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ABSTRACT

World models are central to model-based reinforcement learning, enabling agents
to predict environment dynamics and reason about future outcomes. In real-world
settings, however, training high-fidelity world models is often constrained by lim-
ited, noisy, and heterogeneous interaction data, making data selection a critical
yet under-studied problem. To address this gap, we introduce Action Shapley, a
principled data valuation metric for world model training for reinforcement learn-
ing. Action Shapley quantifies the marginal contribution of individual action–state
trajectories to downstream control performance, enabling systematic selection of
high-value training data. To address the exponential cost of Shapley value compu-
tation, we propose a randomized algorithm that exploits failure modes of learned
world models to identify a cut-off cardinality, significantly reducing computa-
tion while preserving ranking fidelity. We evaluate Action Shapley across four
real-world, partially observable control domains—including cloud resource man-
agement, database tuning, and Kubernetes workload control—using model-based
RL agents. Across all domains, Action Shapley–based data selection improves
data efficiency by up to 67% and often outperforms training on the full dataset in
cumulative reward.

1 INTRODUCTION

World models predict environment dynamics for model-based reinforcement learning (RL), enabling
planning, simulation, and policy optimization (Sutton & Barto, 2018). Recent work has focused
on improving architectures, latent representations, and training objectives, including hierarchical
dynamics (Gumbsch et al., 2023), multimodal latent models (Maytié et al., 2025), masked generative
priors (Meo et al., 2024), generalization analysis (Fang et al., 2024), and dynamics decomposition.
In contrast, comparatively little work has focused on which interaction data should be used to train
world models. This data selection problem is a critical problem for real-world RL comparison to
simulation-based RL.

Prior work on world models has shown that training predictive environment dynamics under sur-
rogate objectives such as maximum likelihood makes learned models sensitive to redundant, noisy,
or weakly informative transitions, as prediction errors can compound during multi-step rollout and
planning (Ha & Schmidhuber, 2018; Hafner et al., 2019). Consequently, indiscriminate use of all
collected interaction data can degrade model fidelity and increase sample complexity, highlighting
data selection as a central design concern in scalable world model training rather than a mere im-
plementation detail. In real-world settings, however, interaction data is expensive, noisy, and often
collected under nonstationary and partially observable conditions, which has been repeatedly identi-
fied as a key challenge for practical reinforcement learning (Dulac-Arnold et al., 2019; Levine et al.,
2020; Agarwal et al., 2020). We address the gap of training data selection for world model learning
by introducing Action Shapley, a data valuation framework for reinforcement learning that assigns
a value to each training action based on its marginal contribution to downstream agent performance.

We formalize the training dataset as a cooperative game in which individual action trajectories con-
tribute to the cumulative reward achieved by an agent trained on the resulting world model, yielding

1



Published as a conference paper at ICLR 2024

a principled criterion for ranking and selecting data by contribution rather than availability. Action
Shapley is inspired by the Shapley value (Shapley, 1953b;a), which has been widely applied to data
valuation in supervised learning (Ghorbani & Zou, 2019a) and model interpretability (Lundberg &
Lee, 2017), as well as more recent work on Shapley-based credit assignment and contribution anal-
ysis in sequential and multi-agent decision-making settings (Li et al., 2021a; Chen et al., 2022).
Extending this formulation to reinforcement learning introduces additional challenges due to non-
i.i.d. data, feedback-driven data generation, and instability arising from the deadly triad of function
approximation, bootstrapping, and off-policy learning (Sutton & Barto, 2018), which are further
exacerbated in modern world-model-based RL systems that rely on learned latent dynamics and
imagination-based rollouts (Hafner et al., 2020).

We evaluate Action Shapley on four real-world control problems drawn from cloud system man-
agement—virtual machine right-sizing (Derdus et al., 2019), load balancing (Mishra et al., 2020),
database tuning (Bangare et al., 2016), and Kubernetes management (Rzadca et al., 2020)—which
are representative of practical RL deployment settings (Yazdanov & Fetzer, 2013; Xu et al., 2019;
Wang et al., 2021; Khaleq & Ra, 2021) where world models must be learned from limited and het-
erogeneous interaction data. Such settings are increasingly emphasized in recent work on real-world
and systems-oriented reinforcement learning (Dulac-Arnold et al., 2019; Levine et al., 2020), where
data sparsity (Kamthe & Deisenroth, 2018), noisy system dynamics (Dulac-Arnold et al., 2019), par-
tial observability (Futoma et al., 2020), and irregular sampling (Yildiz et al., 2021) pose persistent
challenges to reliable world model training and evaluation. Our contributions are threefold:

• We introduce Action Shapley, a Shapley-value–based data valuation metric for training world
models in reinforcement learning, which quantifies the marginal contribution of individual training
actions to downstream control performance.

• We propose an efficient randomized algorithm for computing Action Shapley that exploits world
model failure modes to identify a cut-off cardinality, substantially reducing the computational cost
of Shapley-based data valuation in practice.

• We empirically evaluate Action Shapley on four real-world, data-constrained control domains,
demonstrating that principled data selection can reduce required training data by 20–67% while
often improving downstream agent performance relative to training on all available data.

2 METHODOLOGY

In Reinforcement Learning (RL), an agent interacts sequentially with an environment to maximize
cumulative reward, inducing trajectories τ = ⟨s0, a0, r1, s1, a1, r2, . . .⟩. Under the Markov Decision
Process (MDP) assumption, each interaction is governed by a transition-reward distribution p(st, rt |
st−1, at−1). Model-based RL methods approximate this distribution using a training corpus D of
transition tuples (st−1, at−1, st, rt). Since reward stochasticity is often low relative to transition
dynamics, we model them jointly, treating each transition as an atomic training unit. To quantify the
utility of these units, we introduce Action Shapley.

