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Abstract
Attributing model behavior to training data is an
evolving research field. A common benchmark is
data removal, which involves eliminating data in-
stances with either low or high values, then assess-
ing a model’s performance trained on the modified
dataset. Many existing studies leverage Shapley-
based data values for this task. In this paper, we
demonstrate that these data values are not opti-
mally suited for pruning low-value data when only
a limited amount of data remains. To address
this limitation, we introduce the Constraint-Data-
Value-Maximization (CDVM) approach, which ef-
fectively utilizes data attributions for pruning in
low-data scenarios. By casting pruning as a con-
strained optimization that both maximizes total in-
fluence and penalizes excessive per-test contribu-
tions, CDVM delivers robust performance when
only a small fraction of the data is retained. On
the OpenDataVal benchmark, CDVM shows strong
performance and competitive runtime.

1 Introduction
Machine learning models, especially large language models,
have an insatiable demand for data, while the availability of
data is stagnating. By attributing the influence of training
data on model performance, the required amount of data can
be reduced, thereby saving energy and improving model qual-
ity. Early works in this direction, such as influence functions
[Koh and Liang, 2017], aim to gain insights into model be-
havior by attributing the influence of individual training in-
stances on test instances, thereby serving as a method for ex-
plainable AI. Conversely, methods like data Shapley [Ghor-
bani and Zou, 2019] have been used to assess the influence
of single training instances on model performance, referring
to this as data value, and applying this understanding for data
removal. Typically, these approaches rely on Shapley-based
approximations to compute the value of each data instance.

Sorscher et al. [2022] benchmark methods for pruning data
on ImageNet, showing that novel algorithms for data pruning

∗An extended version with proofs, ablations, and additional im-
plementation details is available at http://arxiv.org/abs/2605.11312.

can improve scaling laws, thus reducing the resource costs
associated with modern deep learning.

The motivation for our work is that current data-pruning
methods based on Shapley or Banzhaf values suffer from
inherent limitations that prevent them from fully exploiting
pruning potential. For Data Shapley in particular, this is
aligned with Wang et al. [2024], who show that it need not
outperform random selection unless the utility function satis-
fies structural assumptions. We first analyze these shortcom-
ings and then leverage our insights to design a new pruning
algorithm. Our method formulates pruning as an optimization
over a data attribution matrix and is evaluated on the Open-
DataVal benchmark [Jiang et al., 2023], achieving strong
performance while remaining computationally competitive
against state-of-the-art techniques including those identified
by Sorscher et al. [2022]. Our findings show that there is
still substantial room to improve data pruning, which in turn
can lower training costs and reduce energy consumption. Our
main contributions are:

• We demonstrate that Shapley and Banzhaf-based attribu-
tions allocate smaller marginal contributions to instances
in larger data clusters. This imbalance causes large clus-
ters to be pruned too early, producing unbalanced re-
moval patterns and suboptimal pruning performance.

• We show that optimal retention sets are budget-specific:
the subset that maximizes accuracy for one retention
budget need not fully contain the subset optimized for
another budget.

• Based on these insights, we introduce Constraint-Data-
Value-Maximization (CDVM), a novel algorithm that
treats data pruning as an optimization problem over a
data attribution matrix.

• We benchmark CDVM on six datasets from Open-
DataVal, showing strong performance.

2 Background, Motivation, and Related Work

We begin with a concise overview of data valuation, then ex-
amine pruning and other evaluation benchmarks, outline their
limitations, and finally introduce two concepts that motivate
our method.
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2.1 Data Valuation and Relationship to Pruning
Data valuation assesses the overall impact of individual train-
ing instances on the model performance, effectively answer-
ing the question, ”How much did a training instance con-
tribute to the model’s performance?” The value assigned to
each training instance i is represented as a scalar. Conse-
quently, the valuation scores for a dataset are expressed as a
vector v ∈ Rn, where n is the number of training instances.

Estimating Data Values
We now introduce the basic notation and the main estimation
methods for data values used in this paper. For a comprehen-
sive survey, see Hammoudeh and Lowd [2024] and Sim et
al. [2022].

• D = {(xi, yi)}ni=1 is a labeled dataset with inputs xi,
labels yi and di = (xi, yi).

• fD is the model trained on the dataset D.

• θD are the corresponding model parameters.

• fD∪{dj} denotes a model trained on the union of D and
the data instance dj = (xj , yj).

