple and stable to compute, but a single symmetric number
has limited diagnostic value: it captures the size of the difference between two distributions, but
not its direction. A generative model can be deficient along two distinct axes: fidelity, whether
its samples look realistic, and diversity, whether it covers the full range of the real data. A single
symmetric number conflates these two axes, making it hard to meaningfully analyze and compare the
performance of different generative models.

A second line of work addresses this limitation by proposing disentangled metrics that separately
measure performance along the two axes. The most notable are Precision and Recall [19], which
estimate the support of each empirical distribution as a union of isotropic balls centered on its own
samples. The metrics are calculated by checking whether a sample from one distribution falls inside
the other’s estimated support. We show that these balls can have large volumes, which makes the
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(a) High fidelity and diversity (b) Low fidelity, high diversity (c) Low diversity, high fidelity

Figure 1: A single symmetric score does not identify which axis a model failed on. Green squares
( ) are the real distribution the models are trained on. Orange stars ( ) are samples from three
different models with varying generative performance.

estimated support extend well beyond the true manifold. Because membership is a binary test,
off-manifold points that are far from any real data can still be counted as valid. This has practical
consequences, and we demonstrate that such metrics are unreliable even in simple 2D examples.
Moreover, we observe that they are insensitive to image degradation and remain stagnant even as
images get visibly corrupted.

In this work, we propose Chamfer distance: a disentangled metric that does not rely on inflated
approximations of distributions or binary membership tests. Instead, we report fidelity and diversity
separately by directly measuring cross-set nearest-neighbor distances between real and generated
samples. We show that Chamfer distance provides sample-level interpretability, while retaining
sensitivity to distributional distortions, reducing dependence on neighborhood parameters, and
remaining computationally efficient. Our contributions are as follows:

• We identify a gap in existing evaluation metrics: they either conflate fidelity/diversity or,
when they do not separate them, they produce unreliable scores.

• Using a simple two-dimensional example, we show that popular metrics assign perfect
scores to two clearly distinct distributions. Through controlled experiments, we show that
existing ball-based metrics fail to respond to visible image degradation and do not improve
as the candidate set grows denser.

• Finally, we propose Chamfer distance, a disentangled metric that is intuitive, interpretable
and computationally efficient. We benchmark modern generative models and show that
Chamfer distance remains informative in cases where existing metrics saturate or disagree
with each other.

2 Background

In this section, we briefly review existing evaluation metrics. The metrics we discuss in this work
compare a reference set of real images against a candidate set, which in practice contains samples
from the model being evaluated. The two distributions are often compared in the embedding space of
a pretrained encoder [25, 31, 40].

Distributional Metrics Fréchet Inception Distance (FID) is arguably the most widely used evaluation
metric for image generation models. FID embeds real and candidate/generated images into the
feature space of a pretrained Inception-v3 network [40], fits a multivariate Gaussian to each set
of embeddings, and computes the Fréchet distance between the two fitted Gaussian distributions.
Despite its popularity, several works have exposed structural flaws of FID [16, 22, 24] and we discuss
them in Appendix A. Other works compute the Fréchet distance with different encoders [38, 42], in
part because Inception features align poorly with human judgments of image quality [38]. A different
line of work, such as KID and CMMD, avoid the Gaussian assumption of FID by comparing the two
sets through Maximum Mean Discrepancy (MMD) [13].
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BigGAN: FID 6.67 IMM (1 step): FID 8.11
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Figure 2: Random samples for three ImageNet classes: Samples from IMM look more visually
diverse, yet FID ranks BigGAN [5] above IMM [45].

We note that by formulation, distributional metrics are symmetric: for two distributions P and Q,
they satisfy d(P,Q) = d(Q,P ). Hence, they reduce the discrepancy between two distributions to a
single symmetric score, which can indicate how large that discrepancy is, but not where it comes
from. Consider Figure 1, which shows candidate samples from three models evaluated against the
same reference distribution. Model A (Figure 1a) is well fitted: its samples lie close to real data (high
fidelity) and cover it well (high diversity). Model B (Figure 1b) covers every real sample, but many of
its own samples lie far from any real data (low fidelity, high diversity). Model C (Figure 1c) places all
of its samples close to real data, but leaves many real samples with no generated sample nearby (high
fidelity, low diversity). Any reasonable evaluation metric would rank Model A above both Model B
and Model C. A symmetric score for Model B and Model C would be worse compared to Model A,
but it would not indicate which of these two failure modes has occurred. Hence, a symmetric score
conflates fidelity and diversity, making it hard to analyze and compare different models.

This can be demonstrated by a practical example too. Consider Figure 2 and Figure 9 that shows
random samples from BigGAN and IMM (1-step) for different ImageNet classes. Looking at the
samples, it is perceptible that IMM has more visually diverse samples. Yet, a distributional metric
like FID just reports a single number, which does not capture this obvious visual difference.

Disentangled Metrics In order to address this drawback, disentangled metrics have been proposed
that measure generative models along two separate axes. Most existing disentangled metrics follow
the KNN-ball framework, first proposed by Kynkäänniemi et al. [19]. The support of each empirical
distribution is approximated by placing a ball around every sample, with radii set by local nearest-
neighbor distances. The union of all such balls gives the estimated support for that empirical
distribution. These estimated supports make it possible to answer binary membership queries of
the form: “Does a sample x lie in the support of distribution P ?”. Concretely, let P and Q denote
the real and candidate distributions respectively, with samples {xi}Ni=1

∼ P and {yj}Mj=1
∼ Q.

The support of P is approximated by the union of balls centered at each real sample: M̂X :=⋃N

i=1
B(f(xi), NNDk (f(xi))) where B(c, r) is the ball of radius r around c in feature space, f(·)

is a feature extractor, and NNDk (f(xi)) is the distance from f(xi) to its k-th nearest neighbor in
f(xj)

N
j=1, j ̸=i. The support of Q is defined analogously. Precision and recall are then:

Precision :=
1

M

M∑

j=1

1

[
f(yj) ∈ M̂X

]
, Recall :=

1

N

N∑

i=1

1

[
f(xi) ∈ M̂Y

]
.