We define Action Shapley to measure the marginal contribution of each data point k ∈ D to an
agent’s performance. Contributions are quantified via a utility function U , defined here as the cu-
mulative reward achieved by the agent—an implicit function of the RL algorithm A. We assume
ϕ satisfies the standard Shapley axioms: nullity, symmetry, and linearity. Under these axioms, the
Action Shapley value for a data point k is given by:

ϕk = Cf

∑
d⊆D\{k}

U(d ∪ {k})− U(d)(
n−1
|d|

) (1)

where D = {k1, . . . , kn} is a multiset of n transitions and Cf is a normalization constant. The
denominator weights the marginal contribution by the subset cardinality, allowing Action Shapley
to account for data redundancy and subsume leave-one-out (LOO) valuation. If an agent fails to
achieve its objective on a subset d, we set U(d) = null. Computing Eq. 1 exactly isO(2n), which is
computationally prohibitive for large datasets.
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We observe that a viable world model requires a threshold number of data points to succeed. To
mitigate exponential complexity, we propose an algorithm (Algorithm 1) that leverages the con-
cept of cut-off cardinality (θ). Algorithm 1 utilizes a top-down accumulator pattern, performing a
breadth-first traversal of the power set tree starting from the full dataset D.

The algorithm iterates through cardinalities in descending order. Within each cardinality, it checks
for agent failure count error bound (ϵ). If failures reach a user-defined threshold ϵ, the algorithm ter-
minates, setting the cut-off cardinality θk to the current level plus one. This early stopping identifies
indispensable data points—those without which the agent consistently fails.

The computational effort Pcomp of Algorithm 1 relative to exhaustive search is governed by the
global cut-off cardinality θkmax :

Pcomp = 1− 2θkmax

2n
(2)

Algorithm 1 Action Shapley Computation (ASC) for Training Action k

Require: Dataset D, action k, RL algorithm A, utility U , error bound ϵ, constant Cf

Ensure: Action Shapley ϕk, cut-off cardinality θk
1: flag ← 0, i← n− 1, sum← 0, θk ← 1
2: while i > 1 do
3: mem← 0
4: for all d ∈ Di \ {k} do
5: if U(d ∪ {k}) = null or U(d) = null then
6: mem← mem+ 1
7: if mem = ϵ then
8: θk ← i+ 1, f lag ← 1
9: break

10: end if
11: else
12: sum← sum+ Cf

U(d∪{k})−U(d)

(n−1
|d| )

13: end if
14: end for
15: if flag = 1 then
16: break
17: else
18: i← i− 1
19: end if
20: end while
21: return ϕk = sum, θk

While Algorithm 1 provides an efficient mechanism for identifying indispensable training actions
via cut-off cardinality, its early stopping criterion introduces bias and does not, in general, yield an
unbiased estimate of the Action Shapley value. To address this limitation, Algorithm 2 offers an
unbiased Monte Carlo estimator by uniformly sampling subsets across cardinalities, at the cost of
increased computation. We therefore combine the two approaches into a hybrid procedure: Algo-
rithm 1 is first used to identify a cut-off cardinality θk, capturing the minimum subset size required
for non-null utility when training action k is included, after which Algorithm 2 estimates the Action
Shapley value via unbiased Monte Carlo sampling restricted to subset cardinalities i ≥ θk. This
hybrid approach reduces computational cost by focusing estimation on regions of the power set
where contributions are empirically significant, while retaining the interpretability of cut-off–based
pruning and the statistical guarantees of unbiased Shapley estimation under mild assumptions.

3 EXPERIMENTS

We investigated the effectiveness of Action Shapley with four case studies. For case studies con-
cerning VM right-sizing and load balancing, AWS EC2 instances have been deployed, incorporating
the Stress tool to facilitate dynamic workload simulations. In the context of the database tuning case
study, we have employed a Nutanix AHV-based virtualized infrastructure, utilizing the HammerDB

3



Published as a conference paper at ICLR 2024

Algorithm 2 Unbiased Action Shapley Estimation

Require: D where |D| = n, k ∈ D, A, U(·;A), M is sample budget per cardinality
Ensure: Unbiased estimate ϕ̂k

1: ϕ̂k ← 0
2: for i = 0 to n− 1 do
3: for m = 1 to M do
4: Sample d ⊆ D \ {k} uniformly such that |d| = i
5: if U(d ∪ {k}) ̸= null and U(d) ̸= null then
6: ϕ̂k ← ϕ̂k +

Cf

M ·
U(d∪{k})−U(d)

(n−1
i )

7: end if
8: end for
9: end for

10: return ϕ̂k

tool for dynamic SQL load simulation. The case study focusing on Kubernetes management entails
the utilization of a Nutanix Kubernetes (K8s) engine cluster, with cassandra-stress employed for
workload simulations. In each case study, the training dataset is comprised of a collection of time
series corresponding to different configurations, referred to as actions. These time series are mea-
sured over a 24-hour period at a 1-minute sampling rate. It is important to note that, across all case
studies, the error bound (ϵ) is consistently fixed at 1. Further elaboration on the specifics of data
collection is available in Appendix.