• U represents a utility function, such as accuracy in a
classification setting.

Leave-One-Out The simplest approach to estimating the
influence of a training instance is the leave-one-out (LOO)
method, which involves excluding a particular data instance
during training and comparing the model performance or
test predictions with and without this instance. This method
can be approximated by influence functions [Koh and Liang,
2017] without the need for re-training. The main limitation
is that the effect of omitting a single data instance can of-
ten be obscured by the remaining data and the inherent noise
in the training process [K and Søgaard, 2021]. As a result,
many data instances may appear to have a negligible value.
Empirical evidence also suggests that LOO is not effective
for benchmarks in data valuation [Jiang et al., 2023]. For-
mally, the LOO value of data instance di can be expressed as
V (di) = U(fD)− U(fD\{di}).

Semi-value-based Estimates Semi-value-based tech-
niques quantify the importance of a training instance di by
its marginal contribution over all subsets S ⊆ D \ {di}.
For data valuation, three variations were proposed; orig-
inal Shapley value [Ghorbani and Zou, 2019], Banzhaf
[Wang and Jia, 2022], and Beta Shapley [Kwon and Zou,
2022]. Technically, all these methods differ only by the
weighting of each subset w(S) and can be expressed as
V (di) =

∑
S⊆D\{di} w(S)

[
U(fS)− U(fS∪{di})

]
.

These methods generally outperform the LOO estimate in
practice. However, their main drawback is their exponential
computational complexity. To mitigate this, Monte Carlo or
other sampling-based techniques are often used to approx-
imate data values. Notably, data Banzhaf [Wang and Jia,
2022] has proved to be computationally efficient due to the
Maximum Sample Reuse (MSR) principle. The data value is
approximated by sampling subsets S ⊂ D of the training
data with probability p and training a model on each subset.
This process is repeated multiple times, and the data value of

data instance di is computed as the performance difference
between subsets where di is included versus where it is not.
Out-of-Bag and Memorization Estimates The concept of
memorization has been introduced in recent studies, wherein
a training instance i is considered ”rare” if its exclusion from
the training set significantly reduces the probability that i
is correctly classified by the same model [Feldman, 2020b;
Paul et al., 2021]. A related method used in data valuation is
the out-of-bag estimate, known as DataOob, where the signif-
icance of training instances is assessed using out-of-bag sam-
ples [Kwon and Zou, 2023]. In each iteration, the training set
is split into in-bag and out-of-bag groups, a model is trained
on the in-bag samples, and predictions are made on the out-
of-bag samples. The value of a data instance is then deter-
mined based on its memorization score during these out-of-
bag assessments. Although these techniques are not suited for
data attribution (as no test set is involved), they have proven
effective in data pruning tasks, even on ImageNet [Sorscher
et al., 2022].

Data Pruning and other Benchmarks for Data Valuation
Data-valuation methods are commonly evaluated on three
tasks:

1. Noise Detection: Identify and remove corrupted or mis-
labeled examples, which tend to carry large negative
value due to their disruptive effect on training [Jiang et
al., 2023].

2. Domain Transfer: Select a subset of source–domain
data that maximizes accuracy on a target–domain test set
(e.g., choosing MNIST digits to improve performance
on street-number datasets) [Ghorbani and Zou, 2019].

3. Data Removal: Measure how model accuracy changes
when portions of the training set are removed in order of
increasing or decreasing value. Removing high-value in-
stances first should cause a steep accuracy drop, whereas
pruning low-value instances should have minimal im-
pact.

In this work, we focus on data removal, since it directly
addresses the practical goal of reducing dataset size without
sacrificing performance. This is particularly relevant when
models must be trained repeatedly under compute or storage
constraints. From here on, we use data pruning to mean the
removal of low-value points. In the literature, authors differ
in whether they report results for removing low-value data
(pruning) or for removing high-value data first. For instance,
the original Data Shapley study [Ghorbani and Zou, 2019]
presents low-value pruning curves, while the OpenDataVal
framework [Jiang et al., 2023] emphasizes high-value re-
moval. We are not aware of any formal discussion explain-
ing this discrepancy. Empirically, memorization-based or
out-of-bag-based methods tend to excel at low-value prun-
ing, whereas Shapley-based techniques often show stronger
effects when high-value data is removed first.