Several works refine this KNN-ball framework by modifying the scoring rule including Den-
sity/Coverage [24] and Symmetric Precision/Recall [17]. We cover them briefly in Section 3. Despite
these refinements, the underlying principle of all these approaches remains the same: each method
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uses within-set nearest-neighbor distances to construct local support estimates and evaluates samples
by their membership in those estimated supports.

3 Limitations of KNN-Ball based metrics

(a) The two pentagons (b) Reference support (c) Candidate support

Figure 3: A counterexample for KNN-ball metrics. Two pen-
tagons: a reference set of green squares ( ) and a candidate set of
orange stars ( ).

Table 1: Metrics for the two
pentagons (k=1)

Metric Value

Precision↑ 1.00

Recall↑ 1.00

Density↑ 2.50

Coverage↑ 1.00

Sym. Precision↑ 1.00

Sym. Recall↑ 1.00

FD↓ 0.00

While the motivation behind disentangled metrics is valid, in this paper we argue that existing
disentangled metrics are unreliable, even in simple cases. These metrics estimate the manifold of
each distribution with nearest-neighbour search: they place a ball around every sample, with its radius
set by the distance to the k-th nearest neighbour within the same set. In practice, isotropic balls cover
not only regions along the true manifold, but also large off-manifold regions far from any real data.
Since these metrics rely only on binary membership in this estimate, samples that are far from the
true manifold can still be counted as belonging to it, as long as they fall inside some ball.

Consider a simple conceptual example that illustrates this. Figure 3a shows two distributions: one
of green squares ( ) and another of orange stars ( ). Clearly, the two distributions are distinct and
any bona fide metric should be able to tell them apart. Yet, as shown in Table 1, existing ball-based
metrics obtain perfect scores, and wrongly conclude that the distributions are identical.

Precision and Recall. Precision measures the fraction of candidate samples that lie within the
estimated real support, while Recall measures the fraction of real samples that lie within the estimated
candidate support. As Figures 3b and 3c show, both metrics achieve a perfect score of 1.

Density and Coverage [24]: Density counts how many real balls contain each candidate, while
Coverage measures the fraction of real balls that contain at least one candidate. As Figure 3b shows,
Coverage achieves a perfect score of 1, and Density is even higher at 2.5.

Symmetric Precision and Recall. Khayatkhoei and AbdAlmageed [17] introduce complements of
Precision and Recall. For example, cPrecision measures the fraction of candidate samples whose ball
contains at least one real sample. Symmetric Precision is defined by taking the minimum of Precision
and cPrecision. Similarly, Symmetric Recall is the minimum of Recall and Coverage. In the case of
Figure 3a both symmetric metrics achieve a perfect score of 1.

Fréchet Distance (FD) under a Gaussian Assumption. Even though it is not a disentangled
ball-based metric, it is worthwhile to note that FD, which underlies FID, FDDINOv2 [38] and FDrK

[42], also fails here. Both sets have the same mean and covariance, so their fitted Gaussians coincide,
leading to a perfect FD score of 0.

This example illustrates how existing metrics can be unreliable even in a simple 2D setting. In the
following subsections, we explore how the same mechanism affects ball-based metrics on real image
data using simple experiments.

3.1 Insensitivity to Image Distortions

In general, any useful evaluation metric should respond when samples are degraded by perceptible
distortions. We test this property using 5K randomly sampled LAION-5B images [37]. For each
image, we create a paired distorted sample by first encoding the image with a pretrained Stable
Diffusion VAE [33]. Then, Gaussian noise with mean zero and standard deviation σ is added to the
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(a) The inflated estimated support phenomenon.
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(b) Real images and their distortions.

Figure 4: The binary membership test and insensitivity to distortions. (a) KNN-ball metrics
estimate the support around each point x with a ball whose radius is equal to the k-th nearest
neighbour distance. Gray dots ( ) show the data manifold and green squares ( ) the reference samples.
Orange stars ( ) are increasingly distorted versions of x, obtained by adding an increasing degree of
noise. These distorted points can lie far from the manifold, but as long as they lie within the ball, they
are counted as valid. (b) The original and distorted images from the LAION-5B dataset. Here, the
distorted images correspond to a noise level of σ = 0.225.

encoded latents. Varying σ controls the degree of corruption. Finally, the corrupted encodings are
decoded back to pixel space. For this experiment the metrics are evaluated on features extracted using
DINOv2 (ViT-g/14) [25] with neighborhood size fixed at k = 3. Clean images are used as reference,
while distorted images form the candidate set. Figure 4b shows representative original-distorted pairs
at one noise level, illustrating the perceptual degradation induced by the corruption process. As
shown in Table 2, KNN-ball based metrics remain nearly unchanged as the noise level increases.
This happens because ball-based metrics only test for binary membership inside inflated supports.
Figure 4a illustrates this in two dimensions: as long as the distorted images remain within the ball,
the associated metrics do not register any corruption to the images. Additional results for the same
experiment on ImageNet dataset can be found in Appendix H

Table 2: Sensitivity to Image Distortions. Metrics are computed using DINOv2 (ViT-g/14) [25]
features for 5K LAION images and their distorted counterparts across increasing latent noise levels.
Rows correspond to the standard deviation σ of the Gaussian noise added.

PR [19] DC [24] Symmetric [17] Chamfer (Ours)

σ Prec.↑ Recall↑ Density↑ Coverage↑ Prec.↑ Recall↑ Fidelity↓ Coverage↓

0.10 1.00 1.00 1.21 1.00 1.00 1.00 31.38 31.40

0.125 1.00 1.00 1.22 1.00 1.00 1.00 31.94 31.98

0.15 1.00 1.00 1.22 1.00 1.00 1.00 32.60 32.65

0.175 1.00 1.00 1.21 0.99 1.00 0.99 33.35 33.40

0.20 1.00 1.00 1.21 0.99 1.00 0.99 34.11 34.17

0.225 1.00 1.00 1.18 0.99 0.99 0.99 34.96 35.03

3.2 Insensitivity to Sampling Density

Another limitation of KNN-ball based metrics is that once these balls are large enough, the associated
metrics can saturate even when the candidate set becomes substantially denser. In this paragraph, we
describe the experimental setup. We consider an oracle setting, where the candidate/generated set
consists of real images rather than samples from a trained generative model. Equivalently, this can be
viewed as sampling from a perfect oracle generator that only produces real images. This removes
image quality as a confounding factor from our analysis, since every candidate sample is an actual
real image. For the following analysis, the candidate set is formed directly from real ImageNet [34]
training images, with randomly sampled subsets of sizes 10K, 30K, and 50K.
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Sampling density increases

(a) 40 candidate samples. (b) 120 candidate samples. (c) 200 candidate samples.