Action Shapley is agnostic to the specific instantiations of the RL algorithm and the environment
model algorithm. For the environment model, we use a radial basis function (RBF) network (He
et al., 2019), along with principal component analysis (PCA)-based pre-training (Genovese et al.,
2019), for the (stateprev, actionprev) → (statecur, rewardcur) mapping. We choose two RL
algorithms: SAC-PID (Yu et al., 2022) and PPO-PID (Shuprajhaa et al., 2022). Equation 3 shows
the policy update recurrence (e = threshold − aggregated state statistic), the time step ((δt)), and
learning parameters, [kp, ki, kd].

ai = ai−1 + [kp ki kd] ·
[
e (δt)e e

δt

]
(3)

For the VM right-sizing case study, we have five different data points: ⟨a1 : (2, 2), a2 : (2, 4), a3 :
(2, 8), a4 : (4, 16), a5 : (8, 32)⟩. Each pair represents (vCPU count,Memory Size). The training
dataset consists of five time series of CPU usage, each with 1440 data points. While p50 is used for
the aggregated state statistic, the goal of the RL agent is to bring the p50 CPU usage below 90%.
The starting action for the RL loop is (6, 14). The error bound, ϵ, is set to 1.

For the load balancing case study, we have five different data points: ⟨w1 : (8, 16), w2 : (8, 12), w3 :
(8, 2), w4 : (1, 2), w5 : (1, 16)⟩. Each pair represents (# of CPU workers, # of memory workers).
The training dataset consists of five time series of CPU usage, each with 1440 data points. While
p5 is used for the aggregated state statistic, the goal of the RL agent is to bring the p5 CPU usage
below 70%. The starting action for the RL loop is (5, 10). The error bound, ϵ, is set to 1.

For the database tuning case study, we have six different data points: ⟨p1 : (1, 1), p2 : (4, 4), p3 :
(6, 3), p4 : (8, 4), p5 : (8, 8), p6 : (10, 10)⟩. Each pair represents (vCPU count,Memory Size). The
training dataset consists of six time series of CPU usage, each with 1440 data points. While p90 is
used for the aggregated state statistic, the goal of the RL agent is to bring the p90 CPU usage below
25%. The starting action for the RL loop is (5, 2). The error bound, ϵ, is set to 1.

In the Kubernetes Management case study, we employ 15 different data points ⟨r1 : (1 ×
106, 10), r2 : (1 × 106, 25), r3 : (1 × 106, 50), r4 : (1 × 106, 75), r5 : (1 × 106, 100), r6 :
(2 × 106, 10), r7 : (2 × 106, 25), r8 : (2 × 106, 50), r9 : (2 × 106, 75), r10 : (2 × 106, 100), r11 :
(3 × 106, 10), r12 : (3 × 106, 25), r13 : (3 × 106, 50), r14 : (3 × 106, 75), r15 : (3 × 106, 100)⟩.
Each training configuration is denoted by a pair representing the tuple (write rate, thread count). The
training dataset encompasses 15 time series data sets, each comprising 1440 data points, measuring
response latency. The aggregated state statistic is determined by the p99.9 metric, and the primary
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Table 1: Action Shapley for
VM right-sizing case study.
a3, a4, a5 are indispensable

actions.

AS AS
SAC-PID PPO-PID

a1 -3.96 -3.90
a2 -1.84 -1.81
a3 ind. ind.
a4 ind. ind.
a5 ind. ind.

Table 2: Action Shapley for
load balancing case study

AS AS
SAC-PID PPO-PID

w1 0.57 0.57
w2 1.02 1.10
w3 8.31 8.27
w4 3.61 3.61
w5 5.55 5.51

Table 3: Action Shapley for
database tuning case study.
p1 is indispensable action.

AS AS
SAC-PID PPO-PID

p1 Ind. ind.
p2 1.11 1.12
p3 3.42 3.37
p4 1.75 1.72
p5 0.19 0.21
p6 -0.23 -0.22

objective of the RL agent is to reduce the p99.9 latency to below 100ms. The RL loop commences
with an initial action of (2.9× 106, 95). The error bound, ϵ, is set to 1.

In each of the aforementioned case studies, the primary objective for the RL agent is to attain a
pre-assigned threshold for a state statistic. To achieve this, we formulate the reward function for the
RL agent as: (threshold − aggregated state statistic(t)) if threshold < aggregated state statistic(t).
This reward function is designed to prompt the agent to efficiently meet the specified threshold.

4 RESULTS

4.1 ACTION SHAPLEY VALUES FOR TRAINING DATA

Table 1 displays the two Action Shapley (AS) values corresponding to two RL algorithms SAC-
PID and PPO-PID, and five distinct training data points, denoted as ⟨a1, a2, a3, a4, a5⟩, within the
VM right-sizing case study. Notably, it was identified that the training data points a3, a4, and
a5 are indispensable. a2 exhibits the highest Action Shapley values, specifically -1.84 and -1.81,
respectively for SAC-PID and PPO-PID. The global cut-off cardinality, denoted as θ, is set at 4,
resulting in Pcomp = 50% as defined by Equation 2. It is noteworthy that both SAC-PID and
PPO-PID demonstrate congruent Action Shapley values and identical cut-off cardinality values.

Table 4: Action Shapley for K8s
management case study.

AS AS
SAC-PID PPO-PID

r1 -0.7 0.68
r2 0.53 0.54
r3 0.61 0.62
r4 -0.13 -0.12
r5 0.12 0.11
r6 -0.7 -0.7
r7 -0.24 -0.25
r8 0.65 0.65
r9 0.42 0.42
r10 0.08 0.07
r11 -1.16 -1.17
r12 -0.25 -0.24
r13 0.77 0.77
r14 -0.31 -0.31
r15 0.019 0.019

Table 2 displays the two Action Shapley (AS) values
corresponding to two RL algorithms SAC-PID and PPO-
PID, and five distinct training data points, denoted as
⟨w1, w2, w3, w4, w5⟩, within the load balancing case study.
w3 exhibits the highest Action Shapley values, specifically
8.31 and 8.27, respectively for SAC-PID and PPO-PID. The
global cut-off cardinality, denoted as θ, is set at 3, resulting in
Pcomp = 50% as defined by Equation 2. It is noteworthy that
both SAC-PID and PPO-PID demonstrate congruent Action
Shapley values and identical cut-off cardinality values.