Limitations of Data Values for Data Pruning
After reviewing the main approaches to data valuation, we
now highlight their shortcomings in the context of data prun-
ing, using a simple clustered setting that we also analyze the-
oretically in the extended version. Consider the dataset in
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Figure 1: (a) Baseline synthetic dataset comprising 8 points from 4 clusters. (b) Illustrates the changed decision boundary after removing an
entire cluster. In each scenario, the decision boundary undergoes significant alterations. (c) Displays the Shapley data value. (d) Test accuracy
as we iteratively remove instances (x-axis: removal step 1–8; y-axis: accuracy). In the optimal (green) removal order, clusters are pruned as
c1, c1, c2, c3, c2, c1, c3, c4, whereas the Shapley-based (black) order is c1, c1, c1, c2, c2, c1, c3, c4 and ci belongs to the i-th cluster.

Figure 1(a): the training set is partitioned into four Gaussian
clusters

D = C1 ∪ C2 ∪ C3 ∪ C4, Cr ∩ Cs = ∅ for r ̸= s,

where points in cluster Ck are sampled from a Gaussian dis-
tribution N (µk, σ

2I). Let nk = |Ck| denote the size of
cluster Ck; in this example, n1 = 3, n2 = 2, n3 = 2, and
n4 = 1. The black line shows the decision boundary learned
by a multi-layer perceptron trained on the full dataset.

The test set is partitioned analogously as

T = T1 ∪ T2 ∪ T3 ∪ T4, |Tk| = mk

so that Tk contains the test points associated with cluster Ck

(these test points are not shown in the figure).
In this dataset, removing an entire training cluster Ck

causes all corresponding points in the test cluster Tk to be
misclassified (Figure 1(b)). Hence each cluster Ck con-
tributes a utility uk > 0 if and only if at least one of its points
is present in the training subset. The extended version pro-
vides further details on this construction.
1. LOO has Redundancy Bias and Attributes Non-zero
Value Only to Unique Data We begin with the observa-
tion that LOO attributions reward only non-redundant sam-
ples. In Figure 1 (a), only the singleton instance in C4 re-
ceives a nonzero value u4 > 0, since its removal introduces
a change in the decision boundary (Figure 1 (b)), causing a
test error at the respective cluster center. All other instances
receive a value of zero due to their redundancy and can there-
fore be pruned in any order.
2. Shapley and Banzhaf Exhibit Cluster-Size Bias and
Cause Imbalanced Pruning In this model, Data Shapley
and Data Banzhaf values share a cluster’s total utility among
all its members: a point in Ck receives Shapley value uk/nk

(Figure 1 (c)) and Banzhaf value uk/2
nk−1 (see the extended

version for the formal derivation).
If all clusters share the same utility uk = u (e.g., when test

clusters Tk are of equal size or when performance is mea-
sured via balanced accuracy over clusters), then both Data
Shapley and Data Banzhaf assign smaller values to points in
larger clusters (extended version), so these points are pruned
first. On the synthetic dataset, this leads to initially harm-
less removal of redundant points from majority clusters, but

once the last representative of a cluster is removed, perfor-
mance drops sharply, in contrast to the optimal strategy that
keeps one representative per cluster for as long as possible
(Figure 1(d)). Moreover, in this clustered model we can show
that, when train and test sets are equally distributed over clus-
ters (i.e., the test set contains mk instances from cluster Ck

with mk ∝ nk), Shapley data values collapse to a constant:
every training instance receives the same Shapley value, re-
gardless of its cluster membership; see the extended version
for the formal derivation.

This effect can also be observed on real data. In the left
plot of Figure 2, we compare DataBanzhaf against random
pruning on CIFAR-10, using either 1,000 or 10,000 models
to estimate data values. Both DataBanzhaf variants outper-
form random removal up to about 50% pruning. Beyond that
point, the 10,000-model variant plunges significantly below
the random baseline, whereas the 1,000-model variant con-
tinues to slightly outperform random pruning, even though
the larger ensemble should yield more accurate attributions.
3. Pruning Subsets are Budget Specific Finally, we ob-
serve that optimal retention sets at different pruning levels
are not nested: the subset that maximizes accuracy for one
budget s may exclude instances that are essential for another
budget s′ ̸= s. In Figure 2 (center), we use our own method
to identify the best subsets for retaining 5%, 10% and 15%
of the data. We then perform sequential pruning of the re-
maining instances, always keeping the preselected subset in-
tact and plot test accuracy versus fraction removed. Each ac-
curacy curve peaks exactly at its target retention level (dots),
and even a slight deviation from that budget causes a dra-
matic collapse in performance. A similar pattern appears
for Memorization/DataOob (Figure 2, right): removing the
highest-value instances first (solid blue curve) initially im-
proves performance before it plummets, whereas retaining
those same instances until the very end yields almost state-
of-the-art final accuracy. This mirrors the finding of Sorscher
et al. [2022], namely that the examples most dispensable in
data-rich regimes are precisely those that must be kept when
data become scarce.

