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Abstract

Generative models guided by text prompts
are widely evaluated for fidelity and prompt
alignment, yet their ability to produce
outputs remains underexplored. Existing
diversity metrics such as Vendi and RKE,
which are based on the von Neumann and
Rényi entropies of kernel matrices, were
developed for unconditional models and
cannot distinguish prompt-induced from
model-induced variability. We address
this gap by introducing Conditional-Vendi
and Conditional-RKE, diversity measures
derived from the conditional entropy of
positive semidefinite matrices. These scores
isolate model-induced diversity in prompt-
guided generation, with Conditional-RKE
enjoying an O(1/

√
n) convergence rate. For

Conditional-Vendi, we introduce a truncated-
spectrum approximation that yields scalable
and consistent estimates. Experiments
on text-to-image, image-captioning, and
LLM tasks show that the conditional scores
recover ground-truth diversity orderings and
can also guide diffusion models toward more
diverse samples. The codebase is available
at https://github.com/mjalali/conditional-
vendi.

1 Introduction

Prompt-guided generative AI systems, including large
language models (LLMs) (Brown et al., 2020), text-to-
image models (Rombach et al., 2022; Ramesh et al.,

Proceedings of the 29th International Conference on Arti-
ficial Intelligence and Statistics (AISTATS) 2026, Tangier,
Morocco. PMLR: Volume 300. Copyright 2026 by the au-
thor(s).

2022; Saharia et al., 2022), and text-to-video models
(Ho et al., 2022b,a; OpenAI, 2024b), have achieved re-
markable success across a wide range of applications.
In these models, sample generation is conditioned on
an input text prompt, with the goal of producing out-
puts aligned to the prompt. This conditional gen-
eration mechanism distinguishes prompt-guided mod-
els from traditional unconditional generative models
(Kingma and Welling, 2013; Goodfellow et al., 2014),
which aim to mimic the overall data distribution with-
out a guiding input. Because most evaluation metrics
for generative models were originally developed in the
unconditional setting, the recent literature has sought
to design new measures that better capture the prop-
erties of text-conditioned models.

Current evaluation metrics for prompt-guided models
primarily emphasize fidelity: the quality of generated
outputs and their consistency with the input text. A
common approach is to compute similarity in a shared
embedding space between text and outputs, such as
ClipScore (Hessel et al., 2021) for text-to-image gen-
eration, which uses CLIP embeddings (Radford et al.,
2021) to quantify alignment. Such fidelity-based mea-
sures ensure that the generated content matches the
semantics of the prompt but leave open the question
of how to assess the diversity of model outputs.

Diversity has been extensively studied in unconditional
generation, with metrics such as Recall (Sajjadi et al.,
2018; Kynkäänniemi et al., 2019), Coverage (Naeem
et al., 2020), Vendi (Friedman and Dieng, 2023), and
RKE (Jalali et al., 2023). These scores are often ap-
plied directly to prompt-guided models, but they con-
flate two sources of variability: the prompt-induced di-
versity, arising from differences across input prompts,
and the model-induced diversity, reflecting randomness
in outputs for similar prompts. As illustrated in Fig-
ure 1, these two components capture fundamentally
different aspects of a model’s behavior, yet existing
diversity measures do not disentangle them. This can
bias diversity comparisons across models and obscure
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Figure 1: Illustration of prompt-induced diversity (left), where variation comes from different prompts, and
model-induced diversity (right), where variation arises from the generator itself. Unconditional image diversity
scores, Vendi and RKE, assign higher diversity to the right side, overlooking prompt effects. Our proposed
Conditional-RKE and Conditional-Vendi account for prompts and assign higher diversity to the left side.

whether differences are due to richer model variability
or merely broader prompt coverage.

To address this gap, we build on recent entropy-based
approaches for unconditional models. The Vendi and
RKE scores correspond respectively to the von Neu-
mann entropy and order-2 Rényi entropy of positive
semidefinite (PSD) matrices applied to kernel matrices
(Friedman and Dieng, 2023; Jalali et al., 2023). We ex-
tend this framework to the conditional entropy of PSD
matrices (Giraldo et al., 2014) and apply it to kernel
matrices, yielding two prompt-aware diversity mea-
sures: the Conditional-Vendi and Conditional-RKE
scores. These quantities decompose the kernel-entropy
H(X) of generated data X as:

H
(
X
)

= H
(
X
∣∣T ) + I

(
X; T

)
into the terms of conditional entropy H(X|T ) given
prompts T and mutual information I(X; T ), where
H(X|T ) serves as a measure of model-induced diver-
sity for a prompt-aware diversity assessment.

We analyze the statistical behavior of these conditional
scores. For Conditional-RKE, we prove an O(n−1/2)
convergence rate, enabling reliable estimation with
moderate samples. For Conditional-Vendi, direct esti-
mation is sample-inefficient due to dimension depen-
dence, affecting its practicality for large-scale genera-
tive tasks with sample sizes bounded to several tens
of thousands. To address this, we extend the eigen-
spectrum truncation method for unconditional Vendi
score (Ospanov and Farnia, 2025) to the conditional
setting, which provides scalable and consistent approx-
imate truncated-Conditional-Vendi score.

Figure 1 illustrates the use of (truncated) Conditional-

Vendi and Conditional-RKE scores in comparing the
diversity of two sets of “dog and bird” samples gener-
ated by DALL·E 3. In the first set, the model pro-
duces a variety of dog and bird breeds under similar
prompts, whereas in the second, the same dog and
bird appear in different contextual scenes across di-
verse prompts. While the prompt-unaware RKE and
Vendi scores assign higher diversity to the second set,
the prompt-aware Conditional-Vendi and Conditional-
RKE scores instead favor the first set, capturing the
greater breed-level variation that is orthogonal to
prompt differences.

Beyond evaluation, we also leverage prompt-aware di-
versity scores to guide sample generation in diffusion
models. Extending the unconditional Vendi guidance
method of Askari Hemmat et al. (2024), we apply
Conditional-Vendi guidance to text-conditioned latent
diffusion models (Rombach et al., 2021), aiming to pro-
mote prompt-aware diversity in sample generation.

Finally, we validate our framework across text-to-
image, text-to-video, and language generation tasks.
Using controlled experiments where ground-truth di-
versity rankings are available, we show that the con-
ditional scores recover the intended rankings and re-
main computationally tractable at scale. We further
demonstrate how Conditional-Vendi can be decom-
posed across different prompt modes to evaluate di-
versity conditioned on text categories. In summary,
our contributions are as follows:

• We study prompt-aware diversity evaluation for
prompt-conditioned generative models.

• We propose Conditional-Vendi and Conditional-
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RKE prompt-aware diversity scores.

• We analyze the proposed scores’ statistical conver-
gence, and propose a truncation method to reduce
the sample complexity of the diversity scores.

• We numerically validate the scores showing corre-
lation with ground-truth model-induced diversity.

2 Related Work

Evaluation of deep generative models: Met-
rics for evaluating generative models are generally di-
vided into reference-dependent and reference-free cat-
egories (Borji, 2022). Reference-dependent metrics
compare generated and real data distributions, with
common examples including FID (Heusel et al., 2017)
and KID (Bińkowski et al., 2018; Wang et al., 2025).
Other reference-based measures, such as the Inception
Score (Salimans et al., 2016), Precision/Recall (Saj-
jadi et al., 2018; Kynkäänniemi et al., 2019), and Den-
sity/Coverage (Naeem et al., 2020), jointly evaluate fi-
delity and diversity with respect to a reference dataset.

Beyond fidelity, several works examine memorization
and novelty. These include the authenticity score
(Alaa et al., 2022) and Feature Likelihood Divergence
(Jiralerspong et al., 2023) for assessing generalization,
as well as the rarity score (Han et al., 2023) and KEN
(Zhang et al., 2024, 2025) for quantifying novelty. The
memorization metrics are reference-based. In con-
trast, reference-free evaluations assess quality and di-
versity directly from the generated data. Notable ex-
amples include the Vendi score (Friedman and Dieng,
2023; Pasarkar and Dieng, 2024; Ospanov et al., 2024)
and RKE score (Jalali et al., 2023) for diversity, and
(Nguyen and Dieng, 2024) for evaluating the quality of
generated data. We also note that the diversity-aware
online evaluation of generative models has been stud-
ied in the related works (Hu et al., 2025a; Rezaei et al.,
2025; Hu et al., 2025b,c; Jafari and Farnia, 2026). We
also note the concurrent work by Ospanov et al. (2025)
on the prompt-aware diversity evaluation using the
Schur complement of CLIP embeddings.

Evaluation of conditional generative models:
The evaluation of prompt-based generative models,
such as text-to-image and text-to-video systems, has
been explored in several recent works. Most metrics
focus on measuring alignment between prompts and
outputs. A widely used example is CLIPScore (Hes-
sel et al., 2021), which computes cosine similarity in
the CLIP embedding space. Other efforts have intro-
duced benchmarks and curated prompt sets to evalu-
ate broader aspects. For instance, HEIM (Lee et al.,
2023) assesses twelve criteria, including text–image
alignment, image quality, and bias. Also, Kim et al.

(2022b) propose the Mutual Information Divergence
(MID) score, which fits multivariate Gaussian distri-
butions to text and image representations and esti-
mates their mutual information to quantify relevance
in conditional generative models.

However, alignment- and quality-focused metrics may
overlook output diversity. Astolfi et al. (2024) em-
phasize that metrics centered on style or aesthetics
can fail to capture variability across outputs for the
same prompt. They propose computing per-prompt
diversity using similarity functions and then averaging
across prompts. Similarly, Kannen et al. (2024) extend
the Vendi score to the per-prompt setting. Both ap-
proaches require generating multiple outputs for each
prompt with different seeds. In contrast, our proposed
Conditional-Vendi does not require repeated genera-
tions; instead, it quantifies model-induced diversity by
analyzing variability across prompt types. Our theo-
retical results interpret Conditional-Vendi as an aggre-
gation of diversity scores across prompt categories.

3 Preliminaries

3.1 Generative distributions and notation

We focus on a conditional generative model that pro-
duces a random output X ∈ X given an input text
prompt T ∈ T according to a conditional distribution
PX|T . For a prompt T = t, the model outputs a sam-
ple drawn from PX|T =t. We consider n sample pairs
{(ti, xi)}n

i=1 where the prompts ti are drawn indepen-
dently from PT and, conditional on ti, the outputs xi

are drawn from PX|T =ti
independently across i.

3.2 Entropy-based diversity scores for
unconditional generative models

Consider generated samples x1, . . . , xn ∈ X drawn
i.i.d. from the distribution PX of an unconditional gen-
erative model. For a kernel function k : X × X → R,
the (Gram) kernel matrix K ∈ Rn×n is

K =

k(x1, x1) · · · k(x1, xn)
... . . . ...

k(xn, x1) · · · k(xn, xn)

 . (1)

A function k is called a positive semidefinite (PSD)
kernel if the matrix K is PSD for every n ∈ N and
any choice of x1, . . . , xn ∈ X . A widely used example
is the Gaussian (RBF) kernel with bandwidth σ > 0:
k(x, x′) = exp

(
−∥x− x′∥2

2/2σ2).
Suppose k is normalized, i.e., k(x, x) = 1 for every x ∈
X . Then the eigenvalues λ1, . . . , λn ≥ 0 of 1

n K sum to
1, thus they form a probability distribution. The von
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Neumann entropy of the unit-trace PSD matrix 1
n K is

H
( 1

n K
)

:= −Tr
(

1
n K log

( 1
n K
))

=
n∑

i=1
λi log 1

λi
(2)

Friedman and Dieng (2023) propose using the von
Neumann entropy of the normalized kernel matrix to
define the Vendi diversity score:

Vendi(x1:n) :=exp
(

H
( 1

n K
))

=exp
( n∑

i=1
λi log 1

λi

)
(3)

Also, Jalali et al. (2023) propose using order-2 Rényi
entropy of the normalized kernel matrix, H2

( 1
n K
)

=
log
(
1/
∑n

i=1 λ2
i

)
, to define the Rényi Kernel Entropy

(RKE) score. Denoting the Frobenius norm by ∥ · ∥F ,
the following holds since for symmetric 1

n K, the sum
of squared eigenvalues is the squared-Frobenius norm:

RKE(x1:n) := exp
(

H2
( 1

n K
))

=
∥∥ 1

n
K
∥∥−2

F
(4)

4 Conditional Vendi and RKE
Prompt-Aware Diversity Scores

To extend Vendi and RKE to prompt-aware diversity
evaluation, we replace the (unconditional) entropy in
these scores with the conditional entropy of the kernel
matrix of generated samples given the kernel matrix
of the corresponding prompts. We follow the matrix-
based definitions of Giraldo et al. (2014), where the
joint entropy of two PSD matrices A and B is defined
via the von Neumann entropy of the trace-normalized
Hadamard (elementwise) product 1

Tr(A⊙B) (A⊙B), and
the conditional entropy is H(A |B) = H(A, B)−H(B).
The Schur product theorem ensures A⊙B is PSD, and
therefore the entropy is well-defined.

To evaluate diversity of generated output X given in-
put text prompt T , we consider a normalized kernel
for outputs kX : X × X → R with kX (x, x) = 1 for
every x ∈ X , and a normalized kernel for prompts
kT : T × T → R with kT (t, t) = 1 for every t ∈ T .
Given pairs {(ti, xi)}n

i=1, define the kernel matrices

KT =
[
kT (ti, tj)

]n
i,j=1, KX =

[
kX (xi, xj)

]n
i,j=1.

By normalization, the diagonal entries of KT , KX ,
and KT ⊙ KX are all 1, hence Tr(KT ) = Tr(KX) =
Tr(KT ⊙ KX) = n. Following the definitions of con-
ditional entropy, the matrix-based conditional entropy
specialized for these kernel matrices becomes

H
( 1

n KX

∣∣ 1
n KT

)
:= H

( 1
n KX , 1

n KT

)
−H

( 1
n KT

)
(5)

= H
( 1

n (KX ⊙KT )
)
−H

( 1
n KT

)
.

Conditional-Vendi and Information-Vendi. Re-
placing the von Neumann entropy in Vendi with the

conditional entropy in equation 5, we define

Conditional-Vendi
(
x1:n

∣∣ t1:n
)

(6)

:= exp
(

H
( 1

n (KX ⊙KT )
)
−H

( 1
n KT

))
.