Table 3 displays the two Action Shapley (AS) values
corresponding to two RL algorithms SAC-PID and PPO-
PID, and six distinct training data points, denoted as
⟨p1, p2, p3, p4, p5, p6⟩, within the database tuning case study.
Notably, it was observed that the training data point p1 is
deemed indispensable, whereas the remaining five training
data points are considered dispensable. p3 exhibits the high-
est Action Shapley values, specifically 3.42 and 3.37, respec-
tively for SAC-PID and PPO-PID. The global cut-off cardi-
nality, denoted as θ, is set at 4, resulting in Pcomp = 75% as
defined by Equation 2. It is noteworthy that both SAC-PID
and PPO-PID demonstrate congruent Action Shapley values
and identical cut-off cardinality values.

Table 4 displays the two Action Shapley (AS) values corresponding to two RL al-
gorithms SAC-PID and PPO-PID, and 15 distinct training data points, denoted as
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Table 5: This table summarizes the number of training data points and related parameters for four
different case studies.

VM Load Database K8s
Case Study Right-Sizing Balancing Tuning Management

No of Training Data Points 5 5 6 15
Cut-off Cardinality 4 3 4 5
No of Indispensable Data Points 3 0 1 0
No of Data Points to be Chosen 1 3 3 5
No of Possible Data Points 2 5 5 15

⟨r1, r2, r3, r4, r5, r6, r7, r8, r9, r10, r11, r12, r13, r14, r15⟩, within the K8s case study. Notably, r13
exhibits the highest Action Shapley values, specifically 0.77 for both SAC-PID and PPO-PID. The
global cut-off cardinality, denoted as θ, is set at 5, resulting in Pcomp = 99.9% as defined by Equa-
tion 2. It is noteworthy that both SAC-PID and PPO-PID demonstrate congruent Action Shapley
values and identical cut-off cardinality values.

4.2 VALIDATION OF ACTION SHAPLEY BASED TRAINING DATA SELECTION POLICY

Figure 1: This plot compares the cumulative reward
scores for the best Action Shapley vs the worst Action
Shapley agents for the VM right-sizing case study.

In the preceding sections of this paper, we
introduced a training data selection policy,
which can be succinctly summarized as fol-
lows: the optimal training dataset should in-
clude the maximum number of training data
points, up to the predefined global cut-off
cardinality, with the highest average Action
Shapley value. The selection process is fur-
ther refined when indispensable data points
are considered. For instance, Table 5 pro-
vides a demonstration in the context of the
VM right-sizing case study. In this scenario,
where we need to choose a single data point
from 2 dispensable data points, there are

(
2
1

)
= 2 available options. In both the load balancing and

database tuning cases, the task involves selecting 3 data points out of 5 dispensable data points, re-
sulting in

(
5
3

)
= 10 potential choices for these specific case studies. Lastly, in the K8s management

case study, where the selection involves 5 data points out of 15 dispensable data points, there are(
15
5

)
= 3, 003 possible choices.

Figure 2: Action Shapley (AS) for the load balancing
case study. (a) Comparison of cumulative rewards.
(b) Fractions of agents based on 4 random training
datasets with lower cumulative rewards than that of
the best Action Shapley agent for 25 episodes.

Our empirical validation process involv-
ing four case studies consists of two steps.
Firstly, we assess whether the best Action
Shapley agent, generated from the training
set with the highest average Action Shap-
ley value and an element count matching the
cut-off cardinality, achieves a higher cumu-
lative reward compared to the worst Action
Shapley agent. The worst Action Shapley
agent is derived from the training set with
the lowest average Action Shapley value
and the same number of elements as the
cut-off cardinality. Subsequently, we in-
vestigate whether the best Action Shapley
agent consistently outperforms the majority
of other agents. To answer this question,
we conduct a series of 25 episodes, each in-
volving multiple random selections. Each
random selection is characterized by a training action set size equivalent to the cut-off cardinality.
In light of the comparable Action Shapley values generated by both SAC-PID and SAC-PPO, we
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choose to utilize SAC-PID-based Action Shapley values in this section for the sake of convenience
and without sacrificing generality.

For the VM right-sizing case study, our options for training action sets are limited to two. Con-
sequently, our validation process is distilled into a comparative analysis between the best Action
Shapley agent and the worst Action Shapley agent. Illustrated in Figure 1, the cumulative reward
score for the superior Action Shapley agent registers at−21.9, while that for the inferior counterpart
is recorded at −30.4. This discernible discrepancy in cumulative rewards substantiates the efficacy
of the proposed training action selection policy.

In the context of the load balancing case study, a judicious selection of three training actions from a
pool of five is imperative. The cumulative rewards, as depicted in Figure 2(a), elucidate a noteworthy
performance disparity between the best and worst Action Shapley agents, with respective scores of
−8.49 and −23.2. Notably, the optimal Action Shapley agent exhibits comparable efficacy to the
highest achiever among randomly chosen sets across 25 episodes. Figure 2(b) further presents the
proportion of randomly assembled training action sets resulting in agents with cumulative rewards
surpassing that of the premier Action Shapley agent. The discernible trend reveals a mere 5 out
of 100 randomly derived agents outperforming the optimal Action Shapley agent. Consequently, a
confident assertion can be made that this case study effectively validates the viability of our chosen
training action selection policy.