In summary, these observations highlight the need for a
pruning strategy that (i) tracks influence at the level of indi-
vidual test samples and (ii) can flexibly re-optimize for each
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pruning budget. To that end, we now review two key build-
ing blocks of our approach: data attribution and influence-
function–guided pruning.

2.2 Other Related Work
Core-set methods select small subsets that preserve the geom-
etry or distribution of the full dataset [Feldman, 2020a; Jiang
et al., 2025]. Recent work combines importance scores with
redundancy penalties in discrete optimization formulations
[Tan et al., 2025], conceptually related to our CDVM objec-
tive. In parallel, Most Influential Subset Selection (MISS)
studies subset-level influence and its failure modes [Hu et al.,
2024], and several pruning methods leverage training dynam-
ics such as example difficulty or uncertainty [Cho et al., 2025;
He et al., 2023]. We view CDVM as complementary to
these lines, focusing on attribution-based pruning in low-data
regimes.

2.3 Preliminaries: Data Attribution &
Influence-Function Pruning

We now introduce two core concepts underlying our method:
data attribution and influence-function–guided pruning.

Data Attribution
Data attribution is conceptually related to data valuation, but
traces the influence of individual train instances down to spe-
cific test samples. The influence of training data on test pre-
dictions is quantified using the attribution matrix T ∈ Rn×m,
where n is the number of train instances and m the number of
test instances. A high value of Ti,j indicates that the train in-
stance i significantly impacts the prediction for test instance
j. The connection between both is that data values can be
estimated by averaging over the columns (test instances) of
T, formulated as vi = 1

m

∑m
k=1 Ti,k. This per–test–sample

breakdown provides a fine-grained view of dataset contribu-
tions, which we leverage directly in our method. Several
methodologies have been developed to estimate this influ-
ence, with influence functions being one of the pioneering
approaches [Koh and Liang, 2017]. TRAK has emerged as
a scalable method for data attribution across large datasets
[Park et al., 2023].

Influence-Function–Guided Pruning
Yang et al. [2023] cast data pruning as a discrete optimiza-
tion problem over binary removal variables, with the goal
of minimizing overall parameter change. Let r ∈ {0, 1}n
be the indicator vector specifying which of the n training
samples are removed. The parameter change from remov-
ing a single instance di is given by the influence function
I(di) = θD\di

− θD ≈ 1
n H−1

θ ∇θL(di; θD) , where Hθ is
the Hessian of the total training loss at θD. For a subset of
removed instances, these influences simply add up. Define
the matrix Z =

[
I(d1), . . . , I(dn)

]
, so that the total param-

eter change caused by the selected removals is Z r. They then
solve

min
r∈{0,1}n

∥∥Z r
∥∥
2

s.t.
n∑

i=1

ri = B ,

where B denotes the removal budget. Although this method
achieves strong empirical performance and inspired our ap-

proach, it has two major drawbacks. First, it requires (approx-
imate) Hessian inversion for every training instance, which is
computationally expensive. Second, because it relies on in-
fluence functions, essentially approximating leave-one-out, it
inherits LOO’s limitations (see Sec. 2.1).

3 Size-Constraint Data-Value-Maximization
Building on the limitations identified in Section 2.1, we now
introduce a method that derives data values specifically op-
timized for pruning. There, we observed that Shapley-based
data values can fail because they tend to remove entire clus-
ters first. To overcome this, we leverage the attribution matrix

T ∈ Rn×m,

which describes the influence of each of the n training sam-
ples on each of the m test samples. A naive way to derive
pruning scores from T is to average over its columns, but
this approach suffers (among other issues) from the cluster-
removal limitation noted above. Instead, T provides fine-
grained, per-test influence values that do not suffer from re-
dundancy bias. We leverage this to ensure balanced coverage:
at each pruning step, no test sample (and thus no implicit clus-
ter) should have zero total influence. To formalize this, let

w ∈ {0, 1}n

be the binary indicator vector selecting exactly S out of the n
training instances to retain. The induced utility vector for the
m test samples is

v = T⊤w ∈ Rm , vj =

n∑
i=1

Tij wi .