Figure 5: Sensitivity to sampling density. A denser candidate set should be recognized as covering
the reference set better. Gray dots ( ) show the underlying two-dimensional distribution, green squares
( ) a fixed reference set, and orange stars ( ) the candidate set. Both sets are drawn from the same
distribution.

Expected behaviour Before turning to the results, it is useful to reason through what a diversity
metric is intended to measure and how it should behave. Diversity asks whether the candidate set
represents the different regions of the real data distribution. In the oracle setting, increasing the size
of the candidate set gives a denser empirical sample from that same real distribution. Therefore,
for any fixed reference image, as the candidate set size increases, it becomes more likely that some
candidate image lies nearby. Figure 5 illustrates it in two dimensions: as sampling density increases,
each reference point ( ) is better covered by a candidate point ( ). Aggregated over the reference
set, a well-calibrated diversity metric should therefore indicate increased coverage of the reference
distribution as the candidate set size increases and hence should get better. We call this desideratum
sensitivity to sampling density.

Table 3: Oracle real-subset evaluation on ImageNet-1K The standard Precision/Recall evaluation
protocol uses a 10K-image real subset as the reference set [8]. We evaluate real ImageNet training
subsets of size 10K, 30K, and 50K as the candidate/generated set. FID is computed against statistics
estimated from the full ImageNet training set. The neighborhood hyperparameter k = 1 and features
are extracted using Inception-v3 [40].

FID↓ IS↑ PR Symmetric Chamfer (Ours)

Gen. size Prec.↑ Recall↑ Prec.↑ Recall↑ Fid.↓ Cov.↓
10K 4.13 330.90 0.51 0.52 0.50 0.50 10.59 10.57
30K 1.37 331.75 0.51 0.49 0.25 0.49 10.60 9.90
50K 0.85 331.71 0.51 0.50 0.17 0.50 10.61 9.56

Results Table 3 shows that KNN-ball diversity metrics do not respond correctly to change in sampling-
density. Recall is essentially flat, and even decreases from 0.52 at 10K to 0.50 at 50K, although
the larger candidate set is a denser sample from the same real distribution. Notably, the same trend
holds for Symmetric Recall [17], which was proposed to mitigate the limitations of previous methods.
This behavior is consistent with the inflated-ball phenomenon. At 10K candidates, the estimated
KNN-ball support already covers a large region, so many reference samples are counted as covered
by the binary membership test. Adding more real candidate samples then does not improve the score,
even though coverage should improve in the oracle setting. Instead of tracking the sampling density
of the candidate set, these metrics primarily reflect membership in an inflated support estimate.

Note on performance of FID: Since FID is the most widely used evaluation metric, it is worthwhile
to take a short detour and observe how FID behaves under oracle setting. For FID, each candidate
set (10K, 30K, and 50K images) is compared against reference statistics estimated from the full
ImageNet training set of 1.2 million images. Even the 10K subset obtains an FID of 4.13, despite
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containing less than 1% of the ImageNet training set. Increasing the candidate set size further drives
FID down to 1.37 at 30K and 0.85 at 50K. These scores would normally be interpreted as very strong
generative performance [36, 45]. This result is significant because it shows that FID can be satisfied
by matching global feature moments over a small finite subset. A method can therefore achieve
a low FID while still having poor distributional coverage, especially if it memorizes, retrieves, or
over-represents common modes. In this sense, the experiment demonstrates that low FID is not
sufficient evidence that a model has learned the full data distribution.

Additionally, Appendix D reports how the above metrics behave under further distributional changes.

4 Proposed Metric
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d=2.80 d=3.05 d=3.14 d=3.59 d=3.92 d=4.02 d=4.70 d=4.76 d=5.05

d=4.18 d=4.33 d=4.38 d=5.51 d=5.54 d=5.70 d=6.12 d=6.26 d=6.26

d=8.84 d=9.27 d=9.43 d=14.88d=15.04d=15.39 d=15.33d=15.57d=15.83

Figure 6: Cross-set nearest neighbor search distance as a fidelity signal. Each column group
corresponds to a distinct ImageNet class. In each group, the leftmost image is from the generated set,
and the three images to its right are its nearest neighbors from the real set. Nearest neighbors are
computed in Inception-v3 feature space, and d denotes the distance from each generated image to
its nearest real neighbor. Rows are sorted by increasing nearest-neighbor distance. As the distance
increases from top to bottom, the generated images become visibly less realistic.

Our aim in this paper is to propose a disentangled metric that reports fidelity and diversity separately,
without performing binary membership test on inflated estimated supports. Previous sections suggest
that the problem is not nearest-neighbor search itself, but how existing metrics use it. KNN-ball
metrics first build an estimated support from within-set neighborhoods and then apply a binary
membership tests. We instead consider using nearest-neighbor search directly across the real and
generated sets, giving us a simple distance-based view of both fidelity and diversity.

Figure 6 illustrates the basic intuition for fidelity. For each generated query image, we retrieve its
nearest neighbors in the real set. For this visualization, the real set consists of ImageNet-1K images,
the generated set consists of samples from IMM-XL (8 steps) [45], and nearest-neighbor distances
are computed in the Inception-v3 feature space. If the distance is small, the retrieved real images are
similar to the query, implying that the generated sample lies close to the real images. This indicates
that these generated samples are realistic (top row in Figure 6). If the distance is large, this implies
that the generated sample is far from any real image, suggesting that it is unrealistic (bottom row
in Figure 6). Figure 7 illustrates the corresponding intuition for diversity. For each real image, we
retrieve its nearest neighbors in the generated set. If the distance is small, the retrieved generated
images are similar to the real query, implying that the generator has produced samples near this region
of the real data distribution. This indicates that the corresponding real samples are well covered by
the model (top row in Figure 7). If the distance is large, then the real query is far from any generated
image, suggesting that the generator has failed to cover this region of the real distribution (bottom
row in Figure 7).