We also define the matrix-based information:

Information-Vendi
(
x1:n; t1:n

)
(7)

:= exp
(

H
( 1

n KX

)
+ H

( 1
n KT

)
−H

( 1
n (KX ⊙KT )

))
.

These yield the following decomposition of Vendi:

Vendi
(
x1:n

)
= Conditional-Vendi

(
x1:n

∣∣ t1:n
)

(8)
× Information-Vendi

(
x1:n ; t1:n

)
.

Conditional-RKE and Information-RKE. Sim-
ilarly, by using the order-2 Rényi entropy H2(·) in
the definitions, we define the Conditional-RKE and
Information-RKE scores:

Conditional-RKE
(
x1:n

∣∣ t1:n
)

(9)

:= exp
(

H2
( 1

n (KX ⊙KT )
)
−H2

( 1
n KT

))
,

Information-RKE
(
x1:n; t1:n

)
(10)

:= exp
(

H2
( 1

n KX

)
+ H2

( 1
n KT

)
−H2

( 1
n (KX ⊙KT )

))
.

Considering that for the order-2 entropy of a symmet-
ric PSD M , we have H2(M) = log

(
1/
∑

i λi(M)2) and∑
i λi(M)2 = ∥M∥2

F , and thus the above formulations
can be written as follows using their unit diagonals:

Conditional-RKE(x1:n
∣∣ t1:n) =

∥∥KT

∥∥ 2
F∥∥KX ⊙KT

∥∥ 2
F

, (11)

Information-RKE(x1:n ; t1:n) =
n2 ·

∥∥KX ⊙KT

∥∥ 2
F∥∥KX

∥∥ 2
F
·
∥∥KT

∥∥ 2
F

.

Therefore, RKE also admits the product decomposi-
tion property we discussed for the Vendi score:

RKE
(
x1:n

)
= Conditional-RKE

(
x1:n

∣∣ t1:n
)

× Information-RKE
(
x1:n; t1:n

)
5 Statistical Convergence of

Conditional Diversity Scores

We now establish finite-sample convergence guarantees
for the conditional diversity scores introduced in the
previous section. Let (ti, xi)n

i=1 be i.i.d. samples from
PT × PX|T , and let dX and dT denote the dimensions
of the kernel feature maps of kX , kT . We assume nor-
malized kernels kX , kT with unit self-kernel similarity
scores and suppose the following spectral boundedness
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Figure 2: Statistical convergence of Conditional-Vendi and RKE scores with different sample sizes on MS-COCO
validation dataset with finite-dimension (normalized) linear kernel and infinite-dimension Gaussian (RBF) kernel.

for the vector of eigenvalues of the population kernel
covariance matrices CT , CX ,T of the population dis-
tributions PT and PX|T as

0 < mT ≤ ∥λ(CT )∥2 ≤MT ,

0 < mX ,T ≤ ∥λ(CX ,T )∥2 ≤MX ,T . (12)

Convergence of Conditional-Vendi Score. The
following theorem proves a convergence bound on
the gap between the empirical and population
Conditional-Vendi scores. This result extends the
concentration bound of Ospanov and Farnia (2025)
from the unconditional Vendi score to the conditional
case. We defer the theorem proofs to the Appendix,
where we also present theoretical results connecting
the Conditional-RKE and Conditional-Vendi scores to
the component-based aggregation of the unconditional
Vendi and RKE scores, given a mixture text distribu-
tion with well-separated components.
Theorem 1. Under normalized kernels and spectral
boundedness in equation 12, for every δ ∈ (0, 1), the
following holds with probability at least 1− δ:∣∣∣log

(
Cond-Vendi(x1:n|t1:n)

)
− log

(
Cond-Vendi(PT,X)

)∣∣∣≤√20dX dT log(4/δ)
n log

(
ndX dT

)
The factor dX dT arises because the Hadamard prod-
uct KX ⊙ KT corresponds to a tensorized feature
space of dimension dX × dT . For example, CLIP em-
beddings with normalized linear kernels (klin(z, z′) =
⟨z, z′⟩/∥z∥2∥z′∥2) lead to dX = dT = 512, which yields
dX dT ≈ 2.6×105. This implies the inefficient sample
complexity of the Conditional-Vendi score, given the
O(n3) computational cost of the eigendecomposition
of the n× n kernel matrices in computing the score.

Truncated Conditional-Vendi Score. To mitigate
the discussed curse of dimensionality, we adopt the
spectral truncation technique in (Ospanov and Far-
nia, 2025) for unconditional entropy measures. For an

integer hyperparameter t ∈ N, let λ(t)(M) denote the
top-t eigenvalues of M , all shifted with the same pos-
itive constant c =

(
1 −

∑t
i=1 λi(M)

)
/t to sum up to

one, and then the t-truncated entropy of M is defined:

H(t)(M) :=
t∑

i=1
λ

(t)
i (M) log 1

λ
(t)
i (M)

We define the truncated Conditional-Vendi score as

Conditional-Vendi(t)(x1:n|t1:n)

:= exp
(

H(t)( 1
n (KX ⊙KT )

)
−H(t)( 1

n KT

))
. (13)

Theorem 2. Under normalized kernels and spectral
boundedness in (12), for any fixed t ∈ N and δ ∈ (0, 1),
the following holds with probability at least 1− δ:∣∣∣log

(
Cond-Vendi(t)(x1:n|t1:n)

)
− log

(
Cond-Vendi(t)(PT,X)

)∣∣∣ ≤√20 t log(4/δ)
n

log(nt)

The truncated estimator achieves an Õ(
√

t/n) rate in-
dependent of dX , dT . In practice, choosing t between
103 and 104 captures most of the spectral mass while
enabling efficient computation via partial eigendecom-
position in O(n2t) time.

Convergence of Conditional-RKE Score. In
contrast, Conditional-RKE avoids dimension depen-
dence as long as the prompt and output underlying
entropies are bounded. The closed form in equa-
tion 11 depends only on Frobenius norms computable
in O(n2). The following is our concentration bound
for the Conditional-RKE score.
Theorem 3. Under normalized kernels and spectral
boundedness in equation 12, for every δ ∈ (0, 1), the
following holds with probability at least 1− δ:∣∣Cond-RKE(x1:n|t1:n)− Cond-RKE(PT,X)

∣∣
≤

32
(

MT
mX ,T

)3( 2
mT

+ 2MX ,T
m2

T

)
√

n

(
1 +

√
2 log 4

δ

)
.
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Figure 2 illustrates the convergence of the orig-
inal and truncated (with t=10,000) Conditional-
Vendi and Conditional-RKE scores on the MS-COCO
(text,image) benchmark using standard CLIP text
and DINOv2 image embeddings. The truncated and
Conditional-RKE scores stabilize before 15,000 sam-
ples, whereas the Conditional-Vendi does not converge
within the computationally feasible size n=25,000.

6 Conditional-Vendi Guidance for
Text-Guided Diffusion Models

Askari Hemmat et al. (2024) demonstrate that maxi-
mizing the Vendi score during sampling can enhance
unconditional diversity in (unconditional) diffusion
model sample generation. Building on our proposed
formulation of Conditional-Vendi, we extend this idea
to text-conditioned latent diffusion models (Rombach
et al., 2022). Specifically, we employ the truncated
Conditional-Vendi score as a guidance objective, which
encourages each new latent to increase the prompt-
aware entropy of the joint kernel spectrum. This ap-
proach ensures that generated outputs diversify along
dimensions relevant to prompt variability.

Let Conditional-Vendi(t)(z1:n|t1:n) denote the trun-
cated Conditional-Vendi score in the latent space Z.
At step τ , we augment the classifier-free update (Ho
and Salimans, 2022a) with a diversity ascent step:

z
(n)
τ−1 ← Sampler

(
z(n)

τ , ϵ̂θ(z(n)
τ , τ, tn)

)
(14)

+ ητ ∇z(n)Conditional-Vendi(t)(z1:n | t1:n),

where ητ > 0 is the guidance scale at iteration τ .
Equation 14 is the prompt-aware analogue of uncon-
ditional Vendi guidance, but uses the truncated spec-
trum of the joint kernel for scalability. The same con-
struction can also be applied with the Conditional-
RKE score as discussed further in the Appendix.

7 Numerical Results

We numerically evaluated Conditional-Vendi and
Conditional-RKE scores for four types of conditional
generative models: 1) text-to-image, 2) text-to-video,
3) image-captioning, and 4) Large Language Mod-
els. For text-to-image, we tested Flux (Lab, 2024),
Stable Diffusion 2.1 (Rombach et al., 2022), Stable
Diffusion XL (Podell et al., 2024), GigaGAN (Kang
et al., 2023), Kandinsky (Razzhigaev et al., 2023), and
PixArt (Chen et al., 2023b, 2024b). For video, we used
VideoCrafter1 (Chen et al., 2023a), Show-1 (Zhang
et al., 2023a), and Open-Sora (Zheng et al., 2024).
For image-captioning, we tested BLIP (Li et al., 2022),
GIT (Wang et al., 2022), and GPT4o-mini (OpenAI,

2024a). For LLMs, we used Llama (Touvron et al.,
2023) and Gemma (Team et al., 2024).

Embeddings used in the evaluation of gener-
ative models. Unlike standard embedding-based
scores for text-to-image models such as CLIPScore
(Hessel et al., 2021), which require the same embed-
ding model for the text and generated image, our pro-
posed scores allow different feature extractors for text
and generated samples. In our experiments, we fol-
lowed (Stein et al., 2023; Kynkäänniemi et al., 2023),
to use the DINOv2 (Oquab et al., 2023) embedding
for image data. For text data, we used Gemini (Team,
2024) and CLIP (Radford et al., 2021), and for video
samples, following the video evaluation literature (Kim
et al., 2024; Saito et al., 2020; Unterthiner et al., 2019),
we used I3D (Carreira and Zisserman, 2017). To se-
lect the bandwidth parameter, we followed the previ-
ous works (Jalali et al., 2023; Ospanov et al., 2024)
and we set the truncation parameter t to 10, 000 as
suggested in (Ospanov and Farnia, 2025). For the de-
tailed experimental setup, we refer to the Appendix.

Convergence Analysis of Conditional-Vendi
and Conditional-RKE. To assess the convergence
of the Conditional-Vendi and Conditional-RKE scores,
we conducted experiments for different sample sizes
on samples generated with SDXL and Kandinsky
using prompts from the MS-COCO 2014 validation
set. We used the cosine similarity for the finite-
dimensional kernel and the Gaussian kernel for the
infinite-dimensional kernel. Our results, presented
in Figure 3, show that for RKE, Conditional-RKE
converged, while for Conditional-Vendi, the non-
truncated score did not converge; our proposed trun-
cated Conditional-Vendi converged with 15000 sam-
ples. Additional results are provided in the Appendix.

Quantifying model-induced diversity via
Conditional-Vendi. To illustrate how Conditional-
Vendi correlates with the model-induced diversity,
we considered an experiment were we generated
10 types of animals using Stable Diffusion XL and
used two sets of prompts generated using GPT-4o
(OpenAI, 2024a) where in the first set, the types of
animals were not specified, while in latter, the animal
was explicityly mentioned. As shown in Figure 5,
increasing the number of animal types led to growth
of the Vendi score, regardless of whether the animal
type was mentioned in the prompt or not. However,
Conditional-Vendi only increased when the types of
animal was not specified in the prompts and in the
second case, where the types were mentioned in the
prompt, Conditional-Vendi slightly increased showing
that it only focused on the diversity coming from
the background or other parts of images except the
animal types. We provided additional experiments
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Figure 3: Statistical convergence of Conditional-Vendi scores with different sample sizes on data generated by
SDXL using MS-COCO validation set prompts with finite-dimension cosine similarity and infinite-dimension
Gaussian kernel. DINOv2 and CLIP embeddings are used for image and text modalities, respectively.

Conditional & Information Vendi Scores Conditional & Information RKE Scores

Figure 4: Conditional and Information Vendi and RKE score comparison across text-to-image models. We
clustered MS-COCO prompts into k groups and generated images for each cluster center. Within each cluster,
we paired prompts with identical images. The results show increasing diversity and stronger correlation as the
number of clusters grows, indicating that clusters become more relevant and diverse with finer partitioning.

with different diffusion models and different concepts
in the Appendix G.4.

Measuring Conditional-Vendi across prompt
types. To measure Conditional-Vendi conditioned on
the prompt type, we created 10,000 prompts with dif-
ferent categories using GPT-4o and generated the cor-
responding images with the text-to-image models. In
Figure 6, the top 2 groups of PixArt-α in terms of con-
ditional entropy values are shown. We observed that
the ”dog” text-based top 3 clusters of images looked
more diverse than the image clusters for ”airplane”-
type prompts. Also, our evaluated Conditional-Vendi
score of ”dog” texts was significantly higher than that
of the ”airplane” class. We have reported the scores
for three more generative models in the Appendix.

Text-to-Video Model Evaluation. For the experi-
ments on video data, to ensure the fairness of our eval-
uation, we used VBench samples (Huang et al., 2024),
which generated samples belong to the 8 content cat-
egories. In Figure 8, we used VideoCrafter-1, Show-1,
and Open-Sora-1.2. We observed that VideoCrafter
videos look less diverse and, in some cases, may not
correlate significantly with the captions when com-
pared to Open-Sora. Confirming this observation, the

Conditional-Vendi and Information-Vendi scores were
lower for VideoCrafter than those for Open-Sora.

Evaluation of LLMs and Image Captioning
Models. To evaluate Conditional-Vendi and RKE on
LLMs, we varied the temperature parameter and gen-
erated 20K short stories with Llama 2 for each tem-
perature setting. The dataset covered 10 genres, each
with 20 distinct subjects and themes. As shown in Ta-
ble 2, both Conditional-Vendi and RKE increase with
higher temperatures, indicating that the outputs be-
come more diverse. Additional numerical results on
other LLMs are presented in the Appendix. We also
evaluate our proposed scores on various image caption-
ing models in the Appendix.

Conditional-Vendi Guidance for Diverse Image
Generation. To demonstrate the advantages of us-
ing prompt-aware metrics over unconditional Vendi
score, we investigated how they can improve the sam-
ple diversity in latent diffusion models. Specifically, we
guided the model with both Truncated-Conditional-
Vendi and the standard Vendi score, following the
method introduced in (Askari Hemmat et al., 2024).

