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ABSTRACT

Data valuation plays a crucial role in machine learning. Existing data valuation
methods, mainly focused on discriminative models, overlook generative models
that have gained attention recently. In generative models, data valuation measures
the impact of training data on generated datasets. Very few existing attempts at
data valuation methods designed for deep generative models either concentrate
on specific models or lack robustness in their outcomes. Moreover, efficiency
still reveals vulnerable shortcomings. We formulate the data valuation problem
in generative models from a similarity matching perspective to bridge the gaps.
Specifically, we introduce Generative Model Valuator (GMVALUATOR), the first
training-free and model-agnostic approach to providing data valuation for image
generation tasks. It empowers efficient data valuation through our innovative
similarity matching module, calibrates biased contributions by incorporating image
quality assessment, and attributes credits to all training samples based on their
contributions to the generated samples. Additionally, we introduce four evaluation
criteria for assessing data valuation methods in generative models. GMVALUATOR
is extensively evaluated on benchmark and high-resolution datasets and various
mainstream generative architectures to demonstrate its effectiveness. Our code is
available at: https://github.com/ubc-tea/GMValuator.

1 INTRODUCTION

As the driving force behind modern AI, particularly deep learning Pei (2020), a substantial volume
of data is indispensable for effective machine learning. On one hand, informative data samples
relevant to the task at hand play a critical role in the training process. On the other hand, due to data
privacy concerns, personal data is safeguarded by various regulations, including the General Data
Protection Regulation (GDPR) Regulation (2018), and has become a valuable asset. Consequently,
data valuation has garnered significant attention from academic and industrial sectors recently.

The intricate relationship between data and model parameters presents a significant challenge in the
contribution measurement of each training sample, thus making data valuation a difficult task. Most
existing data valuation studies focus on supervised learning for discriminative models (e.g., classifica-
tion and regression). These methods can be categorized as (1) Metric-based methods: Methods such
as Shapley Value (SV) and Banzhaf Index (BI) Ghorbani & Zou (2019); Wang & Jia (2023) provide
the assessment of data value by calculating marginal contribution on performance metrics (e.g., ac-
curacy or loss) through retraining the model1. (2) Influence-based methods: This line of methods
measures data value by evaluating influence on model parameters of data points Jia et al. (2019b);
Nohyun et al. (2022). (3) Data-driven methods: These techniques avoid retraining by leveraging
data characteristics (like data diversity, generalization bound estimation, class-wise distance), though
generally necessitate data labels. Xu et al. (2021); Wu et al. (2022); Just et al. (2023).

Urgent needs for generative models. Data valuation in the context of generative models has NOT
been well-investigated in the current literature. Moreover, there exist significant challenges in
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directly adapting the aforementioned data valuation methods for discriminative models listed to
generative models: Firstly, the challenge of applying metric-based methods arises from lacking robust
performance metrics in generative models, in contrast to the existence of commonly used metrics
(e.g., accuracy or loss) in discriminative models Betzalel et al. (2022). This could potentially result
in inconsistent outcomes when employing various performance metrics Terashita et al. (2021). In
addition, the expensive cost of retraining requirements is another obstacle to using metric-based
methods. Secondly, influence-based methods may not perform well on non-convex objective function
of generative models Bae et al. (2022). Besides, estimating the influence function in a deep generative
model is expensive, as it requires computing (or approximation) inverse Hessian. Thirdly, for data-
driven methods, they mainly focus on supervised learning, which requires knowing data labels to
quantify data values.

To the best of our knowledge, limited studies have explored model-dependent data evaluation using
influence functions for specific generative models. IF4GAN Terashita et al. (2021) consider multiple
evaluation metrics, such as log-likelihood, Inception Score (IS), and Frechet Inception Distance
(FID) Heusel et al. (2017) to identify the most responsible training samples for the overall performance
of Generative Adversarial Networks (GAN)-based models. However, selecting appropriate metrics
is critical, as the results are inconsistent across metrics. VAE-TracIn Kong & Chaudhuri (2021)
finds the most significant contributors for generating a particular generated sample for Variational
Autoencoders (VAE) using the influence function. However, viable Hessian estimation in influence
function calculations incur high computational costs and this method cannot be easily generalized to
other generative models.