Figure 3: Validation of Action Shapley based se-
lection policy for database tuning. (a) Comparisons
of cumulative rewards among the best Action Shap-
ley agent, the worst Action Shapley agent, and the
best of 4 random training action sets for 25 different
episodes. (b) Fractions of agents based on 4 random
training datasets with lower cumulative rewards than
that of the best Action Shapley agent for 25 episodes.

For the tuning case study, we faced the task
of selecting four training datasets out of a
pool of six. As depicted in Figure 3(a), the
cumulative reward for the best Action Shap-
ley agent, standing at −2.42, surpasses that
of the worst Action Shapley agent, which is
−21. Additionally, the figure illustrates that
the performance of the best Action Shapley
agent is comparable to the top-performing
agent derived from four randomly selected
training action sets across each of the 25
episodes. Figure 3(b) presents the fraction
of randomly chosen training action sets that
yield an agent with a cumulative reward
lower than that of the best Action Shap-
ley agent. While 31 out of 100 random
selections perform better than the best Ac-
tion Shapley agent, it’s crucial to note that
this difference is marginal, as evidenced by
the top subplot comparing the best Action
Shapley performance with the top perform-
ers in each of the 25 episodes. Conse-
quently, we assert that this case study serves as a validation of our training action selection policy.

In our K8s management case study, we had a pool of 3,003 options for selecting the training ac-
tion set. Figure 4(a) displays the cumulative reward, indicating that the best Action Shapley agent
achieved a score of −499, surpassing the worst Action Shapley agent, which scored −621. Fur-
thermore, it demonstrates that the best Action Shapley agent’s performance is on par with the top-
performing agent from 30 randomly selected sets across each of the 25 episodes. Figure 4(b) presents
the proportions of random training action sets resulting in an agent with a cumulative reward lower
than that of the best Action Shapley agent. Notably, in this figure, it’s observed that 125 out of
625 random selections outperform the best Action Shapley agent in terms of cumulative reward.
However, it is crucial to highlight that despite this, the top performers from these random selections
exhibit performance levels comparable to the best Action Shapley agent.

4.3 COMPARISON TO BASELINE RESULTS

All conducted case studies consistently validate the effectiveness of the proposed Action Shapley-
based training data selection policy and computation algorithm. However, it is imperative to assess
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the efficacy of Action Shapley by benchmarking it against a baseline study that assumes the utiliza-
tion of all available training data points for training the environment model. Specifically, in the VM
right-sizing case study, the baseline study incorporates 5 training data points instead of the specified
cutoff cardinality of 4. In the load balancing case study, the baseline study utilizes 5 training data
points, deviating from the specified cutoff cardinality of 3. Similarly, in the database tuning case
study, the baseline study integrates 6 training data points rather than the stipulated cutoff cardinal-
ity of 4. Lastly, in the K8s management case study, the baseline study employs 15 training data
points, exceeding the defined cutoff cardinality of 5. In summary, the proposed Shapley analytics
consistently lead to substantial reductions in the number of required training data points, ranging
between 20% and 67%. The second evaluative dimension considers the cumulative reward attained
by both the baseline agent and the optimal Action Shapley agent. Notably, in three of the four
case studies (VM right-sizing, load balancing, and K8s management), the optimal Action Shapley
agent demonstrates a significant performance advantage over the baseline agent. Specifically, for
VM right-sizing, the values are -37.7 compared to -21.9; for load balancing, -9.1 compared to -8.49;
and for K8s management, -561.4 compared to -499. In these instances, the optimal Action Shapley
agent consistently outperforms the baseline agent by a substantial margin, ranging from 7% to 42%.
However, in the database tuning case study, a marginal 3.9% superiority in cumulative reward is
observed for the baseline agent.

5 RELATED WORK

Figure 4: Validation of Action Shapley based selec-
tion policy for K8s management. (a) Comparisons
of cumulative rewards among the best Action Shap-
ley agent, the worst Action Shapley agent, and the
best of 30 random training action sets for 25 different
episodes. (b) Fractions of agents based on 30 random
training datasets with lower cumulative rewards than
that of the best Action Shapley agent for 25 episodes.

The Shapley value, originating in cooper-
ative game theory, provides a principled
solution for fairly distributing total reward
among contributors and has been widely ap-
plied across economics, voting, resource al-
location, and bargaining problems (Shap-
ley, 1953b; Roth, 1988). In machine learn-
ing, Shapley-inspired methods have be-
come foundational for data valuation (Ghor-
bani & Zou, 2019a), feature attribution
(Lundberg & Lee, 2017), and model ex-
planation (Sundararajan & Najmi, 2020).
These model explanation techniques fall
under additive feature attribution methods,
which also include LIME (Ribeiro et al.,
2016), DeepLIFT (Shrikumar et al., 2016),
and layer-wise relevance propagation (Bach
et al., 2015). Recent work surveys both the-
oretical foundations and scalable approxi-
mations for Shapley computation, includ-
ing deterministic and stochastic estimators
(Qin et al., 2025), as well as efficient prox-
ies such as DU-Shapley (Garrido-Lucero et al., 2024) and threshold-based estimators (Wang et al.,
2023).

In the context of reinforcement learning, training data selection and sample efficiency remain sig-
nificant challenges due to the deadly triad of bootstrapping, function approximation, and off-policy
learning (Sutton & Barto, 2018). Prior work has approached sample efficiency, robustness, and ex-
ploration from diverse perspectives such as hindsight experience conditioning (Harutyunyan et al.,
2019), return decomposition (Arjona-Medina et al., 2019), adaptive sampling and optimal sample
selection (Rachelson et al., 2011), active learning for RL (Li et al., 2011), and statistical sample com-
plexity bounds (Gheshlaghi Azar et al., 2013; Jin et al., 2018). While these efforts improve learning
performance or theoretical guarantees, they do not provide a unified, valuation-based framework for
selecting training transitions — particularly for model learning in world models.