In our experiments, we applied guidance to SD-XL in
the latent space rather than in the ambient space. We
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Prompts: A fox is rolling in the grass.​, A camel is resting near a sand dune.​, A
wolf is drinking from a river.​, A cow is resting under a tree.​, A sheep is
resting in a grassy pasture.​, An elephant is walking through thick jungle.​, A
giraffe is reaching up for leaves.​

Prompts: An animal is rolling in the grass., An animal resting near a sand
dune.​An animal is drinking from a river.​, An animal is resting under a tree.​,
An animal is resting in a grassy pasture.​, An animal is walking through
jungle.​, An animal is reaching up for leaves.​

Unspecified animal prompts​ Specified animal prompts​

Model 2:

Samples from 2 animal groups

Model 4:

Samples from 4 animal groups

Model 8:

Samples from 8 animal groups

Figure 5: Evaluated Conditional-Vendi and Vendi scores on animal samples generated by SDXL. (Left Plot) We
do not specify the animal types in the prompt (Right Plot) we specify the animal types in the prompt.

Table 1: Quantitative comparison of guidance methods on Stable Diffusion XL

Guidance Method CLIPScore ↑ KD×102 ↓ Cond-VendiDINOv2 ↑ VendiDINOv2 ↑ In-batch Sim.×102 ↓
VendiLatent 30.41 35.40 29.85 309.45 80.06
Conditional-VendiLatent 30.47 29.14 32.45 325.20 78.02

Table 2: Conditional Vendi and RKE Scores evaluated
for Llama 2 with different temperature parameters.

Method T = 0.4 T = 0.7 T = 1.0 T = 1.3

Conditional-Vendi 45.38 46.73 48.26 49.60
Conditional-RKE 41.45 44.67 46.29 48.45

found that applying guidance in the latent space can
improve image diversity and quality while also signifi-
cantly reducing computational costs.

Figure 7 shows qualitative results using Stable
Diffusion-XL, highlighting how prompt-aware guid-
ance can lead to more relevant image generations.
We also provide quantitative results of Vendi vs.
Conditional-Vendi guidance methods on Stable Diffu-
sion XL in Table 1, indicating that Conditional-Vendi
guidance improved the sample diversity (Vendi and in-
batch similarity) while maintaining text-image align-
ment in the CLIPScore and KD metrics.

8 Conclusion and Limitations

We introduced Conditional-Vendi and Conditional-
RKE as prompt-aware diversity scores for genera-
tive models, extending Vendi and RKE to kernel
matrices of prompt–output pairs to separate model-
induced diversity from prompt-induced variation. Our
theoretical analysis established finite-sample conver-
gence guarantees and a truncated-spectrum approx-
imation for scalability, while experiments on bench-
mark datasets showed that the proposed scores cap-
ture intuitive aspects of diversity that unconditional
metrics overlook. A limitation of the approach would
be its reliance on high-quality embeddings, which may
introduce biases for an arbitrarily selected embedding,
as also discussed in (Stein et al., 2023). Beyond eval-
uation, we demonstrated that Conditional-Vendi can
also guide generation toward diverse outputs, and we
highlight future applications in using these scores as
regularizers for training or as fairness measures to as-
sess demographic consistency in generative models.
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Mode #1 Mode #2 Mode #3

Caption Mode #1

A big airplane is descending above the clouds.
An old airplane is ascending on the runway.

A massive airplane is ascending at sunset.
A modern airplane is hovering in a storm.

An old airplane is soaring over the desert.

Caption Mode #2

A happy dog is walking in the mountains.

A friendly dog is jumping on a sunny day.

A furry dog is digging in the forest.
A sleepy dog is barking on the beach.

A sleepy dog is sleeping on a sunny day.

Scores

Cond-Vendi = 21.29

Cond-RKE = 3.07

Cond-Vendi = 82.81

Cond-RKE= 6.35

Figure 6: Quantifying image diversity of PixArt-α–generated outputs for the top-2 prompt clusters (from 10,000
GPT-4o–generated prompts).

Conditional Vendi Score Guidance
Stable Diffusion XL

Vendi Score Guidance

Prompts: (1) iter #594: The woman is working on her computer at the desk., (2) iter #623: A woman sitting at a desk in her work
station., (3) iter #734: a woman at her desk sits intently and happily.

Prompts: (1) iter #1728: A cat is sitting in a window looking in the house., (2) iter #1830: A brown and white cat sitting on a
window sill., (3) iter #2456: A cat sitting on a window sill near a basket.

Figure 7: Qualitative comparison of Conditional-Vendi score guidance vs. Vendi score guidance using SD-XL.

VideoCrafter-1 Open-Sora-1.2Show-1

Cond-Vendi = 6.45 Cond-Vendi = 19.18Scores:
Cond-Vendi = 5.18

Cond-RKE = 5.72 Cond-RKE = 13.67Cond-RKE = 4.19

Caption Mode #1

close up video of flower petals
a leaf on a glass

the long trunks of tall trees in the forest
trees in the forest during sunny day

close up video of tree bark

Caption Mode #2

curious cat sitting and looking around
a black dog wearing halloween costume

close up shot of a wild bear
a zebra eating grass on the field

a bear wearing red jersey

Figure 8: Measuring Conditional-Vendi and Information-Vendi for text-to-video models
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Supplementary Materials: Conditional Vendi Score: Prompt-Aware
Diversity Evaluation for Text-Guided Generative AI Models

A Proofs of Theorems in Section 5

A.1 Formal Statement of Assumptions and Theorems

Assumption 1 (Normalized kernels). kX and kT are normalized kernel functions satisfying kX (x, x) = kT (t, t) =
1 for all x ∈ X and t ∈ T .

Assumption 2 (Population kernel covariance norm bounds). There exist positive constants
mX ,T , MX ,T , mT , MT such that, for the Hilbert-Schmidt norm of population kernel covaraince matrices
CT = Et∼PT

[ϕT (t)ϕT (t)⊤] and CX ,T = Et∼PT ,x∼PX|T t
[(ϕT (t)⊗ ϕX (x))(ϕT (t)⊗ ϕX (x))⊤],

0 < mX ,T ≤ ∥CX ,T ∥HS ≤MX ,T , 0 < mT ≤ ∥CT ∥HS ≤MT .

Note that the above assumption is identical to the following inequalities for the vector of the eigenvalues of the
kernel covariance matrices, denoted by λ̃T and λ̃X ,T ,

0 < mX ,T ≤ ∥λ̃X ,T ∥2 ≤MX ,T , 0 < mT ≤ ∥λ̃T ∥2 ≤MT .

Also, we define and use the condition number L := mX ,T
MT

in our analysis.

Theorem 1 (Conditional-Vendi convergence). Suppose Assumptions 1-2 hold with dX < ∞ and dT < ∞. For
every δ ∈ (0, 1) such that n ≥ 4e2(1 +

√
2 log 4

δ

)2, then the following holds with probability at least 1− δ,

∣∣∣log Conditional-Vendi(x1:n|t1:n)− log Conditional-Vendi(P )
∣∣∣

≤ 1√
n

(
1 +

√
2 log 4

δ

)[√
dX dT log

(
ndX dT

)
+
√

dT log
(
ndT

)]
≤
√

20 dX dT log(4/δ)
n log

(
ndX dT

)
The final inequality holds as dX ≥ 1 and for every 0 < δ < 1, we have (

√
5−
√

2) log(4/δ) ≥ 1.

Theorem 2 (Truncated Conditional-Vendi convergence). Suppose Assumptions 1-2 hold. Fix a truncation level
t ∈ N and truncate both the joint and prompt spectra to their top-t components with renormalization. For every
δ ∈ (0, 1) satisfying n ≥ 4e2(1 +

√
2 log 4

δ

)2, we have the following with probability at least 1− δ,

∣∣∣log Conditional-Vendi(t)(x1:n|t1:n)−log Conditional-Vendi(t)(P )
∣∣∣ ≤√ t

n

(
2+
√

8 log 4
δ

)
log
(
nt
)
≤
√

20t log(4/δ)
n

log(nt)

The final inequality holds as for every 0 < δ < 1, we have (
√

20−
√

8) log(4/δ) ≥ 2.

Theorem 3 (Conditional-RKE convergence). Suppose Assumptions 1-2 hold. Let C0 = 2
mT

+ 2MX ,T
m2

T
. For every

δ > 0 that satisfies n ≥ 16
(
1 +

√
2 log 4

δ

)2 max
{ 1

m2
T

,
4C2

0
L2

}
, then the following will hold with probability at least

1− δ ∣∣∣Conditional-RKE(x1:n|t1:n)− Conditional-RKE(P )
∣∣∣ ≤ 32C0

L 3√n

(
1 +

√
2 log 4

δ

)
.
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A.2 Auxiliary Lemmas and Propositions

The following are the propositions and lemmas we utilize to prove the theorems.
Proposition 1. Under Assumption 1, let KX , KT ∈ Rn×n denote kernel matrices on {xi} and {ti}. The
normalized Hadamard product 1

n (KX⊙KT ) and the operator ĈX ,T share the same multiset of nonzero eigenvalues.

Proof. Let ϕX and ϕT denote feature maps with ∥ϕX (x)∥ = ∥ϕT (t)∥ = 1. We define ϕX ,T ([x, t]) := ϕX (x)⊗ϕT (t).
It follows that

⟨ϕX ,T ([x, t]), ϕX ,T ([x′, t′])⟩ = kX (x, x′) kT (t, t′).

Let ΦX ,T ∈ Rn×D be the matrix that stacks the row vectors ϕX ,T ([xi, ti])⊤. We then have 1
n (KX ⊙ KT ) =

1
n ΦX ,T Φ⊤

X ,T . The nonzero eigenvalues of 1
n ΦX ,T Φ⊤

X ,T and 1
n Φ⊤

X ,T ΦX ,T = ĈX ,T coincide, which completes the
proof.

Corollary 1. Under Assumption 1, the conditional von Neumann entropy satisfies

H(X|T ) = H(ĈX ,T )−H(ĈT ),

where H(·) denotes the von Neumann entropy of the nonzero spectrum. For the RKE case, we consider the
order-2 Rényi entropy H2(M) = log(1/∥M∥2

F ), resulting in H2(X|T ) = H2(ĈX ,T )−H2(ĈT ).
Lemma 1. Let β < 0 and define f(u) = uβ on [u0,∞) with u0 > 0. If z, w ≥ u0 and |z − w| ≤ ϵ, then∣∣f(z)− f(w)

∣∣ ≤ |β|u β−1
0 ϵ.

Proof. By the mean value theorem there exists Γ between z and w such that |f(z) − f(w)| = |f ′(Γ)| |z − w| =
|β|Γβ−1|z − w|. Since β < 0, we have Γβ−1 ≤ uβ−1

0 , which completes the proof of the lemma.

Lemma 2 (Lemma 2 in (Ospanov and Farnia, 2025)). If a, b ∈ [0, 1] satisfy |b− a| ≤ 1
e , then∣∣∣a log

(1
a

)
− b log

(1
b

)∣∣∣ ≤ |b− a| log
( 1
|b− a|

)
Lemma 3 (Lemma 3 in (Ospanov and Farnia, 2025)). If u ∈ Rd

+ satisfies ∥u∥2 ≤ ϵ ≤ 1
e for some ϵ > 0, then

d∑
i=1

ui log
( 1

ui

)
≤ ϵ
√

d log
(√d

ϵ

)
A.3 Auxiliary Matrix-based Concentration Bounds

Lemma 4. Under Assumption 1, for every δ ∈ (0, 1), with probability at least 1− δ, the following hold simulta-
neously ∥∥ĈX ,T − CX ,T

∥∥
HS ≤

2√
n

(
1 +

√
2 log 4

δ

)
,

∥∥ĈT − CT
∥∥

HS ≤
2√
n

(
1 +

√
2 log 4

δ

)
.

Proof. Given i.i.d. pairs (ti, xi)n
i=1 ∼ PT × PX|T , we define the empirical covariance operator

ĈX ,T = 1
n

n∑
i=1

ϕX ,T ([xi, ti])ϕX ,T ([xi, ti])⊤

and its population counterpart CX ,T = E[ϕX ,T ([X, T ])ϕX ,T ([X, T ])⊤]. We then define the centered random
operator Z

(X ,T )
i := ϕX ,T ([xi, ti])ϕX ,T ([xi, ti])⊤−CX ,T . We observe that E[Z(X ,T )

i ] = 0 and, by the normalization
property, we have ∥Z(X ,T )

i ∥HS ≤ 2. Applying the Hoeffding inequality for Hilbert-Schmidt operators (Sutherland
et al., 2018, Lemma 11) with L = 2 yields the following bound with probability at least 1− δ

2 :

∥∥ĈX ,T − CX ,T
∥∥

HS ≤
2√
n

(
1 +

√
2 log 4

δ

)
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The same argument applies to the prompt operator CT and its empirical ĈT to show with probability at least
1− δ

2 : ∥∥ĈT − CT
∥∥

HS ≤
2√
n

(
1 +

√
2 log 4

δ

)
Using a union bound shows that the above inequalities will simultaneously hold with probability at least 1−δ.

Theorem 4. Under Assumptions 1-2, for any δ ∈ (0, 1), with probability at least 1− δ,∥∥λ̂X ,T − λ̃X ,T
∥∥

2 ≤
2√
n

(
1 +

√
2 log 4

δ

)
,

∥∥λ̂T − λ̃T
∥∥

2 ≤
2√
n

(
1 +

√
2 log 4

δ

)
.

Proof. The application of Hoffman–Wielandt inequality shows that ∥λ̂X ,T − λ̃X ,T ∥2 ≤ ∥ĈX ,T − CX ,T ∥HSand
∥λ̂T − λ̃T ∥2 ≤ ∥ĈT − CT ∥HS. The result follows immediately from applying Lemma 4.

A.4 Theorem Proofs

A.4.1 Proof of Theorem 1

We define ε′
δ = 2√

n
(1 +

√
2 log 4

δ ). The logarithm of the Conditional-Vendi score is given by

log Conditional-Vendi(x1:n|t1:n) = H(ĈX ,T )−H(ĈT ),

where H(·) denotes the von Neumann entropy. We note that our sample size condition ensures ε′
δ ≤ 1/e.