Our motivation and goal. Considering the challenges posed by the selection of performance metrics
and computational efficiency and the need for broader applicability across various generative models,
we aim to propose a unified and efficient data valuation method. We expect the unified method to
satisfy the following key properties: 1) Model-agnostic: the method should be versatile, capable of
being employed across diverse generative model architectures and algorithms, regardless of specific
design choices; 2) Computation Efficiency: the method does not require retraining the model and
minimize computational overhead while maintaining a satisfactory level of accuracy and reliability in
evaluating the value of data points; 3) Plausibility: the method should evaluate the value of data based
on its alignment with human prior knowledge on the task, enhancing its credibility and reliability;
4) Truthfulness: the method should strive to provide an unbiased and accurate assessment of the
value associated with individual data points. In this work, we evaluate the contribution of (good)
training data given a fixed set of generated data from a certain well-trained generative model. We
refer to the value of training data as the contribution to the given generated data, taking into account
the quality of the generated data. To meet the design purposes, we propose a similarity-based data
valuation approach 2 for the generative model, called Generative Model Valuator (GMVALUATOR),
which is model-agnostic and efficient.

In summary, our work here provides the following specific novel contributions:

• To the best of our knowledge, GMVALUATOR is the first modal-agnostic and retraining-free data
valuation method for image generative models.

• We formulate data valuation for generative models as an efficient similarity-matching problem.
We further eliminate the biased contribution measurement by introducing image quality assessment
for calibration.

• We propose four evaluation methods to assess the truthfulness of data valuation and evaluate
GMVALUATOR on different datasets (including benchmark datasets and high-resolution large-scale
datasets) and various deep generative models to verify GMVALUATOR’s validity.

Related Work. Different from discriminative models for regression or classification tasks, generative
models in various forms (i.e., Variational auto-encoders (VAEs) Rezende et al. (2014), Variational
auto-encoders (VAEs) Rezende et al. (2014), Diffusion Model Ho et al. (2020); Rombach et al. (2022))
aim to learn data distribution for generation tasks. Consequently, the approach to data valuation in our
work, which focuses on generative models, is distinct and orthogonal to that for discriminative models.
The primary limitation of both metric-based methods and influence-based methods is the expensive
computation cost, a drawback that is further magnified in generative models. Conversely, while

2We detail why the similarity-based approach is formed in Sec 2 and explain how it is implemented in Sec 3.
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data-driven methods are training-free, they predominantly concentrate on supervised learning and data
itself Xu et al. (2021); Wu et al. (2022); Just et al. (2023). Apart from the expensive computational
cost, the limited existing influence-based methods for generative models are model-specific, which
can not adapt to the diverse and evolving trends in generative model development Terashita et al.
(2021); Kong & Chaudhuri (2021). A more detailed related work is discussed in Sec. C of the
appendix.

2 MOTIVATION AND PROBLEM FORMULATION

In this section, we present the background and motivation behind our proposed method GMVALUA-
TOR, which formulates the data valuation for generative models as a similarity-matching problem.

2.1 MOTIVATIONS

Let us denote X = fx1; :::; xnjx � Xg as the training dataset without duplicated data for a
generation task, and n is regarded as the size of the dataset. Denote the generated dataset as
X̂ = fx̂1; :::; x̂mg by a well trained generative model G∗ (e.g., Generative Adversarial Network
(GAN), Variational Auto-encoder (VAE), Diffusion Model) on X .