Shapley values have also been studied for credit assignment and interpretation in RL. Recent work
proposes scalable methods for computing Shapley explanations in reinforcement learning that han-
dle temporal dependencies and off-policy data (Beechey & Özgür Şimşek, 2025), and cooperative
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variants have been explored in multi-agent settings (Li et al., 2021b). However, these efforts focus
on interpretability or attributions over policies and agents, not on data selection for environment
model training.

In general machine learning, data valuation has seen rapid recent growth. Meta-learning approaches
that jointly optimize data values and predictors have been proposed (Yoon et al., 2019). Exten-
sions such as distributional Shapley values (Ghorbani & Zou, 2019b) and asymmetric Shapley val-
ues (Zheng et al., 2025) aim to capture structural and temporal dependencies in modern learning
pipelines. Moreover, scalable data valuation methods based on gradients, influence functions, and
surrogate utility approximations have been explored for large datasets (Koh & Liang, 2017; Pruthi
et al., 2020).

Despite these advances, there is a lack of dedicated studies on applying Shapley-based data valuation
specifically for reinforcement learning world model training. Technical challenges include the com-
binatorial complexity of Shapley computation, dynamic and temporally dependent data, data drift
during environment interactions, and high training costs for model-based RL. Action Shapley ad-
dresses this gap by defining a principled value for each transition and proposing scalable estimation
algorithms that balance bias, computational cost, and interpretability. Compared to classic tech-
niques such as leave-one-out (LOO) valuation (Cook & Weisberg, 1982), Shapley-based approaches
better account for redundancy and interaction effects among transitions.

6 CONCLUSION

In this work, we introduced Action Shapley, a principled data valuation framework for reinforcement
learning that assigns credit at the level of individual training transitions. By framing each transition
as an atomic training action and grounding valuation in Shapley axioms, Action Shapley provides
a theoretically sound mechanism for quantifying the contribution of data to RL agent performance,
with particular relevance to world model training.

We showed that naive computation of Action Shapley is intractable, and proposed two complemen-
tary algorithms: a fast, top-down cut-off–based heuristic that identifies indispensable data points and
a Monte Carlo estimator that provides unbiased Shapley estimates. By combining these approaches,
we obtain a practical hybrid method that balances computational efficiency, interpretability, and cor-
rectness. The notion of cut-off cardinality emerges as a key concept, capturing the minimum data
mass required for successful environment modeling and enabling principled data selection under
resource constraints.

Through empirical evaluation, we demonstrated that Action Shapley can effectively identify high-
value transitions, reduce redundant data, and guide the construction of compact yet performant train-
ing datasets. These results suggest that data-centric perspectives, when coupled with cooperative
game–theoretic foundations, offer a powerful lens for understanding and improving reinforcement
learning systems.

While Action Shapley provides a principled and practical framework for data valuation in world
model development for model-based RL, its computation remains nontrivial at scale. Although
the proposed hybrid algorithm substantially reduces cost, further gains may be achieved through
adaptive sampling, variance-aware allocation of Monte Carlo budgets across subset cardinalities,
and confidence-bound–driven early stopping, particularly in large-scale or online settings.
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A APPENDIX

A.1 NOTATION

s Environment state

a Agent action

r Reward received by an agent

D Training data set

A RL algorithm

U Evaluation function for resulting RL agent

ϕk Action Shapley for a training data point k

Cf Arbitrary constant for Action Shapley computation

n Number of data points in a data set D
ϵ Error bound

mem Local variabel for failure memoization

θk Cut-off cardinality

θkmax Global cut-off cardinality

kp Proportional parameter in PID

ki Integral parameter in PID

kd Differential parameter in PID(
n

r

)
n choose r

|d| Number of elements in a set, {d}
e the difference between threshold and aggregated state

statistic

δt the time step size in reinforce learning loop

A.2 DATA COLLECTION FOR THE VM RIGHT-SIZING CASE STUDY

VM right-sizing entails a decision problem that recognizes minimum possible VM size without com-
promising a pre-assigned performance threshold. In this case study, we use CPU utilization as the
state variable. The training action is represented by a pair of (# of CPU cores,memory size (GB)).
The five training actions used are: {a1 : (2, 2), a2 : (2, 4), a3 : (2, 8), a4 : (4, 16), a5 : (8, 32)}.
Figure 5(a) shows training action samples and corresponding aggregated state statistics (i.e., 50-th
percentile as mentioned in Table 6). The environment runs a rectangular workload, simulated using
stress library. The simulated rectangular workload has a time period of 600 s: a high-stress, peak
phase of 500 s is followed by a sleep phase of 100 s. The peak of the workload uses the stress
command: {sudo stress –io 4 –vm 2 –vm-bytes 1024M –timeout 500s}. Essentially, the peak is
running 4 I/O stressors and 2 VM workers spinning on malloc with 1024 MB per worker for 500
s. This workload runs for 24 hr. with a 1 minute sampling interval. Overall, five time series data
for CPU utilization together represent the state space. The goal of the RL agent is to choose the
most cost-efficient configuration to bring down the aggregated state statistic below a pre-assigned
threshold of 90% without violating constraints. Until the goal is satisfied, the RL agent is penalized
in every time step by the deviation of the aggregated state statistic from its set point. As shown in
Table 6, two other parameters are: Initial Action = (6, 14) and ϵ = 1.
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A.3 DATA COLLECTION FOR THE LOAD BALANCING CASE STUDY