By Theorem 4, we have ∥λ̂X ,T −λ̃X ,T ∥2 ≤ ε′
δ and ∥λ̂T −λ̃T ∥2 ≤ ε′

δ with probability at least 1−δ. We now apply
Lemma 2 coordinatewise to each eigenvalue difference, followed by Lemma 3 to bound the sum. This yields

|H(ĈX ,T )−H(CX ,T )| ≤ ε′
δ

√
dX dT log

(√
dX dT
ε′

δ

)
,

and similarly,
|H(ĈT )−H(CT )| ≤ ε′

δ

√
dT log

(√
dT

ε′
δ

)
.

The triangle inequality then yields the desired bound, noting that by definition ϵ′
δ ≥ 2√

n
will automatically hold

and therefore log( C
ϵ′

δ
) ≤ log( C

√
n

2 ) for every C > 0.

A.4.2 Proof of Theorem 2

We use the notation λ̂X ,T and λ̃X ,T (resp. λ̂T and λ̃T ) for the empirical and population eigenvalue vectors of
the joint (resp. prompt) operator, each sorted in nonincreasing order and summing to 1. Fix a truncation level
t ∈ N and define the t-truncated and renormalized vectors by keeping the top-t coordinates and then rescaling
to unit ℓ1 mass.

Lemma A. Let v ∈ [0, 1]d with 1⊤v = 1 and let St =
∑t

i=1 vi. Define v(t) ∈ [0, 1]d by

v
(t)
i =

{
vi + 1−St

t , i ≤ t,

0, i > t.

Then v(t) is the (Euclidean) projection of v onto the convex set

∆t :=
{

u ∈ [0, 1]d : ui = 0 (i > t),
t∑

i=1
ui = 1

}
.

Proof of Lemma A. Consider the convex program

min
u∈Rt

t∑
i=1

(ui − vi)2 s.t. ui ≥ 0 (i ≤ t),
t∑

i=1
ui = 1.
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With Lagrangian L(u, λ,µ) =
∑t

i=1(ui − vi)2 + λ
(∑t

i=1 ui − 1
)
−
∑t

i=1 µiui, the KKT conditions are satisfied
by u∗

i = vi + 1−St

t , λ∗ = 1−St

t , and µ∗
i = 0 (primal feasibility: u∗

i ≥ 0 and
∑

i u∗
i = 1; dual feasibility: µ∗

i ≥ 0;
complementary slackness: µ∗

i u∗
i = 0; stationarity: 2(u∗

i − vi) + λ∗ − µ∗
i = 0). Since the problem is convex with

affine constraints, KKT optimality is sufficient. Extending to d coordinates by padding zeros yields v(t) ∈ ∆t as
the Euclidean projection of v. □

Lemma B. For any u, v ∈ [0, 1]d with 1⊤u = 1⊤v = 1,∥∥u(t) − v(t)∥∥
2 ≤ ∥u− v∥2, where u(t), v(t) are as in Lemma 1.

Proof of Lemma B. Euclidean projection onto a closed convex set is a nonexpansive map in ℓ2, i.e., ∥ΠC(a) −
ΠC(b)∥2 ≤ ∥a− b∥2 for all a, b and any closed convex C. Applying this with C = ∆t and ΠC(·) = (·)(t) gives the
claim. □

To prove the theorem, we first analyze the eigenvalue concentration through truncation. By Theorem 4, with
probability at least 1− δ, ∥∥λ̂X ,T − λ̃X ,T

∥∥
2 ≤ ε′

δ,
∥∥λ̂T − λ̃T

∥∥
2 ≤ ε′

δ,

where ε′
δ = 2√

n

(
1 +

√
2 log 4

δ

)
. Applying Lemma B separately to the joint and prompt spectra,∥∥λ̂(t)

X ,T − λ̃
(t)
X ,T

∥∥
2 ≤ ε′

δ,
∥∥λ̂(t)

T − λ̃
(t)
T
∥∥

2 ≤ ε′
δ. (15)

Then, we analyze entropy perturbation in the truncated size-t dimensions. Assume n ≥ 4e2(1 +
√

2 log 4
δ

)2 so
that ε′

δ ≤ 1/e. Since the truncated (renormalized) vectors each have at most t nonzero entries and sum to 1, we
can apply the coordinatewise log-difference bound (Lemma 2) followed by the ℓ2–to–entropy control (Lemma 3)
to obtain ∣∣H(λ̂(t)

X ,T )−H(λ̃(t)
X ,T )

∣∣ ≤ ∥∥λ̂(t)
X ,T − λ̃

(t)
X ,T

∥∥
2

√
t log

( √
t∥∥λ̂(t)

X ,T − λ̃
(t)
X ,T

∥∥
2

)
,

and the analogous bound with T in place of (X , T ). Using equation 15 and the monotonicity of log(·),

∣∣H(λ̂(t)
X ,T )−H(λ̃(t)

X ,T )
∣∣ ≤ ε′

δ

√
t log

(√t

ε′
δ

)
,

∣∣H(λ̂(t)
T )−H(λ̃(t)

T )
∣∣ ≤ ε′

δ

√
t log

(√t

ε′
δ

)
.

Next, note that by definition:

log Conditional-Vendi(t)(x1:n|t1:n) = H(λ̂(t)
X ,T )−H(λ̂(t)

T ),

and the same for the population quantity. The triangle inequality therefore gives∣∣∣log Conditional-Vendi(t)(x1:n|t1:n)− log Conditional-Vendi(t)(P )
∣∣∣ ≤ 2 ε′

δ

√
t log

(√t

ε′
δ

)
.

Finally, log
(√

t
ε′

δ

)
≤ log(nt) for n, t ≥ 2, and substituting ε′

δ = 2√
n

(
1 +

√
2 log 4

δ

)
yields the stated bound.

A.4.3 Proof of Theorem 3

We define εδ = 2√
n

(1 +
√

2 log 4
δ ). The Conditional-RKE score is defined as

Conditional-RKE(x1:n|t1:n) =
(∥λ̂X ,T ∥2

∥λ̂T ∥2

)−2
.

We denote by R the ratio ∥λ̂X ,T ∥2/∥λ̂T ∥2 and by R∗ its population counterpart ∥λ̃X ,T ∥2/∥λ̃T ∥2. We observe
that the assumption on the lower-bound on sample size n can be rewritten to show that εδ ≤ min{ 1

2 mT , L
2C0
}.



Conditional Vendi Score: Prompt-Aware Diversity Evaluation for Generative AI Models and LLMs

To prove the theorem, we first bound the ratio deviation. To do this, we denote A = ∥λ̂X ,T ∥2, B = ∥λ̂T ∥2,
and their population counterparts A∗ = ∥λ̃X ,T ∥2, B∗ = ∥λ̃T ∥2. From Theorem 4, we have |A − A∗| ≤ εδ and
|B −B∗| ≤ εδ. We can then write

|R−R∗| =
∣∣∣AB∗ −A∗B

BB∗

∣∣∣ ≤ |A−A∗|
B

+ A∗|B∗ −B|
BB∗

.

Using the fact that B ≥ mT − εδ ≥ 1
2 mT (which holds under our sample size condition) and A∗ ≤ MX ,T by

assumption, we obtain
|R−R∗| ≤

2εδ

mT
+ 2MX ,T εδ

m2
T

= C0εδ.

Then, we analyze the deviation when we change the power. We note that R∗ ≥ L by Assumption 2. Since
we have shown |R − R∗| ≤ C0εδ and our sample size condition ensures C0εδ ≤ 1

2 L, we conclude that R ≥ 1
2 L.

Applying Lemma 1 with β = −2, we obtain

|R−2 −R−2
∗ | ≤ 2( 1

2 L)−3|R−R∗| =
16
L3 C0εδ.

This completes the proof.

B Theoretical Interpretation of the Conditional-Entropy Score

Theorem 5. Consider the Gaussian kernel with bandwidth σ. Suppose T follows a mixture distribution∑m
i=1 ωiPT,i with component means µi and within-component variances σ2

i = ET ∼PT,i
[∥T − µi∥2

2]. Define the
error quantity term Γ as

Γ = 32
m∑

i=1
ωi

[
σ2

i

σ2 + (i− 1)
i−1∑
j=1

exp
(
−∥µi−µj∥2

2
σ2

)]
. (16)

Then, the matrix-based order-2 conditional entropy satisfies the following for g(z) = 2 log
( 1

1−z/∥ω∥2

)
∣∣∣ H̃2(X|T ) − log

(
1
/
EI∼ω2

[
exp(−H̃2(X|G = I))

])∣∣∣ ≤ 2 g(Γ).

In the above, ω2 represents the probability model pi = ω2
i /
(∑m

j=1 ω2
j

)
, whose probability values are proportional

to the square of the probability weight ωi’s. Also, note that the above is equivalent to what follows in terms of
the Conditional-RKE score: Conditional-RKE(X|T ) = exp(H̃2(X|T )),

exp
(
−2g(Γ)

)
·

(
EI∼ω2

[
1

RKE(X|G=I)

])−1

≤ Conditional-RKE(X|T ) ≤ exp
(
2g(Γ)

)
·

(
EI∼ω2

[
1

RKE(X|G=I)

])−1

.

To prove the above theorem, we prove a more general result that applies to every matrix-based order-α Rényi
conditional entropy of a unit-trace PSD matrix M ∈ Rn×n, defined as Hα(M) = 1

1−α log
(∑n

i=1 λα
i

)
, on how it

relates to the aggregation of text-instance entropy values for every α ≥ 2. Note that Theorem 5 is the direct
corollary of the next theorem with α = 2.
Theorem 6. Consider the Gaussian kernel with bandwidth σ. Suppose T follows a mixture distribution∑m

i=1 ωiPT,i where ωi denotes the weight of the ith component PT,i with mean vector µi and total variance
ET ∼PT,i

[∥T − µi∥2
2] = σ2

i . Given the aggregation map f(z) = exp((1 − α)z), for every order α ≥ 2, the
matrix-based order-α conditional entropy satisfies the following inequality with Γ defined in equation 16 where
g(z) = α

α−1 log
( 1

1−z/∥ω∥α

)
is an increasing scalar function with g(0) = 0:∣∣∣∣H̃α(X|T )− f−1

(
EI∼ωα

[
f
(
H̃α(X|G = I)

)])∣∣∣∣ ≤ 2g
(
Γ
)

Proof. To prove Theorem 6, we begin by showing the following lemma.
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Lemma 5. Suppose that the kernel function k and variable T satisfy the assumptions in Theorem 6. Then,
the following Frobenius norm bound holds for Ci = E

[
ϕX(x)ϕX(x)⊤|G = i

]
where G ∈ {1, . . . , m} is the cluster

random variable for text T :

∥∥∥CX ,T −
m∑

i=1
ωiCi ⊗ ϕT (µi)ϕT (µi)⊤

∥∥∥2

F
≤
∑m

i=1 2ωiσ
2
i

σ2 .

Proof. To show this lemma, we define Ti as a variable distributed as PT |G=i. Then,

∥∥∥CX ,T −
m∑

i=1
ωiCi ⊗ ϕ(µi)ϕ(µi)⊤

∥∥∥2

F

=
∥∥∥E[ϕX(x)ϕX(x)⊤ ⊗ ϕT (t)ϕT (t)⊤]− m∑

i=1
ωiCi ⊗ ϕ(µi)ϕ(µi)⊤

∥∥∥2

F

=
∥∥∥ m∑

i=1
ωiE

[
ϕX(x)ϕX(x)⊤ ⊗ ϕT (t)ϕT (t)⊤∣∣G = i

]
−

m∑
i=1

ωiCi ⊗ ϕ(µi)ϕ(µi)⊤
∥∥∥2

F

=
∥∥∥ m∑

i=1
ωiE

[
ϕX(x)ϕX(x)⊤ ⊗ ϕT (t)ϕT (t)⊤∣∣G = i

]
−

m∑
i=1

ωiE
[
ϕX(x)ϕX(x)⊤ ⊗ ϕT (µi)ϕT (µi)⊤∣∣G = i

]∥∥∥2

F

=
∥∥∥ m∑

i=1
ωiE

[
ϕX(x)ϕX(x)⊤ ⊗

(
ϕT (t)ϕT (t)⊤ − ϕT (µi)ϕT (µi)⊤

)∣∣G = i
]∥∥∥2

F

(a)
≤

m∑
i=1

ωiE
[∥∥∥ϕX(x)ϕX(x)⊤ ⊗

(
ϕT (t)ϕT (t)⊤ − ϕT (µi)ϕT (µi)⊤

)∥∥∥2

F

∣∣G = i
]

(b)=
m∑

i=1
ωiE

[∥∥∥ϕX(x)ϕX(x)⊤
∥∥∥2

F

∥∥∥ϕT (t)ϕT (t)⊤ − ϕT (µi)ϕT (µi)⊤
∥∥∥2

F

∣∣G = i
]

(c)=
m∑

i=1
ωiE

[∥∥∥ϕT (t)ϕT (t)⊤ − ϕT (µi)ϕT (µi)⊤
∥∥∥2

F

∣∣G = i
]

(d)=
m∑

i=1
ωiE

[
2− 2 exp

(−∥t− µi∥2
2

σ2

)∣∣G = i
]

(e)
≤

m∑
i=1

ωi

[
2− 2 exp

(−E[∥t− µi∥2
2
∣∣G = i

]
σ2

)]
(f)
≤

m∑
i=1

ωi

[
2− 2 exp

(−σ2
i

σ2

)]
(g)
≤

m∑
i=1

2ωi
σ2

i

σ2

In the above, (a) follows from Jensen’s inequality for the convex Frobenius-norm-squared function. (b) holds be-
cause ∥A⊗B∥2

F = ∥A∥2
F ∥B∥2

F for every matrices A, B. (c) comes from the normalized Gaussian kernel satisfying
⟨ϕT (t), ϕT (t)⟩ = k(t, t) = 1, resulting in ∥ϕT (t)ϕT (t)⊤∥2

F = Tr
(
ϕT (t)ϕT (t)⊤ϕT (t)ϕT (t)⊤) = Tr

(
ϕT (t)ϕT (t)⊤) =

1. (d) follows from the Gaussian kernel definition, proving that ϕT (t)⊤ϕT (µi) = exp
(
−∥t−µi∥2

2/2σ2). (e) shows
the application of Jensen’s inequality to the concave s(z) = 1− exp(−z). (f) holds because s(z) = 1− exp(−z)
is a monotonically increasing function. Finally, (g) follows from the inequality 1− exp(−z) ≤ z for every scalar
z. Therefore, the proof is complete.