We now turn this nearest-neighbor intuition into a statistical measure. Let P and Q be arbitrary
distributions, and let Pn = {x1, . . . , xn} and Qm = {y1, . . . , ym} be finite samples from them. For
a query point x ∼ P , we measure its discrepancy from Q by averaging the distances to its K nearest
neighbors in Qm. The total discrepancy from P to Q is then obtained by averaging this quantity over
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d=3.04 d=3.06 d=3.28 d=3.53 d=3.70 d=3.71 d=4.78 d=4.84 d=4.91

d=4.42 d=4.98 d=5.07 d=6.48 d=6.49 d=6.79 d=7.19 d=7.31 d=7.33

d=7.76 d=7.91 d=8.13 d=15.80d=16.42d=16.43 d=13.74d=13.76d=13.98

Figure 7: Cross-set nearest neighbor search distance as a diversity signal. Each column group
corresponds to a distinct ImageNet class. In each group, the leftmost image is from the real set,
and the three images to its right are its nearest neighbors from the generated set. Nearest neighbors
are computed in Inception-v3 feature space, and d denotes the distance from each real image to
its nearest generated neighbor. Rows are sorted by increasing nearest-neighbor distance. As the
distance increases from top to bottom, real images become less well represented by the generated set,
indicating poorer coverage of the data.

points drawn from P :

d(Pn, Qm) = E
x∼Pn


 1

K

K∑

j=1

∥∥f(x)− f(y∗j )
∥∥
2


 , (1)

where y∗
1
, . . . , y∗K are the K nearest neighbors of x in Qm, ordered by distance in feature space.

This construction is a direct generalization of the one-sided Chamfer distance [1, 2, 4, 10], a standard
measure for comparing point clouds in 3D computer vision. When K = 1 and Pn and Qm are finite
3D point sets, the symmetrized version recovers the classical Chamfer distance:

dSym-Chamfer(Pn, Qm) =
1

|Pn|
∑

x∈Pn

min
y∈Qm

∥x− y∥2 +
1

|Qm|
∑

y∈Qm

min
x∈Pn

∥y − x∥2.

For this reason, we refer to our metric as Chamfer: it preserves the nearest-neighbor interpretation of
Chamfer distance while extending it to K-nearest-neighbor distances in high-dimensional feature
spaces. For generative model evaluation, we take Pn to be samples from the generated distribution
P and Qm to be samples from the real distribution Q. In this direction, d(Pn, Qm) measures
how close generated samples are to real samples, so we call it Chamfer-Fidelity. Reversing the
direction measures how well the generated distribution covers the real distribution, so d(Qm, Pn) is
Chamfer-Coverage. Both metrics are distances, so lower values indicate better performance.

Before moving to experiments, we summarize how our proposed metric avoids the issues with the
popular metrics discussed above. Unlike distributional metrics, it reports fidelity and diversity as
two separate metrics. Unlike KNN-ball metrics, it does not estimate a support or rely on binary
membership tests. As a result, off-manifold samples are penalized by their actual distance to the
real set rather than being accepted simply because they fall inside an inflated support estimate. For
example, our metrics are non-zero for the two pentagons in Figure 3a, correctly indicating that the two
distributions are not identical, whereas other metrics in Table 1 report perfect scores. Additionally,
because the final score is an average over per-sample distances, the metric is naturally diagnostic:
each term corresponds to an individual generated or real sample, allowing practitioners to identify
low-fidelity generations and under-covered regions of the data distribution.

5 Experiments

Sensitivity to Image Distortions We return to the image distortion experiment presented in Section
3.1: despite visible degradation in the distorted images, KNN-ball based metrics remained stagnant.
As shown in Table 2, our proposed metrics Chamfer-Fidelity and Chamfer-Coverage increase
monotonically with noise level, correctly reflecting the degradation in image quality.
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Table 4: Sensitivity to number of neighbors k:
We evaluate 10K samples from iMeanFlow [11]
(NFE=1) against 10K ImageNet reference images
using Inception features.

k Prec. Recall Density Cov. Chamfer-Fid. Chamfer-Cov.

1 0.52 0.44 1.06 0.50 10.50 10.65

3 0.78 0.70 1.08 0.88 11.04 11.17

5 0.87 0.80 1.07 0.97 11.47 11.56

10 0.95 0.91 1.07 1.00 12.32 12.37

20 0.98 0.95 1.08 1.00 13.37 13.44

50 0.99 0.97 1.09 1.00 14.53 14.63

100 0.99 0.98 1.10 1.00 15.12 15.24

Figure 8: Sensitivity to number of neigh-
bors. While commonly used ball-based
evaluation metrics exhibit high sensitivity
to k, our metrics show gradual change.

Table 5: Wall-clock computation time. We report post feature-extraction runtime (in seconds) for
FID, Precision/Recall, and Chamfer distance across increasing reference and candidate set sizes.

Ref. Size N Cand. Size N FID Precision/Recall Chamfer

10K
10K 8.36 1.71 1.00
50K 9.67 6.84 1.15

100K 100K 25.95 52.12 4.20

Sensitivity to Sampling Density Chamfer distance correctly responds to sampling density. Under
the oracle setting of Table 3, where the generated set consists of real ImageNet images at three sizes
(10K, 30K, 50K), Chamfer-Coverage decreases monotonically from 10.57 to 9.56, reflecting that a
denser generated set places its samples closer to the reference on average.

Sensitivity to Number of Neighbors KNN-ball metrics are highly sensitive to the neighborhood
parameter k, since increasing k directly enlarges the estimated support. We quantify this dependence
by evaluating 10K iMeanFlow [11] samples (NFE= 1) against 10K ImageNet references using
Inception features, while sweeping k ∈ {1, 3, 5, 10, 20, 50, 100}. As shown in Table 4 and Figure 8,
changing k from 1→ 3 raises Precision from 0.52 to 0.78, Recall from 0.43 to 0.69, and Coverage
from 0.50 to 0.87. As k grows, these binary membership scores approach saturation; Coverage
reaches 1.0 by k = 20, after which it no longer distinguishes larger neighborhoods. In practice for
ball-based metrics, k is a critical hyperparameter that must be tuned for each evaluation setting. In
contrast, our metrics change smoothly across the sweep, indicating lower sensitivity to k.

