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Abstract

In drug discovery, researchers strategically make sequential decisions to schedule
experiments, aiming to maximize information gain towards identifying potential
drug candidates, while simultaneously minimizing expected costs. However, such
tasks pose significant challenges due to high-dimensional search spaces and com-
plex trade-offs between uncertainty reduction and resource allocation. Traditional
methods, often rely on heuristics or domain expertise, yield sub-optimal outcomes
and result in inefficient resource utilization. To address these challenges, we de-
veloped a data-driven, model-free implicit Bayesian Markov Decision Process
(IB-MDP) algorithm designed to tackle multi-objective optimization problems
under targeted constraints. The algorithm incorporates an ensemble approach to
enhance the robustness of the decision-making process and recommends maximum
likelihood actions that effectively balance the dual objectives of reducing state
uncertainty and optimizing expected costs. We demonstrated the efficacy of the
IB-MDP algorithm within the cost-aware sequential decision-making context of
drug discovery environments, identifying optimal decisions that ensure the efficient
use of resources. This algorithm holds potential as a transformative tool in drug
discovery and other fields requiring sophisticated decision-making under resource
constraints. The code is available at [ttps://github.com/Merck/CEEDesigns.jl|

1 Introduction

In the dynamic field of drug discovery, the optimization of experimental procedures is crucial for
advancing therapeutic interventions while efficiently managing rising costs. This is particularly
vital in preclinical pharmacokinetics and pharmacodynamics (PKPD) studies, where the design and

Preprint. Under review.



sequence of experiments significantly affect the development speed and costs of drug candidates.
Traditional methodologies, which often depend on heuristic or predefined strategies, struggle to adapt
as new data emerges and typically fail to address state, model, and parameter uncertainties effectively.
This leads to suboptimal decision-making and inefficient resource allocation [[1]].

The identification of potential drug candidates requires conducting numerous assays at various stages
of preclinical studies. These candidates usually enter the testing pipeline with incomplete information,
posing substantial challenges given the constraints on time and funding. Optimizing the use of
resources to achieve targeted goals within these limitations is among the most demanding tasks in
creating effective Research Operation Plans (ROP). A principled integration of historical data within
a decision-making framework can significantly enhance the effectiveness and cost-efficiency of these
studies.

This paper addresses a complex multi-objective optimization problem: developing an optimal policy
that minimizes both state uncertainty and the costs of actions under varying levels of uncertainty. Such
a policy would facilitate the execution of a maximum number of assays simultaneously, targeting a
final feature with the least acceptable likelihood. Although various MDP and POMDP frameworks
have been proposed to tackle these challenges, POMDP approaches are typically employed when
a compound’s state is only partially observed. The belief state in a POMDP, represented by b(s),
is the agent’s probability distribution over all possible states, updated according to the observation
O(s',a,0) 3 ¢ s T(s,a,8")b(s)
P(o|b,a)
several components: b(s) as the prior belief, s’ as a potential next state, a as the action taken, and o
as the received observation, with O(s’, a, 0) and T'(s, a, s’) defining the observation and transition
probabilities respectively. However, implementing a Bayesian update in this context demands a
model-based approach that often presupposes parameterized probability functions for the observation
and transition processes. This necessity poses challenges, as these functions are typically unknown in
practical scenarios, requiring not only substantial assumptions but also considerable computational
resources. Moreover, such approaches do not readily facilitate the integration of nonlinear historical
data manifold directly into the decision-making process.

model and state transition probabilities. This update, b'(s") = , involves

Our Contribution: We introduce the Implicit Bayesian Markov Decision Process (IB-MDP), a model-
free algorithm that uniquely integrates historical data directly into the decision-making framework of
a Markov Decision Process. The core of the IB-MDP is its transition function, 7, realized through
a simulation-based Bayesian update function 3 paired with a distance metric that meticulously
measures the similarity between the current state and the historical data D. This approach allows for
the direct integration of data manifold geometry, enhancing the decision process by aligning it closely
with the complex dynamics of drug discovery environments. Additionally, the IB-MDP addresses
constraints typical in drug candidate discovery, such as state uncertainty with respect to target assays
and action limitations, ensuring that only permissible ranges of target values are considered. To
overcome the limitations of traditional Monte Carlo Tree Search (MCTS) algorithms in handling
nonlinear data and stochasticity, we propose an ensemble method for deriving optimal policies. This
method significantly enhances the robustness of our strategy by pooling multiple approximations of
optimal policies to consistently converge towards a path of maximum likelihood action sets. This
novel strategy not only facilitates more meaningful and effective action outcomes but also supports
dynamic, resource-efficient decision-making across various uncertainty levels, making it a potent tool
in fields requiring nuanced and strategic planning.