Load balancing deals with a decision problem that recognizes how to distribute traffic/loads to dif-
ferent servers. For this, it is important to estimate the dynamic capacity of a VM. In this case
study, we use CPU utilization as the state variable. The action space is represented by a pair of
(# of CPU workers, # of memory workers). The five training actions used are: {w1 : (8, 16), w2 :
(8, 12), w3 : (8, 2), w4 : (1, 2), w5 : (1, 16)}. Figure 5(b) shows training action samples and corre-
sponding aggregated state statistics (i.e., 5-th percentile as mentioned in Table 6). The environment
for this case study is an AWS t3a.medium EC2 VMs with 2 vCPUs, 4GB RAM. Each training work-
load has a time period of 600 seconds: a high-stress, peak phase of 500 seconds is followed by an
inactive sleep phase of 100 seconds. Here are five different training workloads during high-stress
phases: {stress –cpu 8 –io 4 –vm 16 –vm-bytes 1024M –timeout 500s}, {stress –cpu 8 –io 4 –vm
12 –vm-bytes 1024M –timeout 500s},{stress –cpu 8 –io 4 –vm 2 –vm-bytes 1024M –timeout 500s},
{stress –cpu 1 –io 4 –vm 2 –vm-bytes 1024M –timeout 500s}, and {stress –cpu 1 –io 4 –vm 16
–vm-bytes 1024M –timeout 500s}. The only differences among these workloads are the number of
cpu workers and the number of memory workers.Each of these workloads is run for 3 hours with
5-minute sampling interval. Overall, the state space consists of five time series for CPU utilization
metrics. The goal of the RL agent is to choose the highest possible workload intensity by packing
more CPU and memory workers without violating a pre-assigned performance goal of keeping the
5-th percentile of CPU utilization below 70%. Until the goal is satisfied, the RL agent is penalized
in every time step by the deviation of the aggregated state statistic from its set point. As shown in
Table 6, two other parameters are: Initial Action = (5, 10) and ϵ = 1.

A.4 DATA COLLECTION FOR THE DATABASE TUNING CASE STUDY

Two critical SQL database tuning parameters are the number of server CPU cores and server mem-
ory size (GB). The tuning of these parameters requires painstaking trial and error which can be
replaced with RL for precision and efficiency. In this case study, we use CPU utilization as the state
variable. The action space is represented by a pair of (# of CPU cores,memory size (GB)).The six
training actions used are: {p1 : (1, 1), p2 : (4, 4), p3 : (6, 3), p4 : (8, 4), p5 : (8, 8), p6 : (10, 10)}.
Figure 5(c) shows training action samples and corresponding aggregated state statistics (i.e., 90-th
percentile as mentioned in Table 6). The goal of the RL agent is to bring the aggregated state statis-
tics below 25%. Against each training action, a SQL workload is simulated using HammerDB. The
corresponding server utilization data is collected for a duration of 172 minutes at a sampling interval
of 30 seconds. The workload is triggered by a HammerDB-hosted Tcl code which simulates two
SQL warehouse building processes by two SQL virtual workers. Overall, we have six time series
data against each database server configurations as the state space. Until the goal is satisfied, the
RL agent is penalized in every time step by the deviation of the aggregated state statistic from its set
point. As shown in Table 6, two other parameters are: Initial Action = (5, 2) and ϵ = 1.

A.5 DATA COLLECTION FOR THE KUBERNETES MANAGEMENT CASE STUDY

Kubernetes management often deals with a decision problem that recognizes the optimal workload
parameters for a given Kubernetes cluster to maintain certain service level agreement criteria. For
the given case study, we use Cassandra database workload with the thread count and lines written
as the parameters. The goal of the RL agent is to maintain the p99.9 latency below a pre-assigned
threshold of 100 milliseconds. The initial action points are 2.9 × 106 for written line count and
95 for thread count. For training, we use 15 different pairs spanned by three written line counts:
{1×106, 2×106, 3×106} and five thread counts of {10, 25, 50, 75, 100}. Figure 5(d) shows training
action samples and corresponding aggregated state statistics (i.e., 99.9-th percentile as mentioned in
Table 6). We set ϵ = 1.

A.6 VALIDATION OF TRAINING ACTION SELECTION POLICY

We have proposed an optimal training action selection policy: the best possible training action set
includes as many training actions as the global cut-off cardinality with the highest possible Action
Shapley values. On the other hand, the worst possible training action set includes as many training
actions as the global cut-off cardinality with the lowest possible Action Shapley values. We validate
this policy for four different case studies.
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Table 6: Salient details of three different case studies

Case Study VM Right-Sizing Load Balancing Database Tuning K8s Management

State p50 CPU usage p5 CPU usage p90 CPU usage p99.9 latency
Threshold ≤ 90% ≤ 70% ≤ 25% ≤ 100ms
Initial Action (6, 14) (5, 10) (5, 2) (2.9× 106, 95)
ϵ 1 1 1 1

A.6.1 VALIDATION OF TRAINING ACTION SELECTION POLICY FOR THE VM RIGHT-SIZING
CASE STUDY

Based on the Action Shapley computation, we determine that the cut-off cardinality is equal to
4 with 5 total number of training actions. It indicates Pcomp = 50%. With a3, a4, a5 being the
indispensable actions, ⟨a2, a3, a4, a5⟩ has the highest possible mean Action Shapley value. On the
other hand, ⟨a1, a3, a4, a5⟩ has the lowest possible mean Action Shapley value. As we hypothesize,
the former action set produced an RL agent with higher cumulative award of −21.9 vs −37.75.
The former has a lower convergence time too: 13 vs 16. In comparison to the baseline RL agent
(cumulative reward of −30.4 and convergence time of 21), both best and worst agents performs
better.