Computational Efficiency We benchmark post feature-extraction runtime for FID, Precision/Recall,
and Chamfer distance in Table 5 using a single NVIDIA L40S. All metrics are computed from
the same 2048-dimensional Inception-v3 features, so the reported times exclude feature extraction.
Chamfer distance is considerably faster than FID and Precision/Recall, allowing it to scale to much
larger sets of reference and generated images. This efficiency arises from the fact that Chamfer
distance relies on nearest-neighbor lookups, which can be efficiently implemented using GPU-
accelerated libraries like FAISS [9] (see Appendix J for complexity analysis).

5.1 Benchmarking Modern Generative Models

We now turn to evaluating trained generative models. Table 6 reports evaluation results across popular
models using 100K generated samples against 100K reference images from ImageNet. Evaluation
protocols are provided in Appendix I. We observe that our proposed metric agrees with many accepted
notions in the literature. For example, GANs which are prone to suffer from mode collapse, have poor
Chamfer-Coverage. For IMM, both Chamfer-Fidelity and Chamfer-Coverage decrease monotonically
as NFE increases, consistent with the expectation that additional sampling steps refine generated
samples. More informative are the cases where existing metrics saturate or disagree, and Chamfer
resolves what they leave ambiguous:
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• BigGAN obtains a better FID than IMM (1 step), yet IMM has a much better Chamfer-Coverage
(34.75 against 40.09). This agrees with the samples in Figures 2 and 9, where IMM is visibly more
diverse. This reveals that FID does not reflect a difference in diversity.

• For IMM, Recall peaks at 2 steps and stagnates thereafter, suggesting no further diversity gains.
Chamfer-Coverage, however, continues to improve monotonically with NFE, showing that addi-
tional sampling steps improve the diversity.

• Recall ranks IMM (2 steps) above VAR, but both FD-based metrics and Chamfer-Coverage agree
that VAR is the better model, which is not surprising as VAR has much higher number of parameters.

• FDDINOv2 ranks IMM (2 steps) above RAR-XL (230.07 against 263.36), even though RAR-XL has
a far better FID (1.19 against 3.67). Chamfer ranks RAR-XL ahead on both fidelity and coverage.

• StyleGAN-XL and DiT-XL/2 have similar FIDs (2.08 and 1.92), yet DiT-XL/2 is better on both
Chamfer metrics.

• LlamaGen-L and RAR-XL have similar FDDINOv2, yet each is better on a different axis: LlamaGen-
L has better Chamfer-Fidelity and RAR-XL has better Chamfer-Coverage. A single symmetric
score like FDDINOv2 cannot show the axis along which the models are weak.

• Precision rates StyleGAN-XL lowest (0.29), although StyleGAN-XL beats BigGAN on FID and
FDDINOv2. It rates TiTok-L-32 third (0.49), above Priming-L (0.47), which has much better FID
and FDDINOv2. Chamfer-Fidelity agrees with FID and FDDINOv2 in both cases.

Table 6: Generative Model Evaluation on ImageNet 256 (100K samples, k = 3). Values are mean ±
std over 3 runs; each run draws a new set of 100K generated samples with a different random seed. A
std shown as 0.00 is below 0.005.

DINOv2-Giant (ViT-g/14) Inception-v3

Model Params (M) NFE ↓ FDDINOv2 ↓ Precision ↑ Recall ↑ Chamfer-Fid. ↓ Chamfer-Cov. ↓ FID ↓
BigGAN [5] 112 1 743.29±0.85 0.47±0.00 0.14±0.01 44.59±0.05 40.09±0.06 6.67±0.05

StyleGAN-XL [35] 166 1 317.99±0.81 0.29±0.00 0.40±0.00 42.32±0.01 35.92±0.02 2.08±0.03

DiT-XL/2 (cfg = 1.5) [29] 675 250 108.55±0.86 0.56±0.00 0.58±0.00 32.72±0.01 31.18±0.01 1.92±0.01

SiT-XL/2 (cfg = 1.5) [23] 675 250 151.16±0.72 0.48±0.00 0.59±0.00 35.39±0.07 31.71±0.01 1.74±0.01

IMM (1 step, cfg = 1.5) [45] 676 1 384.37±1.77 0.32±0.00 0.62±0.00 44.29±0.04 34.75±0.03 8.11±0.08

IMM (2 steps, cfg = 1.5) 676 2 230.07±0.61 0.38±0.00 0.68±0.00 40.11±0.03 33.02±0.02 3.67±0.05

IMM (4 steps, cfg = 1.5) 676 4 163.24±0.86 0.43±0.00 0.68±0.00 37.51±0.06 32.25±0.03 2.19±0.01

IMM (8 steps, cfg = 1.5) 676 8 128.80±0.31 0.47±0.00 0.67±0.00 35.76±0.01 31.81±0.03 1.69±0.01

iMeanFlow [11] 610 1 138.65±0.41 0.48±0.00 0.57±0.00 34.65±0.05 31.51±0.02 1.48±0.01

Drifting-L [7] 463 1 213.14±1.14 0.39±0.00 0.56±0.00 38.40±0.06 32.89±0.01 1.24±0.01

Priming-L [27] 405 1 88.12±0.18 0.47±0.00 0.66±0.00 34.32±0.02 31.34±0.00 0.93±0.01

VAR [41] 2000 10 104.07±0.20 0.56±0.00 0.63±0.00 32.99±0.03 30.70±0.00 1.63±0.01

LlamaGen-L [39] 343 256 269.79±0.63 0.46±0.00 0.42±0.00 36.04±0.06 33.40±0.01 4.13±0.01

Open-MAGVIT2-XL [21] 1500 256 145.70±0.25 0.48±0.00 0.58±0.00 34.95±0.01 31.79±0.01 2.09±0.01

RAR-XL [43] 955 256 263.36±0.11 0.44±0.00 0.49±0.00 37.61±0.00 32.76±0.01 1.19±0.00

RandAR-XL [26] 775 88 243.24±0.59 0.48±0.00 0.49±0.00 35.74±0.02 32.51±0.01 1.90±0.01

TiTok-L-32 [44] 177 8 377.30±0.67 0.49±0.00 0.42±0.00 41.65±0.02 33.39±0.03 2.50±0.03

6 Discussions and Conclusion

Future Work This work studies existing generative evaluation metrics from an empirical perspective
and proposes Chamfer distance as an alternative that avoids their limitations. We note that Chamfer
distance is encoder-agnostic and can be paired with feature spaces that better capture human percep-
tion, aesthetic quality, semantic alignment, or domain-specific similarity. Studying these encoder
choices is an important direction left for future work.