Next, we apply the Gram–Schmidt process to ϕT (µ1), . . . , ϕT (µm) to find orthogonal vectors u1, . . . , um. We let
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u1 = ϕT (µ1). Then, for every 2 ≤ i ≤ m, we define

vi := ϕ(µi)−
i−1∑
j=1
⟨ϕ(µi), uj⟩uj , ui = vi/∥vi∥2

As a result, the following holds ∥∥∥ m∑
i=1

ωiCi ⊗ ϕ(µi)ϕ(µi)⊤ −
m∑

i=1
ωiCi ⊗ uiu

⊤
i

∥∥∥2

F

=
∥∥∥ m∑

i=1
ωiCi ⊗

(
ϕ(µi)ϕ(µi)⊤ − uiu

⊤
i

)∥∥∥2

F

(h)
≤

m∑
i=1

ωi

∥∥∥Ci ⊗
(

ϕ(µi)ϕ(µi)⊤ − uiu
⊤
i

)∥∥∥2

F

=
m∑

i=1
ωi

∥∥∥Ci

∥∥∥2

F

∥∥∥ϕ(µi)ϕ(µi)⊤ − uiu
⊤
i

∥∥∥2

F

(i)
≤

m∑
i=1

ωi

∥∥∥ϕ(µi)ϕ(µi)⊤ − uiu
⊤
i

∥∥∥2

F

(j)=
m∑

i=1
ωi

(
2− 2

(
u⊤

i ϕT (µi)
)2
)

(k)= 2
m∑

i=1
ωi

i−1∑
j=1

(
u⊤

j ϕT (µi)
)2

Here, (h) follows from the application of Jensen’s inequality for the convex Frobenius-norm-squared. (i) holds
since the text kernel is normalized and ⟨ϕX(x), ϕX(x)⟩ = kX(x, x) = 1, and therefore ∥Ci∥F ≤ E[∥ϕX(x)∥2

2] = 1.
(j) follows from the expansion ∥uu⊤ − vv⊤∥2

F = ∥u∥4
2 + ∥v∥4

2 − 2⟨u, v⟩2. Next, we bound the inner products
⟨uj , ϕT (µi)⟩ that appear in step (k). Recall that each uj is obtained from the Gram–Schmidt process applied to
{ϕT (µℓ)}ℓ<i, so we can write

uj =
∑
ℓ≤j

rjℓ ϕT (µℓ), ∥rj∥2 ≤ 1,

where rj = (rj1, . . . , rjj)⊤ is the coefficient vector. Therefore,(
u⊤

j ϕT (µi)
)2 =

(∑
ℓ≤j

rjℓ kT (µℓ, µi)
)2
≤
∑
ℓ≤j

kT (µℓ, µi)2,

where we used ∥rj∥2 ≤ 1 and Cauchy–Schwarz. Summing over j < i yields∑
j<i

(
u⊤

j ϕT (µi)
)2 ≤

∑
j<i

∑
ℓ≤j

kT (µℓ, µi)2 =
∑
ℓ<i

(i− ℓ) kT (µℓ, µi)2 ≤ (i− 1)
∑
ℓ<i

kT (µℓ, µi)2.

For the Gaussian kernel kT (t, t′) = exp(−∥t − t′∥2/(2σ2)), we have kT (µℓ, µi)2 = exp(−∥µℓ − µi∥2/σ2). Hence,
inequality (k) becomes

m∑
i=1

ωi

∥∥∥ϕT (µi)ϕT (µi)⊤ − uiu
⊤
i

∥∥∥2

F
≤ 2

m∑
i=1

ωi(i− 1)
∑
ℓ<i

exp
(
−∥µi−µℓ∥2

σ2

)
. (17)

Combining equation 17 with the variance bound from Lemma 1, and applying ∥A + B∥2
F ≤ 2∥A∥2

F + 2∥B∥2
F , we

obtain ∥∥∥CX ,T −
m∑

i=1
ωiCi ⊗ uiu

⊤
i

∥∥∥2

F
≤ 4

m∑
i=1

ωi
σ2

i

σ2 + 8
m∑

i=1
ωi(i− 1)

∑
ℓ<i

exp
(
−∥µi−µℓ∥2

σ2

)
. (18)
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Since u1, . . . , um are orthogonal vectors, the definition of Kronecker product implies that the eigenvalues of∑m
i=1 ωiCi⊗uiu

⊤
i will be the union of the eigenvalues of ωiCi⊗uiu

⊤
i over i ∈ {1, . . . , m}. On the other hand, we

know that the non-zero eigenvalues of ωiCi⊗uiu
⊤
i will be equal to the factor ωi∥ui∥2

2 = ωi times the eigenvalues
of Ci. Consequently, we can show that for vector λ̂x⊗t = Union

(
ωi Eigs(Ci) : i ∈ {1, . . . , m}

)
, we have the

following for every α ≥ 2 and defined increasing function g in Theorem 6∣∣∣H̃α(X, T )− 1
1− α

log
(
∥λ̂x⊗t∥α

α

)∣∣∣ ≤ g
(
∥λ̃x⊗t∥α − ∥λ̂x⊗t∥α

)
≤ g
(
∥sort

(
λ̃x⊗t

)
− sort

(
λ̂x⊗t

)
∥α

)
≤ g
(
∥sort

(
λ̃x⊗t

)
− sort

(
λ̂x⊗t

)
∥2
)

≤ g
( m∑

i=1
4ωi

σ2
i

σ2 +
m∑

i=2

i−1∑
j=1

8ωi(i− 1) exp
(−∥µi − µj∥2

2
σ2

))
.

Note that the above proof holds for every marginal distribution on X, and we choose a deterministic constant
X = 0, then the joint entropy reduces to the marginal entropy and the above inequality also shows the following:∣∣∣H̃α(T )− 1

1− α
log
(
∥[ω1, . . . , ωm]∥α

α

)∣∣∣ ≤ g
( m∑

i=1
4ωi

σ2
i

σ2 +
m∑

i=2

i−1∑
j=1

8(i− 1)ωi exp
(−∥µi − µj∥2

2
σ2

))
.

Therefore, following the Triangle inequality and the definition H̃α(X|T ) = H̃α(X, T )− H̃α(T ), the previous two
inequalities prove that ∣∣∣H̃α(X|T )−

( 1
1− α

log
(
∥λ̂x⊗t∥α

α

)
− 1

1− α
log
(
∥[ω1, . . . , ωm]∥α

α

))∣∣∣
≤ 2g

( m∑
i=1

4ωi
σ2

i

σ2 +
m∑

i=2

i−1∑
j=1

8(i− 1)ωi exp
(−∥µi − µj∥2

2
σ2

))
= 2g(Γ)

On the other hand, we can simplify the above expression as
1

1− α
log
(
∥λ̂x⊗t∥α

α

)
− 1

1− α
log
(
∥[ω1, . . . , ωm]∥α

α

)
= 1

1− α
log
( m∑

i=1
ωα

i ∥λCi∥α
α

)
− 1

1− α
log
( m∑

i=1
ωα

i

)
= 1

1− α
log
( m∑

i=1

ωα
i∑m

j=1 ωα
j

∥λCi∥α
α

)
Note that the definition fα(t) = exp((1− α)t) implies that f−1

α (z) = 1
1−α log(z), which connects to the entropy

definition as H(X|G = i) = f−1
α (∥λCi

∥α
α). Hence, we combine the previous two equations to complete the proof:∣∣∣H̃α(X|T )− f−1

α

( m∑
i=1

ωα
i∑m

j=1 ωα
j

fα

(
H̃α(X|G = i)

))∣∣∣ ≤ 2g(Γ)

Theorem 7 (Truncated Conditional-Vendi Interpretation). Let T ∼
∑m

i=1 ωiPT,i with means µi and within-
component variances σ2

i = E
[
∥T − µi∥2

2|G = i
]
. Assume Gaussian kernel bandwidth σ and normalized feature

maps. Fix a truncation level t ∈ N and consider Γ defined in equation 16. Let λ̃
(t)
X ,T and λ̃

(t)
T be the top-t

truncated, renormalized eigenvalue vectors of the joint and prompt operators, and define

H(t)(X|T ) := H
(
λ̃

(t)
X ,T

)
−H

(
λ̃

(t)
T
)
.

Then, we have the following: ∣∣∣H(t)(X|T ) −
m∑

i=1
ωi H(t)(X|G = i)

∣∣∣ ≤ √tΓ log( t
Γ ). (19)
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Equivalently, for the truncated Conditional-Vendi score Vendi(t) = exp(H(t)),

(Γ
t

)2
√

tΓ
m∏

i=1

(
Vendi(t)(X|G = i)

)ωi

≤ Conditional-Vendi(t)(X|T )

≤
( t

Γ
)2

√
tΓ

m∏
i=1

(
Vendi(t)(X|G = i)

)ωi

. (20)

Proof. By the Frobenius bound in equation 18 and the Hoffman–Wielandt inequality,∥∥λ(CX ,T )− λ(
∑

i ωiCi ⊗ uiu
⊤
i )
∥∥2

2 ≤ Γ.

Since {ui} are orthonormal, the nonzero eigenvalues of
∑

i ωiCi⊗ uiu
⊤
i are the union of the eigenvalues of ωiCi,

so λ(
∑

i ωiCi ⊗ uiu
⊤
i ) is obtained by stacking ωi Eigs(Ci) over i. The same argument with X fixed (or CX = 0)

yields the prompt-side spectral approximation. Projecting both joint and prompt spectra onto the t-truncated,
renormalized simplex ∆t (Lemma A) and using nonexpansiveness of Euclidean projection (Lemma B) gives∥∥λ̃(t)

X ,T − λ̂
(t)
X ,T

∥∥
2 ≤

√
Γ,

∥∥λ̃(t)
T − λ̂

(t)
T
∥∥

2 ≤
√

Γ,

where λ̂(t)
X ,T (resp. λ̂(t)

T ) denotes the t-truncated, renormalized vector formed from the stacked union of ωi Eigs(Ci)
(resp. of the mixture weights (ωi)). On the truncated simplex space, we apply Lemma 2 coordinatewise and then
Lemma 3 to obtain,

∣∣H(λ̃(t)
X ,T )−H(λ̂(t)

X ,T )
∣∣ ≤ √

tΓ log
(√ t

Γ

)
,

∣∣H(λ̃(t)
T )−H(λ̂(t)

T )
∣∣ ≤ √

tΓ log
(√ t

Γ

)
.

Subtracting the two displays and using the triangle inequality yields∣∣∣H(t)(X|T )−
(

H(λ̂(t)
X ,T )−H(λ̂(t)

T )
)∣∣∣ ≤ 2

√
tΓ log

(√
t
Γ

)
.

Finally, by construction of the stacked union and the truncation on each block, H(λ̂(t)
X ,T ) − H(λ̂(t)

T ) =∑m
i=1 ωi H

(t)
i , which proves equation 19. Exponentiating both sides results in equation 20 since Vendi(t) =

exp(H(t)) and exp(
∑

i ωiH
(t)
i ) =

∏
i(Vendi(t)(X|G = i))ωi .

C Details of Truncated Conditional-Vendi Guidance in Section 6

In the guidance setting, let KZ = [kZ(z(i), z(j))]ni,j=1 and KT = [kT (ti, tj)]ni,j=1 be normalized latent variable
and prompt kernel matrices with unit diagonal entries. Define the joint unit-trace PSD matrix

A = 1
n (KZ ⊙KT ), Tr(A) = 1. (21)

We use the truncated Conditional-Vendi score introduced in the main text:

Conditional-Vendi(t)(x1:n | t1:n) = exp
(

H(t)(A)−H(t)( 1
n KT

))
. (22)

Given a unit-trace PSD M with eigenvalues λ1 ≥ · · · ≥ λn ≥ 0 and St =
∑t

i=1 λi providing c(λ) = 1−St

t , we
recall the following definition of the t-truncated entropy of the matrix M :

H(t)(M) = −
t∑

i=1
(λi + c(λ)) log(λi + c(λ)). (23)

Here we describe how to compute the gradient of H(t)(M) in the guidance process. Consider the eigendecom-
position of symmteric matrix M as M = V ΛV ⊤ where Vt = [v1, . . . , vt], Λt = diag(λ1, . . . , λt) are the matrix of
top-t eigenvectors and vector of top t eigenvalues. Using the notation ℓ̄t = 1

t

∑t
i=1 log(λi + c(λ)), the gradient is

∇M H(t)(M) = −Vt log(Λt + cIt) V ⊤
t + ℓ̄t VtV

⊤
t . (24)
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Since H(t)( 1
n KT

)
does not depend on variable Z, we will obtain

∇z(n)Conditional-Vendi(t)(z1:n; t1:n) = Conditional-Vendi(t)(z1:n; t1:n) · ∇z(n)H(t)(A). (25)

Using equation 21, the Hadamard chain rule gives the following where ∇AH(t)(A) is given by equation 24:

∇KZ
H(t)(A) = 1

n

(
∇AH(t)(A)

)
⊙KT . (26)

Note that only the n-th row and column of KZ depends on z(n), and thus we have

∇z(n)H(t)(A) =
n−1∑
i=1

(
(∇KZ

H(t)(A))in + (∇KZ
H(t)(A))ni

)
∇z(n)kZ(z(i), z(n)). (27)

Combining equation 25 and equation 27 results in the guidance direction as follows:

z
(n)
τ−1 ← Sampler

(
z(n)

τ , ϵ̂θ(z(n)
τ , τ, tn)

)
+ η ∇z(n)Conditional-Vendi(t)(z1:n; t1:n).

Extension to Conditional-RKE Guidance. Given the unit value diagonal entries of the kernel matrix, the
Conditional-RKE score takes the following form:

Conditional-RKE(x1:n | t1:n) = ∥KT ∥2
F

∥KZ ⊙KT ∥2
F

.

Let S = KZ ⊙KT . Taking the derivative with respect to S gives the following

∇S Conditional-RKE(z1:n; t1:n) = − 2 ∥KT ∥2
F

S

∥S∥4
F

, ∇KZ
Conditional-RKE(z1:n; t1:n) = ∇S Conditional-RKE⊙KT ,

and the latent gradient follows via the same accumulation as equation 27. This variant avoids a full spectral
decomposition and can be implemented using O(n2) computations per iteration.