A.6.2 VALIDATION OF TRAINING ACTION SELECTION POLICY FOR THE LOAD BALANCING
CASE STUDY

Based on the Action Shapley computation, we determine the cut-off cardinality is equal to 3 with
5 totral number of training actions, indicating that Pcomp = 75%. ⟨w3, w4, w5⟩ has the highest
possible mean Action Shapley value. On the other hand, ⟨w1, w2, w4⟩ has the lowest possible mean
Action Shapley value. As we hypothesize, the former action set produced an RL agent with a higher
cumulative award of −8.49 vs −23.2. The former has a lower convergence time too: 10 vs 29. In
comparison to the baseline RL agent (cumulative reward of −9.1 and convergence time of 12), only
the best agent performs better.

A.6.3 VALIDATION OF TRAINING ACTION SELECTION POLICY FOR THE DATABASE
TUNING CASE STUDY

Based on the Action Shapley computation, we determine the cut-off cardinality is equal to 4 from 6
total actions. This indicates Pcomp = 75%. With p1 being the indispensable actions, ⟨p1, p2, p3, p4⟩
has the highest possible mean Action Shapley value. On the other hand, ⟨p1, p2, p5, p6⟩ has the
lowest possible mean Action Shapley value. As we hypothesize, the former action set produced an
RL agent with a higher cumulative award of−2.42 vs−21. The former has a lower convergence time
too: 7 vs 16. In comparison to the baseline RL agent (cumulative reward of −2.33 and convergence
time of 6), both the best and worst agent agents performs poorly. In fact, the baseline agent performs
marginally better than the best agent chosen by the Action Shapley policy.

A.6.4 VALIDATION OF TRAINING ACTION SELECTION POLICY FOR THE KUBERNETES
MANAGEMENT CASE STUDY

Based on the Action Shapley computation, we determine that the cut-off cardinality is equal to
5 from 15 total actions. This indicates that Pcomp = 99.9%. ⟨r2, r3, r8, r9, r13⟩ has the highest
possible mean Action Shapley value. On the other hand, ⟨r1, r6, r11, r12, r14⟩ has the lowest possible
mean Action Shapley value. As we hypothesized, the former action set produced an RL agent with
a higher cumulative award of −499 vs −621. The former has a higher convergence time too: 89 vs
51. It is counter-intuitive that the former set has a higher converge time despite with a higher mean
Action Shapley value. It could be due to complex system dynamics. In comparison to the baseline
RL agent (cumulative reward of −561.4 and convergence time of 52), only the best agent performs
better.
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Figure 5: Different training actions and corresponding aggregated state statistics for three different
case studies: (a) VM right-sizing case study. (b) Load balancing case study. (c) Database tuning
case study. (d) Kubernetes management case study.

A.7 CUT-OFF CARDINALITY

As we compute Action Shapley values for different training actions, we also compute the corre-
sponding cut-off cardinality values. For each case study, we compute the corresponding global car-
dinality values as shown in Table 7. It shows for all case studies, the cut-off cardinality is lower than
the number of training actions. It means the Action Shapley is more efficiency than the brute-force
computation.
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Figure 6: Action, state, and reward trajectories for the best and the worst RL agents for the VM
right-sizing case study. (a) The best RL agent is produced by training actions with the highest
possible Action Shapley values: ⟨a2, a3, a4, a5⟩ . The resulting cumulative reward is -21.9 and
the convergence time is 13. (b) The worst RL agent is produced by training actions with lowest
possible Action Shapley values: ⟨a1, a3, a4, a5⟩ . The resulting cumulative reward is -30.4 and the
convergence time is 16.
.

Figure 7: Action, state, and reward trajectories for the best and the worst RL agents for the database
tuning case study. (a) The best RL agent is produced by training actions with the highest possible
Action Shapley values: ⟨p1, p2, p3, p4⟩ . The resulting cumulative reward is -2.42 and the conver-
gence time is 7. (b) The worst RL agent is produced by training actions with the lowest possible
Action Shapley values: ⟨p1, p2, p5, p6⟩ . The resulting cumulative reward is -21 and the convergence
time is 16.
.

B TRAINING DATA

B.1 VM RIGHT-SIZING

B.2 LOAD BALANCING

B.3 DATABASE TUNING

C BASELINE RESULTS

The baseline study assumes the environment model for the RL agent is trained by all training actions.
Table 8 shows cumulative rewards and convergence times for four case studies under the baseline
condition. It shows cumulative rewards of -37.75, -9.1, -2.33, -561.4 and convergence times of 21,
12, 6, 52, for four different case studies, respectively.
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Figure 8: Action, state, and reward trajectories for the best and the worst RL agents for the Kuber-
netes management case study. (a) The best RL agent is produced by training actions with the highest
possible Action Shapley values: ⟨r2, r3, r8, r9, r13⟩. The resulting cumulative reward is -499 and
the convergence time is 89. (b) The worst RL is produced by training actions with the lowest possi-
ble Action Shapley values: ⟨r1, r6, r11, r12, r14⟩ . The resulting cumulative reward is -621 and the
convergence time is 51.
.

Table 7: Global cut-off cardinality values and computation efficiency metrics for different case
studies

Case Study Global Cut-off No. of Training Actions Pcomp

VM Right-Sizing 4 5 50%
Load Balacing 3 5 75%
Database Tuning 4 6 75%
kubernetes Management 5 15 99.9%

Figure 9: Training Data for VM Right-Sizing
.
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Figure 10: Training Data for Load Balancing
.

Figure 11: Training Data for Database Tuning
.
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Table 8: Results from the Baseline Study

Case Study Cumulative Reward Convergence Time

VM Right-Sizing -37.75 21
Load Balacing -9.1 12
Database Tuning -2.33 6
kubernetes Management -561.4 52
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