Conclusion Widely used evaluation metrics often conflate fidelity and diversity into a single symmet-
ric score. Existing metrics that report the two separately rely on inflated support estimates, which
makes them unreliable. We propose Chamfer distance, a disentangled metric based on cross-set
nearest-neighbor, that provides interpretable signals for fidelity and coverage. Across our analyses,
Chamfer distance is less sensitive to the neighborhood parameter, responds more meaningfully to
image corruption and sampling density, and remains computationally efficient.
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A Limitations of FID

Despite its widespread use, FID has several known limitations, including sensitivity to sample size
[6], implementation details [28], and the choice of feature encoder [38, 42]. We focus on a more
fundamental issue: FID approximates complex feature distributions with a single Gaussian. Given
real and generated samples, FID embeds both sets using a feature extractor and approximates each
resulting feature distribution by a single Gaussian. The score then compares only the fitted means
and covariance matrices. Thus, FID does not compare the full feature distributions; it compares a
two-moment summary of them. This creates a fundamental blind spot. Distinct distributions can have
identical first and second moments while differing substantially in shape, support, modality, and tail
behaviour. This failure is not tied to a particular encoder: any metric (including FDDINOv2 [38]) that
reduces a feature distribution to a single mean and covariance matrix is oblivious to discrepancies
beyond second-order structure.

To make this limitation explicit, consider two distributions in R
d: P = N (0, Id) and Q =

Unif([−
√
3,
√
3]d). These distributions are clearly different: P has unbounded support and Gaussian

tails, while Q is supported on a compact hypercube. However, they have identical first and second
moments. Under the Gaussian approximation used by FID, the moment-matched Gaussians for P and
Q are identical, so their Fréchet distance under the Gaussian approximation is zero despite P ̸= Q.
This is further supported by the results in Table 1, where the two distinct sets achieve a perfect FD
score.

B Additional Samples from BigGAN and IMM

Figure 9 shows random samples from BigGAN and IMM (1 step) for five additional ImageNet classes,
in the same layout as Figure 2.

BigGAN: FID 6.67 IMM (1 step): FID 8.11
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Figure 9: Random samples for five additional ImageNet classes. Same layout as Figure 2.
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C Construction of the Pentagon Example

The reference set X ( ) in Figure 3a consists of the five vertices of a regular pentagon inscribed in
the unit circle:

X = {(cos θi, sin θi)}5i=1
, θi =

π

2
+

2πi

5
.

The candidate set Y ( ) consists of the origin and the five vertices of a second regular pentagon,

rotated by π
5

and scaled by ρ =
√
5

2
:

Y = {(0, 0)} ∪
{
ρ
(
cos

(
θi +

π

5

)
, sin

(
θi +

π

5

))}5

i=1

.

Both sets have zero mean, and the same sample covariance, 5

8
I .

D Evaluation on Distribution Shifts

The main paper studies a controlled shift, sensitivity to sampling density, where the candidate set
is progressively enlarged while the reference set is held fixed and the behaviour of each metric is
measured (Section 3). In this section, we evaluate different metrics on other controlled distribution
shifts. All experiments follow the oracle setting from Table 3: the reference set is 10K images
sampled uniformly from ImageNet, and the candidate set is 50K. For all the experiments below, we
use k = 3 and Inception-v3 as the feature encoder. This setup isolates the distributional shift, since
both sets are drawn from real images and only the sampling of the candidate set is varied.

D.1 Density Reweighting

We partition the 1000 classes into a group of 100 and a group of 900, keeping both present in the
sample set so the support is unchanged. We progressively increase the mass of the 100-class group
while correspondingly decreasing the mass of the 900-class group. This shifts the density while
holding support fixed. Below, “Head %” is the fraction of the sample-set mass assigned to the
100-class group and “Factor” its upweighting relative to uniform (10% / 1× is uniform).

Table 7: Density reweighting. The 1000 classes are split into a head group of 100 and a tail group
of 900. Both remain present in the sample set, so the support is unchanged and only the probability
mass is shifted.

PR Chamfer (Ours)

Head % Factor FID ↓ Prec. ↑ Recall ↑ Fid. ↓ Cov. ↓
10% 1× (uniform) 0.76 0.757 0.711 11.21 10.09
20% 2× 1.32 0.760 0.714 11.20 10.10
30% 3× 2.73 0.761 0.711 11.21 10.14
40% 4× 4.89 0.762 0.712 11.20 10.20
50% 5× 7.72 0.763 0.712 11.21 10.26
60% 6× 11.28 0.764 0.713 11.21 10.35
70% 7× 15.55 0.766 0.717 11.21 10.49
80% 8× 20.62 0.766 0.723 11.22 10.69
90% 9× 26.64 0.768 0.740 11.23 11.14

As the head group is upweighted, Recall fails to register the shift: it in fact moves in the wrong
direction, increasing slightly (0.711→ 0.740) even as the distribution becomes more concentrated.
Chamfer-Coverage, in contrast, responds monotonically (10.09→ 11.14), correctly reflecting that
the downweighted 900 classes become progressively less well covered. Chamfer-Fidelity remains
flat, as expected, since the reference set is unchanged.

D.2 Sample Duplication

We hold the sample set at 50K while reducing the number of unique images (50K → 10K), filling
the shortfall with exact copies. Replication is applied within each class, so every class contributes
uniformly.
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Table 8: Sample duplication. The sample set is held at 50K while the number of unique images is
reduced, with the shortfall filled by exact copies.

PR Chamfer (Ours)

Unique 50K / Unique FID ↓ Prec. ↑ Recall ↑ Fid. ↓ Cov. ↓
50K ×1.00 0.76 0.759 0.713 11.21 10.09
40K ×1.25 1.02 0.760 0.674 11.20 10.13
30K ×1.67 1.29 0.758 0.594 11.21 10.17
20K ×2.50 1.82 0.757 0.492 11.22 10.23
10K ×5.00 3.47 0.756 0.000 11.26 10.53

Chamfer-Coverage degrades smoothly and monotonically as uniqueness falls (10.09→ 10.53), track-
ing the loss of distinct samples throughout the sweep. Recall also degrades, but fails discontinuously:
at 10K unique every sample carries five copies, giving it a zero-radius neighborhood, so Recall reads
exactly 0.