D Additional Related Works

Evaluation of deep generative models. Metrics for evaluating generative models are generally divided into
reference-dependent and reference-free categories (Borji, 2022). Reference-dependent metrics compare generated
and real data distributions, with common examples including FID (Heusel et al., 2017) and KID (Bińkowski et al.,
2018). Other reference-based measures, such as the Inception Score (Salimans et al., 2016), Precision/Recall
(Sajjadi et al., 2018; Kynkäänniemi et al., 2019), and Density/Coverage (Naeem et al., 2020), jointly evaluate
fidelity and diversity with respect to a reference dataset.

Beyond fidelity, several works examine memorization and novelty. These include the authenticity score (Alaa
et al., 2022) and Feature Likelihood Divergence (Jiralerspong et al., 2023) for assessing generalization, as well
as the rarity score (Han et al., 2023) and KEN (Zhang et al., 2024) for quantifying novelty. The memorization
metrics are reference-based. In contrast, reference-free evaluations assess quality and diversity directly from the
generated data. Notable examples include the Vendi score (Friedman and Dieng, 2023; Pasarkar and Dieng,
2024) and RKE score (Jalali et al., 2023) for diversity, and (Nguyen and Dieng, 2024) for evaluating the quality
of generated data.

Evaluation of conditional generative models. The evaluation of prompt-based generative models, such
as text-to-image and text-to-video systems, has been explored in several recent works. Most metrics focus on
measuring alignment between prompts and outputs. A widely used example is CLIPScore (Hessel et al., 2021),
which computes cosine similarity in the CLIP embedding space. Other efforts have introduced benchmarks and
curated prompt sets to evaluate broader aspects. For instance, HEIM (Lee et al., 2023) assesses twelve criteria,
including text–image alignment, image quality, and bias.

However, alignment- and quality-focused metrics may overlook output diversity. Astolfi et al. (2024) emphasize
that metrics centered on style or aesthetics can fail to capture variability across outputs for the same prompt.
They propose computing per-prompt diversity using similarity functions and then averaging across prompts.
Similarly, Kannen et al. (2024) extend the Vendi score to the per-prompt setting. Both approaches require



Conditional Vendi Score: Prompt-Aware Diversity Evaluation for Generative AI Models and LLMs

generating multiple outputs for each prompt with different seeds. In contrast, our proposed Conditional-Vendi
does not require repeated generations; instead, it quantifies model-induced diversity by analyzing variability
across prompt types. Our theoretical results interpret Conditional-Vendi as an aggregation of diversity scores
across prompt categories.

Information measures for evaluating conditional generative models: Kim et al. (2022b) propose the
Mutual Information Divergence (MID) score, which fits multivariate Gaussian distributions to text and image
representations and estimates their mutual information to quantify relevance in conditional generative models.
In contrast, our score builds on the standard PSD matrix-based entropy measures applied to kernel matrices.
Unlike MID, which relies on mutual information between Gaussian-fitted embeddings, the proposed diversity
operates on kernel similarity values.

Conditional Generation with Guidance. Controlling generative processes using specific conditions is in-
creasingly important for practical applications, relying on inputs such as text prompts (Kim et al., 2022a; Nichol
et al., 2022; Liu et al., 2023), class labels (Dhariwal and Nichol, 2021), style images (Mou et al., 2024; Zhang
et al., 2023b), or human motions (Tevet et al., 2023), among others. Approaches to conditional generation with
guidance can be divided into training-based and training-free methods. Training-based strategies either learn
a time-dependent classifier to steer the noisy sample xt toward the target condition y (Dhariwal and Nichol,
2021; Nichol et al., 2022; Zhao et al., 2022; Liu et al., 2023), or directly train the conditional denoising model
ϵθ(xt, t,y) through few-shot adaptation (Mou et al., 2024; Ruiz et al., 2023). In contrast, training-free guidance
enables zero-shot conditional generation by using a pre-trained differentiable predictor, such as a classifier, loss
function, or energy function, which measures how well a generated sample aligns with the target condition (He
et al., 2024; Bansal et al., 2023; Yu et al., 2023; Ye et al., 2024). Our Conditional-Vendi and Conditional-RKE
guidance methods fall into this category, leveraging conditional entropy score guidance to improve the diversity
of generated samples.

Guidance for Improving Diversity.

A common approach in diffusion-based generative models involves using guidance mechanisms to manage the
trade-off between sample quality and diversity (Sadat et al., 2025; Ho and Salimans, 2022b). For instance,
classifier-free guidance (Ho and Salimans, 2022b) significantly improves alignment with prompts and overall
image quality, but can reduce diversity due to its strongly deterministic conditioning. Recent studies have
sought to mitigate this diversity issue. (Sehwag et al., 2022) proposed a method that promotes diversity by
explicitly sampling from low-density regions of the data manifold, though their approach works directly in pixel
space, making it challenging to adapt to latent diffusion models. Another approach involves fine-tuning: (Miao
et al., 2024) present a reinforcement learning-based finetuning strategy that enhances diversity by optimizing an
image-set-based diversity reward function.

(Askari Hemmat et al., 2024) proposes contextualized Vendi Score Guidance (c-VSG) to boost generative diversity
via the Vendi Score (Friedman and Dieng, 2023; Ospanov et al., 2024), but it relies on identical prompts, limiting
its generality. In contrast, our approach uses Conditional-Vendi and Conditional-RKE Scores for prompt-aware
guidance, enabling adaptive soft-clustering and effective conditioning on diverse prompts. Unlike c-VSG, which
operates on latent features of reference images, our method directly guides the diffusion model’s latent space,
reducing computational cost while enhancing prompt-aware diversity.

E Implementation Details and Hyperparameters

E.1 Conditional-Vendi and Conditional-RKE Evaluation Hyperparameters

To select the bandwidth parameter σ, Similar to (Jalali et al., 2023; Ospanov et al., 2024), we chose the Gaussian
kernel bandwidth for each type of data as the smallest σ that ensures a variance below 0.01 in the evaluated
score over independent evaluations. We observed that for image data, σ ∈ [20, 30]; for text data, σ ∈ [0.1, 0.8];
and for video data, σ ∈ [10, 20] can satisfy this requirement. Note that by selecting an overly large σ value
for text embeddings, Conditional-Vendi simplifies to the expectation of unconditional Vendi per prompt. For
Truncated Conditional-Vendi and Information-Vendi, we set the truncation parameter t to 10, 000 as suggested
in (Ospanov and Farnia, 2025) in all the experiments.
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E.2 Conditional-Vendi and RKE Guidance Details

In the kernel-based guidance experiments of Conditional-Vendi and Conditional-RKE, we considered a Gaussian
kernel, which consistently led to higher output scores in comparison to the other standard cosine similarity
kernel. We used the same Gaussian kernel bandwidth σ in the RKE and Vendi experiments, and the bandwidth
parameter choice matches the selected value in (Friedman and Dieng, 2023; Jalali et al., 2023). The numerical
experiments were conducted on 4×NVIDIA GeForce RTX 4090 GPUs, each of which has 22.5 GB of memory.

E.3 Experimental Configuration for Table 1

We used Stable Diffusion XL with a resolution of 1024×1024, a fixed classifier-free guidance scale of WCFG = 7.5,
and 50 inference steps using the DPM solver. We used 10,000 randomly selected prompts of the MS-COCO 2014
validation set and fixed the generation seed to be able to compare the effect of the methods. We used the
following configuration to generate the results reported in Table 1.

The hyperparameter tuning was performed by performing cross-validation on the in-batch similarity score, se-
lecting the hyperparameter values that optimized this alignment-based metric. Note that the in-batch similarity
score accounts for both text-image consistency and inter-sample diversity as discussed in (Corso et al., 2024).

c-VSG. We note that the reference (Askari Hemmat et al., 2024) considered GeoDE (Ramaswamy et al., 2023)
and DollarStreet (Gaviria Rojas et al., 2022) datasets, in which multiple samples exist per input prompt. On
the other hand, in our experiments, we considered the standard MSCOCO prompt set where for each prompt
corresponds we access a single image, making the contextualized Vendi guidance baseline in (Askari Hemmat
et al., 2024) not directly applicable. Therefore, we simulated the non-contextualized version of VSG. For selecting
the Vendi score guidance scale, we performed validation over the set {0, 0.04, 0.05, 0.06, 0.07}, following the
procedure in (Askari Hemmat et al., 2024). A guidance frequency of 5 was used, consistent with the original
implementation. To maintain stable gradient computation for the Vendi score, we implemented a sliding window
of 300 most recently generated samples, as gradient calculations became numerically unstable for some steps
beyond this threshold.

latent Vendi Guidance. We used a Gaussian kernel with bandwidth σimg = 0.8 and used η = 0.03 as the
weight of RKE guidance. To balance the effects of the diversity guidance in sample generation, the Vendi
guidance update was applied every 10 reverse-diffusion steps in the diffusion process, which is similar to the
implementation of Vendi score guidance in (Askari Hemmat et al., 2024).

latent RKE Guidance. We used a Gaussian kernel with bandwidth σimg = 0.8 and used η = 0.03 as the weight
of RKE guidance. To balance the effects of the diversity guidance in sample generation, the RKE guidance update
was applied every 10 reverse-diffusion steps in the diffusion process, which is similar to the implementation of
Vendi score guidance in (Askari Hemmat et al., 2024).

latent Conditional-Vendi Guidance. We used a Gaussian kernel with bandwidth σimg = 0.8 and used
η = 0.03 as the weight of Conditional-Vendi guidance. To balance the effects of the diversity guidance in sample
generation, the RKE guidance update was applied every 10 reverse-diffusion steps in the diffusion process, which
is similar to the implementation of Vendi score guidance in (Askari Hemmat et al., 2024).

latent Conditional-RKE Guidance. We considered the same Gaussian kernel for the image generation
with bandwidth σimg = 0.8 and used bandwidth parameter σtext = 0.3 for the text kernel. The guidance
hyperparameter was set to η = 0.03, as in RKE guidance. Similar to the RKE and Vendi guidance, the
Conditional-RKE diversity guidance was applied every 10 reverse-diffusion steps. 3

F Additional Numerical Results on Conditional-Vendi and Conditional-RKE
Guidance

To demonstrate the advantages of prompt-aware metrics over unconditional Vendi score, we explored their
potential to enhance sample diversity in PixArt. We guided the model using both Truncated-Conditional-Vendi
and standard Vendi score, following the methodology from (Askari Hemmat et al., 2024).

In our implementation, we applied guidance to PixArt in the latent space rather than the ambient space. This
approach substantially reduced memory requirements from over 50 GB to approximately 20 GB while maintaining
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performance. We observed that latent-space guidance not only improves image diversity and quality but also
offers significant computational efficiency gains. A comprehensive comparison between latent and ambient-space
guidance is included in the Appendix.

Figure 10 presents qualitative results using PixArt, demonstrating how prompt-aware guidance generates more
relevant and contextually diverse images. Quantitative comparisons between Vendi and Conditional-Vendi guid-
ance methods on PixArt are provided in Table 3, showing that Conditional-Vendi guidance enhances sample
diversity (as measured by Vendi score and in-batch similarity) while preserving text-image alignment through
competitive CLIPScore and KD metrics.

Table 3: Quantitative comparison of guidance methods on PixArt

Guidance Method CLIPScore ↑ KD×102 ↓ Cond-VendiDINOv2 ↑ VendiDINOv2 ↑ In-batch Sim.×102 ↓
VendiCLIP 29.63 38.14 26.28 261.73 83.26
VendiLatent 30.39 36.20 28.95 298.15 81.50
Conditional-VendiLatent 30.44 29.80 31.50 312.80 79.45

G Additional Numerical Results on the Evaluation of Generative Models

G.1 Ablation Studies

Toy example on Gaussian Mixture Models. To validate that Conditional-Vendi and Information-Vendi
accurately quantify model-induced diversity and prompt correlation, we evaluate these metrics on multiple Gaus-
sian Mixture datasets. As illustrated in Figure 11, we generated separate 2D Gaussian distributions to represent
text and image modalities, which we then paired through minimum weight bipartite graph matching. In the
first row, we fix the number of image Gaussian distributions (X) while increasing the number of text modes
from 1 (less correlated) to 4 (highly correlated). As shown in the figure, Information-Vendi increases from 2.97
to 4.61, whereas Conditional-Vendi decreases from 2.21 to 1.34. These results indicate that conditional sample
diversity is higher when paired with a single text mode compared to scenarios where images are fully aligned
with prompts. The correlation between text and images is maximized when there is one cluster of images for
each group of prompts. In the second row, we used two Gaussian distributions for text (T) while varying the
number of image modes (X) from 2 to 6. The results show that Conditional-Vendi score increases from 1.55 to
2.46, while Information-Vendi decreases from 4.01 to 3.42. This suggests that when the model generates more
modes for a group of prompts, it produces greater model-induced diversity.

Correlation between prompts and generated output. To measure the correlation between text and image
using Information-Vendi, we used MS-COCO captions to generate images with Stable Diffusion XL and Flux. We
gradually substituted the generated images with random ones for the same prompts at different substitution rates.
As the substitution rate increased, the correlation between the text and image pairs decreased. In Figure 12, we
measured Information-Vendi at various substitution rates and observed that as the substitution rate increased,
Information-Vendi decreased, demonstrating that our score can successfully measure the correlation between text
and image. Unlike other correlation metrics, such as CLIPScore, which require the same embedding for both text
and image, our method places no such restriction. This allows for the use of different embeddings for text and
image. Furthermore, our approach can be easily generalized to other conditional models, such as text-to-text or
text-to-video generation.

Correlation between GroundTruth-Cluster-Vendi and Conditional-Vendi Scores. To validate the the-
oretical connection between the Vendi and Conditional-Vendi scores, we performed an experiment and evaluated
a baseline metric called GroundTruth-Cluster-Vendi score. To measure the GroundTruth-Cluster-Vendi score,
we utilize the side knowledge of the ground-truth clusters of the input prompts and then compute and average
the regular Vendi scores for the data generated within each cluster. Mathematically, given t sample cluster sets in
S = {S1, . . . , St}, which partition the input text indices {1, . . . , n}, we define the Cluster-Vendi score as follows,
where |Sj | denotes the cardinality of subset Sj :

Cluster-Vendi
(
x1, . . . , xn | S

)
:=

t∑
i=1

|Si|
n
·Vendi

(
{xj : j ∈ Si}

)
,
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Cluster-RKE
(
x1, . . . , xn | S

)
:=

t∑
i=1

|Si|
n
· RKE

(
{xj : j ∈ Si}

)
.