2 Related Work

Recent advances in decision-making frameworks have significantly enhanced strategic planning across
various complex environments, notably through the integration of Markov Decision Processes (MDPs)
and Bayesian methods. These methods have been pivotal in improving adaptability and precision
due to their mathematical rigor and advanced computational capabilities, effectively addressing the
limitations inherent in traditional decision-making approaches [2} 13} 4} 5} 16} 71 (8} [9].

In model-based reinforcement learning, specific frameworks show promising outcomes in constrained
experimental settings, although they face challenges such as the need for detailed parameterization
of transition and reward functions and difficulties integrating the data manifold fully into decision-
making processes [[10, [11].



Bayesian optimization techniques within MDP frameworks have evolved to enhance decision-making
by maintaining a posterior distribution over model parameters, using historical observations to
maximize expected rewards. This approach has been crucial for advancing Bayesian inference in
decision-making processes. Risk-based decision processes have also been developed to estimate
expected costs from uncertain parameters, and robust decision frameworks aim to mitigate adverse
behaviors by optimizing within predefined uncertainty sets [12, 13} [14} [15].

Despite significant advancements, the exploration of ensemble methods in Bayesian decision frame-
works remains limited. These methods have the potential to greatly enhance decision quality by
aggregating insights from multiple models, providing a richer and more reliable decision support
system [[16} (17} 18} [19].

The complexity of multi-objective decision-making is particularly pronounced in clinical trial design
within preclinical settings, where there is a crucial need for frameworks that dynamically accom-
modate changing data landscapes. This area of multi-objective decision-making in preclinical drug
discovery is notably under-explored and poses significant challenges due to the high stakes and
complexity of the decisions involved [20} 21]].

Recent innovations in non-deterministic policies within MDP frameworks introduce flexibility and
adaptability, providing multiple potential action paths that enhance the robustness and acceptability of
decision support systems. The integration of ensemble methods within such frameworks, especially
in MDPs or POMDPs, offers a significant opportunity to improve decision-making by harnessing
collective predictions to inform experimental choices, a technique that is still not fully utilized in the
field (18]

3 A Sequential Decision-Making Problem Statement

In pharmacokinetic/pharmacodynamic (PKPD) studies, the primary challenge lies in strategically
scheduling experimental assays to maximize information gain from a partially known initial state, s,
while minimizing operational costs. This task involves optimizing the sequence of assays, such as
P-glycoprotein (PgP) and Breast Cancer Resistance Protein (BCRP) assays, and managing real-world
constraints, including the limited capacity for simultaneous assays and ensuring high-probability
outcomes for critical assays. Specifically, it is crucial to reduce state uncertainty regarding target
features, such as the unbound brain-to-plasma partition coefficient (kpuu), to ensure they are within
desirable ranges.

The optimization goal is to develop a policy 7w* that minimizes costs and reduces state uncertainty
while maximizing the probability of achieving the desired outcomes for the targeted features. This

can be mathematically formulated as: min, E [Zf:_ol Y R(s¢,m(s¢)) + H(sT) — E(sT)} subject

to the terminal condition at the policy horizon 7" ensuring that the state uncertainty at the final stage
H(st) is below a threshold e and the likelihood of achieving key experimental outcomes L£(sr)
exceeds a minimum value 7: terminal(s) = True if H(s) < e and L(s) > 7, False otherwise.

4 Implicit Bayesian Markov Decision Process (IB-MDP) for
Resource-Efficient Decision Making

4.1 Framework Description

The IB-MDP algorithm is designed to dynamically optimize the scheduling of experimental assays
by using real-time data to adapt to changing conditions. This approach is particularly valuable when
dealing with diverse populations of compounds, where the informational value of experimental data
can vary significantly. The algorithm begins with a partially known initial state with a collection of
potential experimental configurations (action sets in MDP) and adjusts the strategy dynamically as it
explores the state-action space under constraints. As new evidence appears, the framework employs a
Bayesian sampling method and continuously refines the policy. The IB-MDP utilizes a model-free,
data-driven approach, significantly reducing the computational burdens typically associated with
POMDPs. This is achieved through the use of the Monte Carlo Tree Search with Double Progressive
Widening (MCTS-DPW) algorithm, which efficiently navigates large state spaces. By integrating an



ensemble method, the algorithm further reduces inference bias, enhancing both the robustness and
accuracy of the decision-making process.