A naive pruning objective would be

max
w

m∑
j=1

vj s.t.
n∑

i=1

wi = S, wi ∈ {0, 1}.

This objective maximizes total influence but can still concen-
trate all value on a few test instances. To ensure balanced cov-
erage, we introduce nonnegative slack variables tj that caps
any excess above a threshold κ. In other words, any amount
max{vj −κ, 0} is transferred into tj and subtracted from the
objective. We call the resulting formulation Constraint Data-
Value Maximization (CDVM):

max
w,t

α
m∑
j=1

vj − (1− α)
m∑
j=1

tj ,

s.t. v = T⊤w ,
n∑

i=1

wi = S ,

tj ≥ 0 , j = 1, . . . ,m ,

tj ≥ vj − κ , j = 1, . . . ,m ,

wi ∈ {0, 1} , i = 1, . . . , n .

This formulation directly remedies the shortcomings iden-
tified in Section 2.1 by (1) maximizing each test sample’s to-
tal influence via T, thereby avoiding redundancy bias; (2)
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Figure 2: All plots show test accuracy as a function of the fraction of training data removed. Left: CIFAR-10 results for DataBanzhaf pruning.
We estimate Banzhaf values with 1,000 models (solid blue) and 10,000 models (dashed blue), and compare against random removal (solid
red). Both Banzhaf variants outperform random up to 50% pruning, but counterintuitively the 10,000-model variant degrades faster than the
1,000-model version. Center: An extreme example of non-nested pruning subsets. Each curve is optimized for exactly 85%, 90%, or 95%
removal (i.e., 15%, 10%, 5% retention). Accuracy peaks precisely at the target rate (dots), and removing more or less data causes a steep
collapse. Right: Memorization/DataOob pruning. The dashed blue curve removes lowest-value instances first; the solid blue curve removes
highest-value instances first; and the red curve is random removal. Surprisingly, the very instances whose early removal boosts accuracy
(and outperforms random) when data is abundant, must be retained until the end under high removal budgets to again outperform the random
baseline.

penalizing any excess above κ, thereby discouraging concen-
tration of influence on a small number of test samples; and (3)
enforcing a fixed subset size S to identify the optimal subset
for the given budget. Furthermore, because all constraints
are linear and some decision variables are integer-valued, the
problem can be formulated as a mixed-integer linear program.

In the clustered setting from before, the analysis in the ex-
tended version shows that, under the corresponding parame-
ter setting, CDVM preserves at least one representative per
cluster whenever S ≥ K.

3.1 Implementation Details
In our final setup, we relax wi ∈ {0, 1} to wi ∈ [0, 1] and
retain the top-S entries of w after solving the linear pro-
gram. This improves tractability without observable loss;
about 10% of entries of w are fractional overall (roughly 6–
23% by dataset), with smaller fractions at smaller retention
sizes. The algorithm takes as input the attribution matrix T
and two hyperparameters:

• α ∈ [0, 1]: trade-off between total utility and penalty for
exceeding κ,

• κ: soft upper bound on the influence per test sample.
Computing T is the main computational bottleneck, since

it requires retraining models on sampled subsets, an expense
shared by all semi-value-based methods. Consequently, any
parameter used to estimate T effectively becomes a hyper-
parameter. Here, we follow the Maximum Sample Reuse
(MSR) principle of Wang and Jia [2022]:

1. Sample T subsets St ⊆ D by including each training
instance with probability p.

2. Train a model on each St and record the performance
(or indicator of correct classification) on each validation
instance.

3. Estimate Tij as the average difference in that perfor-
mance for validation instance j when di is in versus out
of St.

The entries Tij ∈ [−1, 1] are easily interpretable: −1 means
“always causes a mistake” and +1 means “always ensures
correct prediction.” Moreover, T is sparse, most training
instances have zero or negligible influence on most valida-
tion instances, which significantly accelerates subsequent op-
timization.

Once T is computed, we solve the relaxed CDVM problem
using the Disciplined Parametrized Programming framework.
This formulation enables caching, so we can quickly resolve
the program after it has been solved once. This efficiency
allows a lightweight grid search over the two hyperparameters
α and κ. We then run the optimization independently for each
retained fraction (e.g., 30%, 25%).