Note that the above definition requires the knowledge of the clusters, which could be given by an oracle in
the case of the GroundTruth-Cluster-Vendi score, or computed by a clustering algorithm such as K-Means to
obtain the KMeans-Cluster-Vendi score. Observe that given the knowledge of the clusters revealed by an oracle,
the GroundTruth-Cluster-Vendi score is a sensible definition of internal model diversity, which, as shown in
Theorem 6, is expected to correlate with our defined Conditional-Vendi score.

In the numerical settings of Section G.2, where we know the ground-truth clusters based on the type of animal
or fruit in the texts, we computed the value of the GroundTruth-Cluster-Vendi and GroundTruth-Cluster-RKE
score and compared it with the evaluated Conditional-Vendi and RKE scores. As demonstrated in Figures 5,16,
17, 18, the two diversity scores, Conditional-Vendi, Cluster-Vendi and Conditional-RK,E and Cluster-RKE,
highly correlate for the 4 simulated generative models in the experiments.

However, note that in a real-world scenario, we do not have access to the ground-truth clusters. To estimate
the score, we should use a clustering algorithm such as K-Means to find the clusters and compute the Cluster-
Vendi score. We note that the optimization problem addressed by standard clustering algorithms represents
a challenging non-convex optimization, which, depending on the algorithm’s initial point, could converge to
different solutions.

Measuring Conditional-Vendi across prompt types In this section, we conducted additional experiments
similar to those in Figure 6. We created 10,000 prompts across different categories using GPT-4o and generated
corresponding images with text-to-image models. We reported Conditional-Vendi and RKE for the top 3 groups
in the text data on PixArt-α, Stable Diffusion XL and FLUX text-to-image generative models.

As shown in Figure 13, Figure 14, and Figure 15, we observed the same behavior during these experiments: the
Conditional-Vendi score for ”dog” prompts was significantly higher than for the ”airplane” and ”sofa” categories.
This observation suggests that the outputs of generative models are unbalanced when presented with different
groups of text prompts.

G.2 Quantifying model-induced diversity via Conditional-Vendi and RKE.

To examine Conditional-Vendi in text-to-image models, we considered 10 types of animals generated by Stable
Diffusion XL, as shown in Figure 5. We found that Conditional-Vendi and RKE increased more rapidly when
the prompts did not specify the type of animal, indicating that the model-generated diversity was driven by its
internal variability. In contrast, when the animal types were specified in the prompts, the increase in Conditional-
Vendi and RKE was minimal, suggesting that the diversity in the outputs largely followed the constraints imposed
by the text prompts. This demonstrates that Conditional-Vendi and Conditional-RKE effectively captures the
difference between intrinsic model diversity and prompt-driven diversity. We further extended this experiment to
different types of fruits and using a different generative model, PixArt-Σ (Figures 16, 17, 18), and observed the
same trend. Additionally, we evaluated Cluster-Vendi and Cluster-RKE as ground-truth measures and observed
the same pattern of Conditional-Vendi and RKE, confirming that Conditional-Vendi effectively captures model-
intrinsic versus prompt-driven diversity.

To examine Conditional-Vendi in text-to-image models, we performed experiments quantifying diversity scores for
unspecified and type-specified prompts across multiple categories and models. We considered nine experimental
combinations consisting of two category types: animals and fruits and two state-of-the-art text-to-image models:
Stable Diffusion XL (SDXL), and PixArt-Σ (Chen et al., 2024a). For each combination, we generated prompts
for 10 different types within the category and created image samples by inputting the prompts into the respective
model. In each experiment, we simulated 10 prompt-based generative models by considering image samples from
j types for j ∈ 1, . . . , 10.

For animals generated by SDXL, as shown in Figure 5, Conditional-Vendi and RKE increased more rapidly when
the prompts did not specify the type of animal, indicating that model-generated diversity was driven by intrinsic
variability. In contrast, when the animal types were specified in the prompts, the increase in Conditional-Vendi
and RKE was minimal, suggesting that diversity largely followed the constraints imposed by the text prompts.

We further extended this analysis to fruits and objects and to the PixArt-Σ model (Figures 16, 17, 18). Across all
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categories and models, we observed the same trend: Conditional-Vendi and RKE increased rapidly for unspecified
prompts but grew slowly when the type was specified, validating the correlation between Conditional-Vendi and
intrinsic model diversity.

To further validate these results, we evaluated Cluster-Vendi and Cluster-RKE as ground-truth measures of
non-prompt-induced diversity. The observed patterns mirrored those of Conditional-Vendi and RKE, confirming
that Conditional-Vendi effectively captures the difference between intrinsic model diversity and prompt-driven
diversity.

G.3 Convergence Analysis of Conditional-Vendi Score

To assess the convergence of the Conditional-Vendi and Conditional-RKE scores, we conducted experiments for
different sample sizes on samples generated with SDXL and Kandinsky using prompts from the MS-COCO 2014
validation set. We used the cosine similarity for the finite-dimensional kernel and the Gaussian kernel for the
infinite-dimensional kernel. Our results, presented in Figure 19, show that for RKE, Conditional-RKE converged,
while for Conditional-Vendi, the non-truncated score did not converge; our proposed truncated Conditional-Vendi
converged with 15000 samples.

G.4 Additional Numerical Evaluation of the Conditional-Vendi Score

Text-to-Video Model Evaluation. For the experiments on video data, to ensure the fairness of our evaluation,
we used VBench samples (Huang et al., 2024), which generated samples belonging to the 8 content categories.
In Figure 22, we used VideoCrafter-1, Show-1, and Open-Sora-1.2. We observed that VideoCrafter videos look
less diverse and, in some cases, may not correlate significantly with the captions when compared to Open-Sora.
Confirming this observation, the Conditional-Vendi and Information-Vendi scores were lower for VideoCrafter
than those for Open-Sora.

Image-Captioning Evaluation. For image captioning, we used 10 classes from the ImageNet dataset as input
for BLIP-2, GIT and GPT4o-mini. In Figure 20, we compared captions for the top three groups of images:
gas pump, church, and cassette player. GIT generated more diverse captions compared to BLIP, which was
confirmed by the Conditional-Vendi scores. On the other hand, GPT4o-mini generated longer and more detailed
captions compared to GIT, which was also reflected in the evaluated Conditional-Vendi and Information-Vendi
scores.

Large Language Models Evaluation. To evaluate Conditional-Vendi and RKE on LLMs, we varied the
temperature parameter and generated 20K short stories with Llama 2 for each temperature setting as shown in
Table 2. We also provided a comparison of the generated prompts in Figure 21. The dataset covered 10 genres,
each with 20 distinct subjects and themes. We further tested Conditional-Vendi and Conditional-RKE scores
on Gemma 3 and Phi 4 Mini Microsoft et al. (2025). As shown in Tables 4 and 5, both Conditional-Vendi and
Conditional-RKE increase with higher temperatures, indicating that the outputs become more diverse.

Table 4: Conditional Vendi and RKE Scores evaluated for Gemma 3 with different temperature parameters.

Method T = 0.4 T = 0.7 T = 1.0 T = 1.3
Conditional-Vendi 40.82 42.82 44.03 48.23
Conditional-RKE 38.42 41.82 43.16 45.93

Table 5: Conditional Vendi and RKE Scores evaluated for Phi 4 Mini with different temperature parameters.

Method T = 0.4 T = 0.7 T = 1.0 T = 1.3
Conditional-Vendi 41.02 45.93 49.93 51.60
Conditional-RKE 39.43 41.74 47.27 49.82

Qualitative results for generative models trained on MS-COCO dataset In this section, we provide
images and prompts corresponding to Figure 23. Figure 24 illustrates three clusters obtained by applying KMeans



to cluster MS-COCO validation set prompts into 1000 clusters. The images are presented for four generative
models. Comparing the prompts with the generated images reveals that FLUX exhibits the highest alignment
between text and image, while GigaGAN demonstrates greater diversity but misses some features of the prompts.
These observations are further supported by the Conditional-Vendi and Information-Vendi metrics.
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Conditional Vendi Score Guidance
Stable Diffusion XL

Vendi Score Guidance

Prompts: (1) iter #243: Two small lap dogs in a small bathroom., (2) iter #249: Two dogs looking up at a camera in a bathroom.,
(3) iter #436: Two small dogs stand together in a bathroom.

Prompts: (1) iter #594: The woman is working on her computer at the desk., (2) iter #623: A woman sitting at a desk in her work
station., (3) iter #734: a woman at her desk sits intently and happily.

Prompts: (1) iter #1728: A cat is sitting in a window looking in the house., (2) iter #1830: A brown and white cat sitting on a
window sill., (3) iter #2456: A cat sitting on a window sill near a basket.

Prompts: (1) iter #1778: A cat is standing on a table next to the television., (2) iter #1895: A cat looking at a dog on a TV.,
(3) iter #2024: Cat looking around television with dog on it.

Prompts: (1) iter #1802: An orange and white cat standing in front of a flat screen TV., (2) iter #1848: A cat climbing on top of a
shelf., (3) iter #196: A cat perches on top of an entertainment center in front of a TV.

Prompts: (1) iter #1557: A woman sitting next to a parking meter., (2) iter #1559: A woman is sitting on the curb with a decorated
parking meter., (3) iter #1675: a woman sits in front of a parking meter.

Figure 9: Qualitative comparison of Conditional-Vendi score guidance vs. Vendi score guidance using SD-XL.
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Conditional Vendi Score Guidance
PixArt-Σ

Vendi Score Guidance

Prompts: (1) iter #5756: A man is sitting on a black motorcylce., (2) iter #5847: A man sitting on a motorcycle on a sidewalk.,
(3) iter #5862: There is a man sitting on a motor cycle.

Prompts: (1) iter #5360: A man in white shirt on bicycle with a dog riding in the back., (2) iter #5361: A man on a bicycle with a
dog sitting in the back of the bike., (3) iter #5571: there is a man riding a bike with a dog on the back.

Prompts: (1) iter #5251: A man sits in a wooden kitchen at a table., (2) iter #5248: The man is sitting on a bench in his kitchen.,
(3) iter #5365: A man sits on a stool in a kitchen.

Prompts: (1) iter #9779: A man sitting in front of a laptop computer at a table., (2) iter #9842: A man working on a computer at a
table., (3) iter #1006: A man is using his laptop in a library.

Prompts: (1) iter #9779: A man sitting in front of a laptop computer at a table., (2) iter #9842: A man working on a computer at a
table., (3) iter #1006: A man is using his laptop in a library.

Prompts: (1) iter #1557: A woman sitting next to a parking meter., (2) iter #1559: A woman is sitting on the curb with a decorated
parking meter., (3) iter #1624: a woman sits in front of a parking meter.

Figure 10: Qualitative comparison of Conditional-Vendi score guidance vs. Vendi score guidance using PixArt-Σ.
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Cond-Vendi: 1.34
Cond-RKE: 1.21
Info-Vendi: 4.61
Info-RKE: 4.06

Cond-Vendi: 1.79
Cond-RKE: 1.69
Info-Vendi: 3.47
Info-RKE: 2.91

Cond-Vendi: 2.21
Cond-RKE: 2.16
Info-Vendi: 2.97
Info-RKE: 2.30

Cond-Vendi: 1.79
Cond-RKE: 1.69
Info-Vendi: 3.47
Info-RKE: 2.91

Cond-Vendi: 1.55
Cond-RKE: 1.43
Info-Vendi: 4.01
Info-RKE: 3.01

Cond-Vendi: 2.46
Cond-RKE: 2.41
Info-Vendi: 3.42
Info-RKE: 2.67

Fixed T, More Diverse X

More Diverse T, Fixed X

Figure 11: Comparing Conditional-Vendi and Information-Vendi on 2-D Gaussian Distribution. We used 1000
pair of points and used a Gaussian Kernel with bandwidth σ = 0.6.
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Figure 12: Substituting images generated from models trained on MS- dataset.

Mode #1 Mode #2 Mode #3

Caption Mode #1

A big airplane is descending above the clouds.
An old airplane is ascending on the runway.

A massive airplane is ascending at sunset.
A modern airplane is hovering in a storm.

An old airplane is soaring over the desert.

A quiet airplane is gliding at sunset.
A new airplane is cruising through the mountains.

An airplane is maneuvering on the runway.

Caption Mode #2

A happy dog is walking in the mountains.

A friendly dog is jumping on a sunny day.

A furry dog is digging in the forest.
A sleepy dog is barking on the beach.

A sleepy dog is sleeping on a sunny day.
A playful dog is walking in the snow.

A curious dog is playing in the park.

An energetic dog is chasing on the street.

Caption Mode #3

A large sofa is positioned near the window.

A luxurious sofa is resting near the window.

A stylish sofa is placed in the bedroom.
A soft sofa is standing in the bedroom.

A vintage sofa is positioned in the corner.
A large sofa is placed in the living room.

An old sofa is resting in the living room.

A cozy sofa is arranged in the hallway.

Scores

Cond-Vendi = 77.31

Cond-RKE = 5.59

Cond-Vendi = 197.32

Cond-RKE = 8.47

Cond-Vendi = 108.28

Cond-RKE = 6.79

Figure 13: Quantifying image diversity for different clusters of text prompts. Images are generated using the
Stable Diffusion XL model.
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Mode #1 Mode #2 Mode #3

Caption Mode #1

A big airplane is descending above the clouds.
An old airplane is ascending on the runway.

A massive airplane is ascending at sunset.
A modern airplane is hovering in a storm.

An old airplane is soaring over the desert.

A quiet airplane is gliding at sunset.
A new airplane is cruising through the mountains.

An airplane is maneuvering on the runway.

Caption Mode #2

A happy dog is walking in the mountains.

A friendly dog is jumping on a sunny day.

A furry dog is digging in the forest.
A sleepy dog is barking on the beach.

A sleepy dog is sleeping on a sunny day.
A playful dog is walking in the snow.

A curious dog is playing in the park.

An energetic dog is chasing on the street.

Caption Mode #3

A large sofa is positioned near the window.

A luxurious sofa is resting near the window.

A stylish sofa is placed in the bedroom.
A soft sofa is standing in the bedroom.