The core of these generative models is an intractable probability distribution learning process to
train a generator G, that maps each z sampled from the noise distribution Z to a generated sample
x̂ in estimated distribution by maximizing the likelihood pX (x) �

R
pG(xjz)pZ(z)dz. This can

be achieved by minimizing the distance d(�; �) (i.e., , Wasserstein Distance) between the estimated
distribution and training data distribution:

G∗ = arg min
G

d(Gz∼Z(z));X ): (1)

Therefore, the data generated by an optimal generator, which closely approximates the training
distribution, can be considered as drawing from a subdistribution of X .

2.1.1 THEORETICAL JUSTIFICATION

Let T � X denote the K contributors found by a data valuator (e.g., GMVALUATOR) for X̂ , and S is
a subset of the training dataset X . We focus on the data type with describable attributes (e.g., image
data with semantic attributes). We first provide definitions of data and contributors.

Definition 2.1 (Data with Describable Attributes.) We assume an image can be characterized by
V attributes, and there is a labeling function f mapping S, T and X̂ to the same attribute space
A = f0; 1gV .

Definition 2.2 (Contributors in Generative Models.) Let S∗ denotes the real Kcontributors, defined
as follows:

S∗ = arg min
S⊂X

d(X(X̂|A);X(G(S)|A)); (2)

where jS∗j = K and K is a reasonable number for generative model training. X(X̂|A) is the data

distribution of generated data X̂ on attributes A 2 A, and X(G(S)|A) is the distribution of data with
attribute A that are generated by the optimal generator trained by contributors S. According to the
objective of generative models and Eq. equation 2, we have X(X̂|A) � X(G(S�)|A). We follow Just
et al. (2023) on assumptions and lemmas that will be used to obtain the theorem.

Assumption 2.3 Assume that the function f is ��Lipschitz and the loss function L : f0; 1gV �
[0; 1]V ! R+ is k-Lipschitz in both inputs and attributes. We have labeling functions that are all
bounded by V as kfk � V .

Then, we introduce the error bound between T and S∗.

Theorem 2.4 (Bounded Attributes Classification Error on S∗ to T .) Let f
0

S� : �! A = f0; 1gV be
the model trained on the optimal contributor dataset S∗. Following Assumption 2.3, if the contributors
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are corresponding to the given generated data X̂ , we have:

Ex∼µT

h
L
�
f(x); f

0

S�(x)
�i
� Ex∼µS�

h
L
�
f(x); f

0

S�(x)
�i

�k� �
h
dW (X(T |f);X(X̂|f))+dW (X(S�|f);X(X̂|f))

i (3)

As shown in the Theorem 2.4, given the optimal contributor S∗, dW
�
X(S�|f);X(X̂|f)

�
is a deter-

ministic term that approaching zero. Then, approximate S∗ can be achieved by reducing the distance
term dW

�
X(T |f);X(X̂|f)

�
. Please see Sec. M in the appendix for the proof.

2.1.2 EMPERICAL VALIDATION

Figure 1: Data distribution for Xv1,Xv2

and X̂ for CIFAR-10, and Xv1,Xv2 are
both airplane dataset.

According to theoretical justification, the generated data
should show more similarity to the data samples used for
training. In this context, we examine the value of training
data being more valuable compared to data that is not used
for training, despite originating from a similar distribution.
We support this by partitioning a class of CIFAR-10 (the
class is plane here) into two non-overlapped subsets, de-
noted asXv1 andXv2.3 Next, we keepXv1 as non-training
data and use Xv2 as training data to train a BigGAN Brock
et al. (2018) and generate dataset X̂ . If our assumption
holds, the generated data will be more similar to the train-
ing data Xv2. As presented in the T-SNE Van der Maaten
& Hinton (2008) plot (Figure 1), the generated data demon-
strate a more substantial overlap in the shared feature space with the training dataset Xv2 than the
non-training ones Xv1.4 This observation motivates us to address the data valuation for the generative
model from a similarity-matching perspective.

2.2 PROBLEM FORMULATION AND CHALLENGES

The primary objective of our research is to tackle the issue of data valuation in generative models
using black-box access. In essence, given a fixed set of data samples X̂ with a size of m generated
from the well-trained deep generative model G∗, our aim is to determine the value �i(xi; X̂; G∗)
associated with each data point xi 2 X for i 2 [n] in the deduplicated training dataset, which
contributes to the generated dataset. We denote the value for training data xi as �i in the rest of the
paper for simplicity.