4 Experimental Results
We evaluate CDVM on the six datasets from the OpenDataVal
benchmark [Jiang et al., 2023]. The attribution matrix T is
computed on the training–validation split and used to prune
training instances. Final performance is then assessed on the
held-out test set. Each experiment is run with 25 seeds, and
we report the average test accuracy at retention levels from
5% to 30% in steps of 5%. We focus on low retention levels
because differences are small at high retention and become
pronounced only once important instances start to be pruned.
We compare against the following baselines:

• Random removal of training samples.

• DataOob/memorization showing strong performance
in [Kwon and Zou, 2023; Sorscher et al., 2022].

• DataBanzhaf [Wang and Jia, 2022], a semi-value–based
method grounded in the MSR principle, which we also
employ.

• Influence Optimization (Yang et al. [2023]). We en-
countered some stability issues with the original code:
e.g. optimizing for a 10% final subset occasionally per-
formed better when using the budget for 5%. To avoid
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Figure 3: Accuracy on 30%, 25%, 20%, 15%, 10%, and 5% of remaining training data for six datasets in the OpenDataVal benchmark [Jiang
et al., 2023]. We utilized a sampling probability of p = 0.03 for computing the attribution matrix and automatically optimized parameters
for the CDVM method. Out of 36 configurations, CDVM achieved state-of-the-art performance in 28 setups.

underestimating this baseline, at each pruning level we
compare against the best accuracy achieved by this
method over any budget. We also relaxed the constraint
ri ∈ {0, 1} to a continuous one ri ∈ [0, 1], since the
original mixed-integer-programming formulation often
failed to converge. Consequently, these results should be
viewed as an upper bound on the method’s performance.

DataBanzhaf serves as a baseline to ensure any perfor-
mance gains stem from our optimization rather than the attri-
bution algorithm. For CDVM, we fix the sampling probability
at p = 0.03 and train T = 5, 000 models (the primary com-
putational bottleneck). In some cases, tuning p or increasing
T manually yields gains; we also report those as dashed line
when they are significant.

Figure 3 summarizes results over the 36 evaluation in-
stances (6 datasets × 6 pruning rates), our default CDVM
configuration (solid blue) outperforms baselines in 24 cases.
Per-dataset tuning (dashed blue) yields some gains and in-
creases the total number of state-of-the-art results to 28. The
extended version provides the full tabular breakdown.

Among all baselines, only Yang et al. [2023] (green dashed
line) outperforms CDVM, mainly on the nomao dataset,
where it edges out CDVM at 5 of the 6 pruning levels. It also
performs competitively on cifar10 but falls short on pol
and adult, despite being evaluated as an upper bound. On
the two text datasets (bbc and imdb), its gains are occasional
and smaller. In contrast, CDVM is the only method that con-
sistently beats random across all six benchmarks, provided
hyperparameters are appropriately tuned (see nomao discus-
sion below). DataOob/memorization remains competitive on
imdb and bbc datasets, but never achieves state-of-the-art.

The nomao dataset exhibits unusual dynamics for CDVM
and Yang et al. [2023]’s methods. With default hyperparame-
ters, CDVM initially underperforms random pruning up to an
85% removal rate. We found that manually tuning to p = 0.1,
κ = 0.2, α = 0.1 restores its advantage. Likewise, Yang et
al. [2023]’s approach attains its best scores on nomao only
when its ranked instances are removed first and the remainder
are kept at random, i.e., by applying its ranking in reverse.
We attribute CDVM’s initial failure mode on this dataset to
the high proportion of near-zero entries in the attribution ma-
trix T. Increasing the sampling probability p seems to im-
prove this, and using a smaller threshold κ prevents CDVM
from assigning too much influence to individual validation
instances when overall attributions are small.

4.1 Ablation Study
Runtime Comparison Figure 4(a) plots each method’s av-
erage runtime against its normalized performance across all
36 settings, where 1 denotes the highest and 0 the lowest ac-
curacy across all methods and budgets (details in the extended
version). CDVM achieves the best speed–accuracy trade-off
by a wide margin; DataOob outperforms Influence Optimiza-
tion in efficiency by delivering consistently strong accuracy
at lower computational cost. Figure 4(b) further shows that
performance improves as the number of times each sample is
observed (p · T ) increases, but increasing T at fixed p yields
more stable gains than enlarging subset sizes at fixed T .
Hyperparameter Sensitivity Although CDVM introduces
two hyperparameters (α and κ), we find them robust across
tasks and can be set without a grid search. We recommend