A vintage sofa is positioned in the corner.
A large sofa is placed in the living room.

An old sofa is resting in the living room.

A cozy sofa is arranged in the hallway.

Scores

Cond-Vendi = 21.29

Cond-RKE = 3.07

Cond-Vendi = 82.81

Cond-RKE = 6.35

Cond-Vendi = 36.85

Cond-RKE = 4.16

Figure 14: Quantifying image diversity for different clusters of text prompts. Images are generated using the
PixArt-α model.

Mode #1 Mode #2 Mode #3

Caption Mode #1

A big airplane is descending above the clouds.
An old airplane is ascending on the runway.

A massive airplane is ascending at sunset.
A modern airplane is hovering in a storm.

An old airplane is soaring over the desert.

A quiet airplane is gliding at sunset.
A new airplane is cruising through the mountains.

An airplane is maneuvering on the runway.

Caption Mode #2

A happy dog is walking in the mountains.

A friendly dog is jumping on a sunny day.

A furry dog is digging in the forest.
A sleepy dog is barking on the beach.

A sleepy dog is sleeping on a sunny day.
A playful dog is walking in the snow.

A curious dog is playing in the park.

An energetic dog is chasing on the street.

Caption Mode #3
A wide river is cascading in the forest.

A shallow river is streaming in the forest.

A raging river is streaming in the forest.

A wide river is surging in the canyon.

A muddy river is streaming by the mountains.

A swift river is flowing by the city.

A wide river is trickling through the jungle.

A wide river is cascading under the bridge.

Scores

Cond-Vendi = 70.81

Cond-RKE = 8.83

Cond-Vendi = 93.17

Cond-RKE = 11.07

Cond-Vendi = 84.82

Cond-RKE = 9.86

Figure 15: Quantifying image diversity for different clusters of text prompts. Images are generated using the
Flux model.
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Prompts: A fox is rolling in the grass.​, A camel is resting near a sand dune.​, A
wolf is drinking from a river.​, A cow is resting under a tree.​, A sheep is
resting in a grassy pasture.​, An elephant is walking through thick jungle.​, A
giraffe is reaching up for leaves.​

Prompts: An animal is rolling in the grass., An animal resting near a sand
dune.​An animal is drinking from a river.​, An animal is resting under a tree.​,
An animal is resting in a grassy pasture.​, An animal is walking through
jungle.​, An animal is reaching up for leaves.​

Unspecified animal prompts​ Specified animal prompts​

Model 2:
Samples from 2 animal groups  

Model 4:
Samples from 4 animal groups  

Model 8:
Samples from 8 animal groups  

Figure 16: Evaluated Conditional-Vendi, Vendi, Conditional-RKE, and RKE scores on animal samples generated
by PixArtΣ. (Left Plot) We do not specify the animal types in the prompt (Right Plot) we specify the animal
types in the prompt.
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Unspecified fruit prompts Specified fuit prompts

Prompts: A fruit is next to a cold glass of fresh juice.​ A fruit is
being sliced with a sharp knife.​ The fruit is blended into a

smoothie.​ The fruit is falling out of a grocery bag.​ A fruit is
being washed.​ The fruit is sitting on a kitchen countertop.​ 

Prompts: An apple is next to a cold glass of fresh juice.​ A
strawberry is being sliced with a sharp knife.​ The peach is

blended into a smoothie.​ The cherry is falling out of a grocery
bag.​ A mango is being washed.​ The fig is sitting on a kitchen.​ 

Model 2:
Samples from 2 fruit types  

Model 4:
Samples from 4 fruit types  

Model 8:
Samples from 8 fruit types  

Figure 17: Comparing Conditional-Vendi with Vendi on different fruit types generated by Stable Diffusion-XL.
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Unspecified fruit prompts Specified fuit prompts

Prompts: A fruit is next to a cold glass of fresh juice.​ A fruit is
being sliced with a sharp knife.​ The fruit is blended into a

smoothie.​ The fruit is falling out of a grocery bag.​ A fruit is
being washed.​ The fruit is sitting on a kitchen countertop.​ 

Prompts: An apple is next to a cold glass of fresh juice.​ A
strawberry is being sliced with a sharp knife.​ The peach is

blended into a smoothie.​ The cherry is falling out of a grocery
bag.​ A mango is being washed.​ The fig is sitting on a kitchen.​ 

Model 2:
Samples from 2 fruit types  

Model 4:
Samples from 4 fruit types  

Model 8:
Samples from 8 fruit types  

Figure 18: Comparing Conditional-Vendi with Vendi on different fruit types generated by PixArt-Σ.
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Figure 19: Statistical convergence of Conditional-Vendi scores with different sample sizes on data generated
by Stable Diffusion-XL and Kandinsky using MS-COCO validation set prompts with finite-dimension cosine
similarity and infinite-dimension Gaussian kernel. DINOv2 and CLIP embeddings are used for image and text
modalities, respectively.
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Image Mode #1

Image Mode #2

Image Mode #3

BLIP-2 GIT GPT4o-mini

a gas pump with three different colors.
a gas pump with two different types of fuel.
a man filling up his car at a gas station.
a woman filling up her car at a gas station.
an old red gas pump in front of a barn.
an old gas pump in front of a house.

a gas pump at a gas station with a red gas pump.
a gas pump at a gas station in the middle of a 
road.
a woman in a white dress is filling up a car.
a vintage gas station with a man filling up a gas 
pump.
an old gas pump sitting in a field.
an old gas pump sitting in front of a building.

A vintage gas pump with a faded sign, displaying old 
pricing and a weathered metallic finish.
A man stands at a gas pump, holding a nozzle and 
filling two metal containers on a cart. He wears a black 
vest over a blue shirt and denim jeans, with a focused 
expression. In the background.
A vintage green gas pump stands in a grassy area, 
surrounded by trees and a white building in the 
background.

the inside of a church with wooden 
benches.
the interior of a church with wooden pews.
a church with a steeple and a graveyard
a church with a graveyard and a clock tower
a white church with two steeple towers
a white church with a red door and a fence

the interior of the cathedral of the holy trinity.
the interior of a church with stained windows.
a small church with a steeple and a sign that 
says "catholic church ".
a church with a stone roof and a graveyard.
a white church with a steeple and a blue sky.
a white church with a steeple and steps.

Interior of a spacious church featuring wooden pews, 
stained glass windows, and a decorative altar at end.
a tall stone church with a pointed steeple and multiple 
spires, surrounded by a graveyard with weathered 
tombstones.
a white church with a steeple, surrounded by dark 
clouds, with light one side of the building.

a stereo system with a record player.
a stereo system with a cassette player and a 
radio.
a blue cassette player with headphones 
and a microphone.
a silver portable cassette 
player with earphones.
the interior of a car with a radio and dash
a car radio with a digital display and buttons

the stereo system is in the floor of the computer 
room.
the radio is a stereo system that can be used to 
record or record a player.
the boombox is a compact cassette player that 
can be used as a microphone.
sony's original sony audio cassette player.
the radio is a compact car that can be used as a 
radio.

a stereo system with two large speakers, a display 
panel in the center, and a remote control beside it.
a vintage boombox with a cassette tape deck and 
speakers, featuring various buttons and a handle on 
top.
car dashboard displaying radio and climate control 
buttons, air vents above, and a textured surface around 
the controls

Cond-Vendi = 10.9

Info-Vendi  = 3.28
Cond-Vendi = 13.10

Info-Vendi = 3.98
Evaluated Scores:

Cond-Vendi = 4.09

Info-Vendi  = 2.28

Cond-RKE= 6.47

Info-RKE= 2.41

Cond-RKE= 7.82

Info-RKE= 2.93

Cond-RKE= 2.53

Info-RKE= 1.80

Figure 20: Conditional-Vendi and Information-Vendi of image-captioning models for 3 image types

1.It was a typical Wednesday evening when Sarah walked home from work, Lost in thought as
she navigated the busy streets of the city. She had just received some devastating news at work
and her mind was racing with emotions.....

2. It was a beautiful spring morning when Sarah received an unexpected package in the mail.
Inside, she found a letter that wasn't there a moment ago. The letter was addressed to her, but
there was no return address and no indication of who had sent it....

3. It was a cold and rainy day when Emily received the news that her grandmother had passed
away. She had been incommunicado for weeks, and Emily had been worried sick about her....

T=0.4 T = 1.3
1. It was a typical Wednesday morning when Sarah received a mysterious package in the
mail. She had been expecting an important document from her bank, but instead, she
found a small, unassuming envelope with no return address.....

2. It was a typical Wednesday morning when Sarah received an unexpected package in the
mail. She had been expecting a delivery from her favorite clothing store, but instead, she
found a small, unassuming envelope with no return address....

3. It was a typical Wednesday morning when Sarah received a mysterious package in the
mail. She had not ordered anything, and there was no return address on the package....

Prompt: Write a short story about A lost letter:

1. It was a typical Wednesday evening when I first noticed my neighbor, Mr. Johnson, behaving
strangely. I had just finished cooking dinner and was taking out the trash when I saw him
peering through his living room window, ....

2. The sun was setting over the small suburban town, casting a warm orange glow over the
neatly manicured lawns and tidy homes. It was a peaceful evening but in one house on Elm
Street, an air of unease hung heavy in the air.....

3. Mrs. Johnson had lived in her cozy suburban home for over 20 years, and she knew every
face on her street. However, one day she noticed a new neighbor move in next door.....

T=0.4 T = 1.3
1. Mrs. Johnson had lived in her cozy little house on Elm Street for over 20 years, and she
thought she knew every person on the block like family. But lately, she had grown
suspicious of her new neighbor, Mr. Smith.

2. Mrs. Johnson had lived in her cozy little house on Elm Street for over 20 years. She was a
kind and friendly person, always willing to lend a helping hand to those in need. However,
there was one neighbor who made her feel uneasy.

3. Mrs. Johnson had lived in her cozy suburban home for over 20 years, and she thought
she knew every person on her street. However, one day a new family moved in next door...

Prompt: Write a short story about A suspicious neighbor:

Figure 21: Llama 2 Samples generated with different temperature parameters.
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VideoCrafter-1 Open-Sora-1.2Show-1

Cond-Vendi = 6.45
Info-Vendi = 3.80

Cond-Vendi = 19.18
Info-Vendi = 9.18

Scores:

Cond-Vendi = 5.18
Info-Vendi = 3.13

Caption Mode #1

close up video of flower petals
a leaf on a glass

the long trunks of tall trees in the forest
trees in the forest during sunny day

close up video of tree bark
reflection of tree branches

trunks of many trees in the forest
tree leaves providing shades from the sun

leaves swaying in the wind
low angle shot of baobab tree

close up video of strawberry plant
close up video of tree bark

tree with golden leaves
close up view of a plant

Caption Mode #2

curious cat sitting and looking around
a black dog wearing halloween costume

close up shot of a wild bear
a zebra eating grass on the field

a bear wearing red jersey
close up video of snail

a gorilla eating a carrot
close up of wolf

a meerkat looking around
a hyena in a zoo

lemur eating grass leaves
an owl being trained by a man

an American crocodile
close up of a lemur

Caption Mode #3

high angle shot of a clock tower
close up shot of a steel structure

an apartment building with balcony
low angle shot of a building

tower on hill
a miniature house

eiffel tower from the seine river
low angle footage of an apartment

building
island with pier and antique building

asian historic architecture
mosque in the middle east

low angle shot of a building
top view of a high rise building
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Cond-RKE = 5.72
Info-RKE = 2.86

Cond-RKE = 13.67
Info-RKE = 5.63

Cond-RKE = 4.19
Info-RKE = 2.38

Figure 22: Measuring Conditional-Vendi and Information-Vendi for text-to-video models
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a happy dog is playing at home.
an ancient building in the park.

a curious dog is playing in the park.
A shallow river in the forest.

a happy dog is running in a park.
A shallow river by the city.

an old building by the ocean.
A clear river by the city.

an elegant building in the park.

Prompt N

A curious dog playing is in the park.
A happy dog is in the park.

A happy dog is playing at home.

A shallow river in the forest. 
A shallow river by the city.

A clear river by the city. 

an old building by the ocean. 
an old building in the park. 
an elegant building in the park. 

MS-COCO Prompts

…

…

Cluster 
prompts in
to k groups

Pair the clustered prompts with the 
generated image

Experiment steps

A curious dog is playing at park.
A happy dog is in the park.
A happy dog is playing at home.

A shallow river in the forest. 
A shallow river by the city.
A clear river by the city. 

an old building by the ocean. 
an old building in the park. 
an elegant building in the park. 

Generate 
image for 
the center 
of clusters 

Conditional & Information Vendi Scores Conditional & Information RKE Scores

Figure 23: Conditional and Information Vendi and RKE score comparison across text-to-image models. We
clustered MS-COCO prompts into k groups and generated images for each cluster center. Within each cluster,
we paired prompts with identical images. The results show increasing diversity and stronger correlation as the
number of clusters grows, indicating that clusters become more relevant and diverse with finer partitioning.
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Caption Mode #3
A young man riding a skateboard on a stone wall.

A man balancing on a skateboard in front of a graffiti covered wall.
A man doing a trick on a wall with a skateboard.

Bearded skateboarder maintains balance while skating up wall.
A man standing next to a stone wall while holding a skateboard.

There is a man skateboard on the side of a wall.
a guy skate boarding on the edge of a wall

A man on a skateboard is trying to jump over a wall.
two black and white skate boards under a black steel bench

Caption Mode #1
A building displaying a clock showing the time to be 6 oclock.

A clock hanging from the ceiling of a building.
A large metal green clock hanging from the side of a building.

A clock that is on top of a sign.
A large clock mounted to a brick wall.

A large clock hanging off the side of a tall building.
A clock in near the triangular roof of a large building.

A large clock and a sign on top of a building.
A large clock mounted to the side of a building.

Caption Mode #2
The elephant has a large white spot on its abdomen.

The truck driver hauls an elephant down the highway.
A man getting a kiss on the neck from an elephant's trunk

A large elephant walking next to a man
A woman in white shirt climbing onto an elephant.

A man is leaning over a fence offering food to an elephant/
A large elephant standing on the side of a lake.

A man standing next to an elephant who stole his hat with it's trunk.
A man standing near an elephant with its trunk outstretched.
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Figure 24: 3 clusters of MS-COCO generated samples