D.3 Dropping subsets of classes

We progressively restrict the sample set to fewer classes (1000 → 500 → 250 → 100), while the
reference set remains the full uniform 10K. As classes are removed from the sample set, those regions
of the real distribution become uncovered.

Table 9: Dropping subsets of classes. The sample set is progressively restricted to fewer ImageNet
classes while the reference set remains the full uniform 10K subset.

PR Chamfer (Ours)

Classes Imgs/class FID ↓ Prec. ↑ Recall ↑ Fid. ↓ Cov. ↓
1000 50 0.76 0.757 0.711 11.21 10.09
500 100 7.80 0.754 0.558 11.19 11.23
250 200 17.66 0.748 0.454 11.20 12.11
100 500 35.46 0.752 0.362 11.15 12.99

For this experiment, all metrics respond correctly, including the ball-based ones. The result confirms
our decomposition behaves as intended: Chamfer-Coverage worsens monotonically (10.09→ 12.99)
as classes are removed, while Chamfer-Fidelity stays flat (11.21 → 11.15), since the remaining
samples are still real and close to the reference.

E Ablation over Distance Function

Equation 1 is stated with the ℓ2 norm, following the convention of the classical Chamfer distance.
The construction is not restricted to this choice and any distance function on the feature space yields
a valid one-sided measure. In this section we ablate over p-norms (ℓ1, ℓ2, ℓ3, ℓ4) and cosine distance.
We repeat the oracle setting of Table 3: both the sample set and the reference set are drawn from real
training images, and we vary the sample-set size (10K / 30K / 50K) to observe the effect of sampling
density. Because the absolute scale of the metric differs by orders of magnitude across these choices,
we also report ∆Cov., the relative decrease in Chamfer-Coverage from 10K to 50K. This gives a
scale-free summary of how strongly each variant responds to sampling density.

The qualitative behaviour is invariant across all choices, while only the absolute scale of the metric
varies. In every case Chamfer-Coverage decreases monotonically with sampling density, by a
consistent 9–10% from 10K to 50K, and Chamfer-Fidelity remains stable because the reference set is
fixed. We therefore recommend ℓ2 as the default.
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Table 10: Ablation over the distance function used in Chamfer distance. Oracle setting on
ImageNet-1K with Inception-v3 features and k = 1.

10K 30K 50K

Distance Fid. ↓ Cov. ↓ Fid. ↓ Cov. ↓ Fid. ↓ Cov. ↓ ∆Cov. ↑
ℓ1 315.10 312.02 314.38 293.09 314.22 284.05 8.97%
ℓ2 10.65 10.54 10.62 9.88 10.62 9.57 9.18%
ℓ3 4.01 3.96 4.00 3.71 4.00 3.59 9.44%
ℓ4 2.64 2.61 2.64 2.44 2.64 2.36 9.74%
Cosine 0.62 0.62 0.62 0.58 0.62 0.56 9.34%

F Ablation over Encoder

Equation 1 requires only a feature map f , and places no constraint on how that map is obtained. We
report results using DINOv2-Giant (ViT-g/14) [25] in the main paper, following common practice,
but the construction is deliberately encoder-agnostic. It is therefore reasonable to ask whether the
behaviour we report is a property of the metric or of a particular feature space.

In this section we ablate across encoders spanning feature dimensions from 384 to 2048: four DINOv2
[25] vision transformers and Inception-v3 [40]. We repeat the oracle setting of Table 3. Because the
absolute scale of the metric differs across feature spaces, we report ∆Cov., the relative decrease in
Chamfer-Coverage from 10K to 50K, as a scale-free summary of how strongly each variant responds.

Table 11: Ablation over the encoder used in Chamfer distance. Oracle setting on ImageNet-1K
with k = 1 and the ℓ2 norm. The reference set is fixed while the sample set grows from 10K to 50K.

10K 30K 50K

Backbone Dim. Fid. ↓ Cov. ↓ Fid. ↓ Cov. ↓ Fid. ↓ Cov. ↓ ∆Cov. ↑
DINOv2 ViT-S/14 384 40.50 40.45 40.50 37.51 40.48 36.03 10.93%
DINOv2 ViT-B/14 768 37.82 37.61 37.79 34.58 37.76 33.12 11.95%
DINOv2 ViT-L/14 1024 33.97 33.59 33.92 30.60 33.89 29.21 13.03%
DINOv2 ViT-g/14 1536 31.83 31.29 31.78 28.17 31.74 26.80 14.36%
Inception-v3 2048 10.65 10.54 10.62 9.88 10.62 9.57 9.18%

The qualitative behaviour is invariant across all encoders. In every case Chamfer-Coverage decreases
monotonically as the sample set grows denser, correctly reflecting improved coverage, while Chamfer-
Fidelity remains essentially constant because the reference set is fixed. The conclusions drawn from
Table 3 are valid, independent of the choice of feature extractor. Within the DINOv2 family, ∆Cov.
increases with model capacity.

G Note on Earth Mover’s Distance

Chamfer distance is widely used in 3D vision, where it measures the discrepancy between two point
clouds. Earth Mover’s Distance, also called the Wasserstein distance, is the other standard measure
from that literature, and the two are commonly reported together. Since we use one-sided Chamfer
distance to evaluate generative models, it is natural to ask how well this second classical point-cloud
measure would serve the same purpose.

Earth Mover’s Distance is symmetric, so EMD(Pn, Qm) = EMD(Qm, Pn). It therefore returns a
single scalar and cannot provide disentangled diagnostics. If the Earth Mover’s Distance between
the real and generated sets is high, we cannot tell whether this is caused by poor fidelity (meaning
that samples look unrealistic) or by poor coverage (meaning that modes of the real distribution are
missed). The measure we propose is asymmetric, since dChamfer(Pn, Qm) ̸= dChamfer(Qm, Pn) in
general. This is precisely what allows us to report fidelity and coverage as two separate axes.

Earth Mover’s Distance is also expensive to compute, requiring O(N3) time and O(N2) space. This
makes it infeasible at the scale of our benchmark, where Table 6 uses 100K samples. By contrast,
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Table 12: Sensitivity to Image Distortions (ImageNet). Metrics are computed using Inception-v3
[40] features for 5K ImageNet images and their distorted counterparts across increasing latent noise
levels. Rows correspond to the standard deviation σ associated with the Gaussian noise added.