α = 0.5, κ = max
i,j

Tij + S meani,j(Tij),
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Figure 4: (a) Runtime vs. normalized performance for all benchmarked methods, aggregated over six datasets and six pruning levels. (b)
CDVM performance as a function of how often each sample is seen during training for sampling probability p (cyan) and number of models
trained T (blue). (c) Distribution of the selected slack threshold κ across datasets and retention fractions. (d) Average overlap coefficient

|A∩B|
min(|A|,|B|) between retained sets at different retention levels, aggregated across datasets and seed pairs. Diagonal values increase with
retention size, reflecting greater redundancy at smaller budgets; off-diagonal values exceed diagonal values, indicating that larger retained
subsets largely contain the smaller ones.

which adapts κ automatically to the dataset and the retention
budget S. The intuition behind this choice is that the effec-
tive budget per validation instance should scale with the size
of the retained subset: on average, a training example con-
tributes |S| times the mean attribution value. To ensure that
highly influential instances are not overly penalized, we addi-
tionally add the maximum attribution value. Figure 4(c) con-
firms this empirically: the κ values selected by grid search
increase consistently with the retention size S.

In Figure 4(a) we compare CDVM(5k) with grid-searched
hyperparameters against CDVM(5k, default) using the set-
tings above. The performance difference across all datasets
and budgets is marginal (≤ 0.05 in normalized performance)
while the default configuration incurs zero search overhead,
making it a practical choice for most applications.
Nestedness To better understand nestedness, we compute
the overlap coefficient between retained sets. Figure 4(d)
shows that diagonal values increase with retention size, in-
dicating greater redundancy at smaller budgets. Off the diag-
onal, larger retained subsets largely contain the smaller ones,
showing some nestedness across budgets. This suggests a
three-fold structure: instances never selected at any budget,
a pool of generally useful instances shared across budgets,
and budget-specific instances whose value depends on the re-
tention level. Further analysis is provided in the extended
version.

5 Scalability and Computational Cost
By default, each dataset in OpenDataVal is subsampled into
smaller splits. To demonstrate that CDVM extends beyond
these reduced settings, we include in the extended version a
scaling experiment on the Fashion-MNIST dataset (60,000
train, 10,000 test). Thanks to the sparsity of the attribu-
tion matrix T, retaining only 5–10% of its entries yields
solve times of 10–30 minutes, including hyperparameter grid
search, whereas retraining models to estimate T (a cost
shared by all semi-value-based approaches) requires several
hours. All experiments were conducted on a single consumer-
grade workstation without specialized hardware.

Extending CDVM to even larger datasets such as ImageNet
introduces two main bottlenecks: (i) estimating T in terms
of compute and memory, and (ii) solving the linear program
at that scale. For context, prior studies have precomputed
influence or memorization estimates on ImageNet by train-
ing thousands of ResNet-50 models1 demonstrating that such
training is feasible even on ImageNet, although the resulting
attribution matrix is very large (≈ 250GB for train×test). By
thresholding T to keep only its top 10% nonzeros, this can be
reduced to ≈ 25GB.

On the computational side, T could be approximated us-
ing similarity measures between train and validation samples
in feature space, in the spirit of Sorscher et al. [2022]. If
the resulting linear program is still too large, column gen-
eration and warm starts across budgets could further reduce
solve time. We leave these extensions to future work.

6 Summary, Limitations & Outlook
In this work, we introduced Constraint-Data-Value-
Maximization (CDVM), an optimization-based framework
that leverages the data-attribution matrix T to prune low-
value examples in low-data regimes. Across six OpenDataVal
tasks, CDVM achieved strong performance while remaining
computationally competitive.

The main bottleneck of CDVM, and of other approaches
based on semi-values, is the computation and storage of T.
On the computational side, future work could explore more
efficient attribution estimators. On the storage side, exploit-
ing sparsity or low-rank structure in T would substantially re-
duce memory usage and, in turn, speed up optimization. Ad-
ditional gains in optimization time may be possible by solving
the CDVM problem on partitioned submatrices of T rather
than on the full matrix at once.

Finally, because the entries of T are not additive, CDVM
does not explicitly capture higher-order interactions. Incor-
porating Shapley interaction indices [Muschalik et al., 2024]
is an interesting direction to better model these effects.

1https://pluskid.github.io/influence-memorization/
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