Following the motivation stated in Sec. 2.1, �i should be a function of the distance between the data
points. We denote the distance between training data xi and generated data x̂j as dij , for i 2 [n] and
j 2 [m].

Definition 2.5 (Primary Contribution Score.) The contribution score of xi to x̂j is denoted as
V(xi; x̂j) / d−1

ij , which is inversely proportional to distance since maximizing the log-likelihood of a
generative model is equivalent to minimizing the dissimilarity of real and generated data distribution.
To link the dissimilarity �dij to likelihood, we choose exp(�dij) to likelihood

V(xi; x̂j) =
exp (�dij)P
i exp (�dij)

: (4)

Therefore, an intuitive definition for the value of data sample xi can be written as below.

3In practice, we perform T-SNE first to randomly split the non-overlapped samples from the embedding
space.

4Quantitative statistical testing is provided in Appendix.
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Figure 2:Overview of GMVALUATOR, a uni�ed and training-free data valuation approach for any generative
models. GMVALUATOR contains three important modules –(1) Ef�cient Similarity Matching (ESM), (2)
Image Quality Assessment, and (3)Value Calculation. Each generated datâx j is matched with training data
through ESM approach, resulting in the distances with its topk contributors. The normalized contribution score
from training samplex i to x̂ j , de�ned asexp(� dij )=

P k
i exp(� dij ), is adjusted based on the quality of the

associated generated samplesqj . We compute the data value� i of each training samplex i by summing its
contributions to the generated samples, where it ranks among the topk contributors.

De�nition 2.6 (Data Value.) The contribution of each training data pointx i 2 S� for the generation
of datasetX̂ equals to the sum of its contributions to each generated data pointx̂ i in X̂ .

� i =
mX

j =1

V(x i ; x̂ j ); x i 2 X; x̂ j 2 S� : (5)

The high-value data will achieve a smaller distance to the target distributions, thus, a better approx-
imation. Therefore, data valuation in the above problem formulation contains two steps:Step 1,
calculating all of the score valueV(x i ; x̂ j ); Step 2, mapping the contribution from training data to
generative data based on the scoresV.

However, there are several open questions and challenges in performing the above two steps for
calculating Eq. equation 5:
Challenge 1: Ef�ciency. In step 1, consideringn training samples andm generated samples, where
O(C) represents the complexity of the selected pair-wise distance calculation, the total complexity
of this step amounts toO(mnC ). In practical scenarios with large training datasets (e.g.,n > 10K ),
the computation cost becomes prohibitively expensive. Additionally, �tting such a large collection of
high-dimensional data for distance calculation can pose signi�cant challenges in system memory.
Challenge 2: Contribution plausibility.To ensure that a training data point contributes more if it
is similar to high-quality generated data and less if it is similar to low-quality generated data, the
contribution scores should be adjusted based on the quality of the generated data.
Challenge 3: Non-zero scores. In practical scenarios, the distance between training data and the least
similar generated data is not in�nite, which may result in false non-zero contribution scores. With a
large dataset size, the accumulation of these noisy scores yields biased data valuation.

In light of this, we present a novel and ef�cient data valuation approach suitable for agnostic generative
models, termed as GMVALUATOR as elaborated in Section 3.

3 THE PROPOSEDDATA VALUATION METHODS

The crucial idea behindGMVALUATOR is to transform the data valuation problem into a similarity-
matching problem between generated and training data. The overview ofGMVALUATOR is presented
in Figure 2. To tacklechallenge 1, we propose to employ ef�cient similarity matching (ESM), where
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each generated data point can be linked to multiple contributors from the training dataset (Section 3.1).
Each generated data �rstly is linked with topk contributors via recall phase and then re-ranked by a
re�ned similarity for effectiveness. After that, the image quality of the generated sample is assessed
to weigh the valuation (Sec. 3.2). Finally, the value computation function combines both the quality
score and the image-space similarity score to measure the value of the training data (Sec. 3.3).