PR DC Symmetric Chamfer (Ours)

σ Prec.↑ Recall↑ Density↑ Cov.↑ Prec.↑ Recall↑ Fid.↓ Cov.↓

0.10 1.00 1.00 1.13 1.00 1.00 1.00 8.79 8.74

0.125 1.00 1.00 1.11 1.00 1.00 1.00 9.05 8.98

0.15 1.00 1.00 1.08 1.00 1.00 1.00 9.37 9.26

0.175 0.99 1.00 1.04 1.00 0.99 1.00 9.74 9.59

0.20 0.98 1.00 0.99 0.99 0.98 0.99 10.14 9.93

0.225 0.96 1.00 0.93 0.98 0.96 0.98 10.57 10.30

Chamfer distance requires only two cross-set nearest-neighbor lookups, which is much cheaper
computationally, as discussed in Appendix J.

H Image Distortions on ImageNet

Sensitivity to Image Distortions We repeat the image distortion experiment of Section 3 on 5K
randomly sampled ImageNet images, using Inception-v3 [40] features with k = 3. Figure 10 shows
representative original-distorted pairs, and Table 12 reports the metrics. KNN-ball based metrics again
remain nearly unchanged as the noise level increases, while Chamfer-Fidelity and Chamfer-Coverage
increase monotonically with the degradation.
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Figure 10: Original and distorted image pairs. Each column shows an original ImageNet image
(top) and its distorted counterpart obtained by adding element-wise Gaussian noise with mean 0 and
standard deviation 0.225 to the VAE latent representation before decoding.

I Benchmarking Modern Generative Models

For Table 6, in order to compute Fréchet metrics (FID and FDDINOv2), we generate 100K samples
from the models and evaluate them against statistics computed from the full ImageNet training
set. For the other metrics, namely Precision, Recall, Chamfer-Fidelity and Chamfer-Coverage, we
evaluate on 100K generated samples against 100K reference samples, which are randomly drawn
from the ImageNet training set. We repeat each evaluation with 3 random seeds, each drawing a new
set of 100K generated samples, and report the mean and standard deviation

J Discussion of Computational Complexity

For reference and generated sets of sizes N and M with d-dimensional features, Chamfer distance
reduces to two nearest-neighbor searches between the sets, one in each direction. We run these
as exact searches with FAISS [9] on the GPU. An exact search takes O(NMd) time, but FAISS
computes it as dense matrix multiplications, which GPUs execute at high throughput. FID estimates a
d× d covariance matrix for each set, which takes O((N +M)d2) time, and then computes a matrix
square root, which takes O(d3) time. The square root does not depend on the number of samples,
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which is consistent with FID’s runtime in Table 5 changing little between 10K and 50K generated
samples (8.36 s and 9.67 s). In every setting of Table 5, Chamfer distance is the fastest of the three
metrics. At 100K samples per set, it takes 4.20 s, compared with 25.95 s for FID.
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NeurIPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: The main claims made in the abstract and introduction are supported by the
contributions and scope of the paper.

Guidelines:

• The answer [N/A] 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
contributions made in the paper and important assumptions and limitations. A [No] or
[N/A] 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: The paper discusses the limitations of the work performed by the authors. We
mention that we leave human perception, aesthetic quality, semantic alignment evaluation to
future work.

Guidelines:

• The answer [N/A] 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
limitations 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 impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

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?
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Answer: [N/A]

Justification: The paper does not include theoretical results.

Guidelines:

• The answer [N/A] 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 ex-
perimental 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: The paper fully discloses all the information needed to reproduce the main
experimental results of the paper.

Guidelines:

• The answer [N/A] 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 submis-
sions 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.

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

Answer: [Yes]

Justification: We provide sufficient instructions in the supplemental material to reproduce
the main experimental results, and we will release code and data upon publication.

Guidelines:

• The answer [N/A] means that paper does not include experiments requiring code.

• Please see the NeurIPS code and data submission guidelines (https://neurips.
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:
//neurips.cc/public/guides/CodeSubmissionPolicy) for more de-
tails.

• 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
proposed 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, hyperpa-
rameters, how they were chosen, type of optimizer) necessary to understand the results?

Answer: [Yes]

Justification: The paper specifies all the training and test details necessary to understand the
results.

Guidelines:

• The answer [N/A] 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

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

Answer: [No]

Justification: We do not report error bars for our experiments because it would be too com-
putationally expensive to run multiple trials of the large-scale generative model evaluations
we perform.

Guidelines:

• The answer [N/A] 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.
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• 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 com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]

Justification: We have provided sufficient information on the computer resources.

Guidelines:

• The answer [N/A] 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
experimental 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: The research conducted in the paper conforms, in every respect, with the
NeurIPS Code of Ethics.

Guidelines:

• The answer [N/A] 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 consid-
eration 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: [N/A]

Justification: Not applicable. Since, the paper is focused on evaluation metrics, we do not
foresee any direct societal impacts of the work performed.

Guidelines:

23

https://neurips.cc/public/EthicsGuidelines


• The answer [N/A] means that there is no societal impact of the work performed.

• If the authors answer [N/A] 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,
mechanisms 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., pre-trained language models,
image generators, or scraped datasets)?

Answer: [N/A]

Justification: Not applicable

Guidelines:

• The answer [N/A] 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.

• 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: We have cited the original papers and datasets used in our paper.

Guidelines:

• The answer [N/A] 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.

24



• If assets are released, the license, copyright information, and terms of use in the package
should be provided. For popular datasets, 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: [N/A]

Justification: The paper does not release new assets.

Guidelines:

• The answer [N/A] 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,
limitations, 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: [N/A]

Justification: Not applicable

Guidelines:

• The answer [N/A] 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 contribu-
tion 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: [N/A]

Justification: Not applicable

Guidelines:

• The answer [N/A] 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.
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• 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.

16. Declaration of LLM usage

Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigor, or originality of the research, declaration is not required.

Answer: [N/A]

Justification: Not applicable

Guidelines:

• The answer [N/A] means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

• Please refer to our LLM policy in the NeurIPS handbook for what should or should not
be described.
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