3.1 EFFICIENT SIMILARITY MATCHING

Considering the complexity of calculatingV(x i ; x̂ j ), we formulate it as an ESM problem between
generative data and training data. Each generated data sample is matched to several training data sam-
ples based on their similarity. We denotePj = f x1; x2; :::; xk g = f (X; x̂ j ) as the subset of training
data that contains thek � n most similar data samples. Here,f represents the similarity-matching
strategy, encompassing therecall andre-rankingphases, which will be introduced subsequently.

Recall Phase:The main aim of therecall phase is to rapidly identify a subset of training samples that
are similar to a generated sample. To achieve this, an initial step involves encoding all original training
images and generated samples from the image spaceRC to a lower-dimensional embedding space
RD using an pre-trained encoderf e (such as CLIP Radford et al. (2021)) to reduce computational
complexity. Subsequently, the technique ofProduct Quantization(PQ) Jegou et al. (2010) is
employed to further decrease the computational burden. Speci�cally, PQ divides embedding vectors
into subvectors and independently quantizes each subvector throughQ-means clustering. This
process generates compact PQ codes that serve as representations of the original vectors. This
representation signi�cantly reduces the vector sizes, allowing for ef�cient estimation of Euclidean
Distance between two samples. By incorporating therecall method into the similarity matching
process, the computational complexity is lowered fromO(mnC ) to O(mQD ), whereD � C and
Q � n. Consequently, generated images can quickly identify their top-k most similar training data
samples.

Re-Ranking Phase:Following the PQ-based ef�cient recall process in GMVALUATOR, we further
improve the precision of the results by utilizing perceptual similarity Fu et al. (2023) for precision
ranking. Once we have extracted perceptual features from the topk recalled training samples, we
proceed to calculate the distance for each pair of items. To obtain precise distance measurements
based on their perceptual content, we propose to use Learned Perceptual Image Patch Similarity
(LPIPS) Zhang et al. (2018) or DreamSim Fu et al. (2023) as the distance measurementd to gain
insights into the perceptual dissimilarity between the generated sample and different training samples.
These metrics enable us to precisely measure the most signi�cant contributors according to their
perceived similarity, more importantly, the obtained distanced will be employed to compute data
valuation in Eq. equation 6. We do not use Wasserstein distance as it is more proper to measure
dissimilarity between two probability distributions rather than a pair of image instances with semantic
characteristics.

3.2 IMAGE QUALITY ASSESSMENT

To tacklechallenge 2, we have to establish a connection between the quality of the generated sample
that the training samples contribute to and the contribution score. This is necessary before assigning
contribution scores to the ranked training samples for the generated sample. For low-quality generated
sampleŝx low , we expect their total contribution score from contributors to be lower compared to
high-quality sampleŝxhigh , namely

P
i 2 [k ] V(x i ; x̂ low ) <

P
i 2 [k ] V(x i ; x̂high ). This motivation

arises from the observations in Figure 3, where the �rst and second rows show generated samples
usingz from a normal distribution and uniform distribution, respectively. The values denoted in
Figure 3 directly employs Eq equation 4, so we have

P
x i 2P V(x i ; x̂) = 1 for 8x̂ 2 X̂ . The real

samples are noticeably dissimilar to the generated data, yet they are still assigned a high value.

Therefore, we propose to calibrate the contribution scores with the generated data quality. Speci�cally,
we obtain a comprehensive quality scoreqj 2 [0; 1] for each generated image integrated using
MANIQA Yang et al. (2022) model into our evaluation process. A higherqj indicates better
data quality. This score of MANIQA considers various factors such as sharpness, color accuracy,
composition, and overall visual appeal. We also provide the necessity of this calibration in the
appendix I. Incorporating the image quality evaluation provided by MANIQA allows us to more
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