4.2 IB-MDP formulation

The IB-MDP algorithm is characterized by a tuple (S, A, T, R, ), with the following formulation:
States (S) is a finite set of states. Actions (A): A is a finite set of actions, where each action a € A
can be a collection of assays to perform simultaneously within the maximum capacity.

Transition Function (7): In IB-MDP, the transition function 7 (s, a, s’, W, D, d) integrates historical
data D and a variance-normalized distance metric d to dynamically refine the probabilities of state
transitions. We define a variance-normalized Euclidean distance between the current state s and
the ith row in the historical data as: d(s, Ds,) = > ¢_, )\kw where Ay is a fixed scaling
factor (default 0.5) applied to all features, and o7 is the variance of the K" feature across D, ensuring
scale invariance. This distance information informs the similarity weights W, with each weight
defined as: w; = exp(—A,d(s, Ds,)) emphasizing closer states more significantly through the decay
parameter \,,. The transition function 7 (s, a, s’, 8, D, d) thus becomes: P(s’, W’'|s,a, W, D, d) =
P(s'|s,a,W,D,d) - P(W'|s, a, D, d) melding the immediate influence of action a with a nuanced,
data-driven analysis of historical transitions. This approach enriches the decision-making process,
leveraging both the dynamics of the immediate action and the contextual insights gleaned from past
observations, all encapsulated in a model sensitive to the inherent variabilities and scales of the state
space features.

c(s,a)- A ifa # eox,
-M if a = eox,
the state s with action a, A = (A1, A2) is the trade-off factor, where A\; + Ay = 1, and M is a large
penalty for premature termination. Action ¢ = eox signifies a terminal action that occurs when
further experimentation is not feasible but state uncertainty remains above an acceptable threshold.

Reward Function (R): R(s,a) = { where c is the cost associated with

Terminal Condition: A state s € S is considered terminal based on criteria related to uncertainty
reduction and achieving a predefined likelihood threshold for a targeted assay (i.e., kpuu). This
condition guides the appropriate termination of the IB-MDP policy search process. The terminal
condition consists of two parts:

The first part assesses the terminal state likelihood for a target feature. The target feature likelihood
L(s) is defined as: L(s) = >i I(k; € [kmin, kmaa)) wi(s) where i is the row index running
from 1 to n (total number of rows), k; is the value of the target feature k in the i-th row, I is the
indicator function that equals 1 if k; € [kmin, kmax]| for row i, and O otherwise, w;(s) is the i-th
row weight value in the similarity weights vector W. The summation effectively only includes the
w;(s) terms for rows where the indicator function I equals 1, i.e., where k; falls within the specified
range [kmin, kmaz|. If the value of L(sr) is larger than 7, where 7 is a predefined minimum weight
threshold, then the state s meets the first criterion to be a terminal state.

In the second part, we assess the state uncertainty requirement. We define state uncertainty #(s) as the
variance of the target feature, weighted by the distance-based similarity vector. The final terminal con-
dition should be satisfied by: terminal(sy) = True if H(s7) < e and L(sr) > 7, False otherwise.
H(st) signifies the uncertainty at the terminal state s, £(s7) denotes the end-point assay likeli-
hood at the terminal state sp, € is the uncertainty threshold for termination conditions, and 7 is the
likelihood threshold for the end-point assay termination conditions.

4.3 The IB-MDP Algorithm for Optimal Policy and Pareto Front Generation

The Implicit Bayesian Markov Decision Process (IB-MDP) framework is designed to handle the
complexities of sequential decision-making within the resource-constrained environments typical
of drug discovery. This section explains the detailed methodology of the IB-MDP algorithm for
obtaining optimal policy and generating Pareto fronts that balance multiple conflicting objectives
such as cost, state uncertainty reduction, and target feature likelihood.

The action set at each state is ideally the power set of all available assays, denoted as P(A), where
A = {aj,as,...,a;} is the set of all available assays and k is the total number of assays. The
cardinality of the power set is 2¥. However, if there is a constraint on the maximum number of



assays, denoted as m, where m < k, the action space will be reduced to the set of all subsets of A
with cardinality less than or equal to m, denoted as A,, = {S C A : |S| < m}. The cardinality of
A, is given by | A, | = >0 (’:) This reduction in the action space can significantly impact the
computational complexity of the decision-making process, as the number of possible actions at each
state is reduced from 2* to 37 (%).

State transition: The key component of the IB-MDP is to realize the transition in the MDP
framework by a simulation-based approach based on the probability distribution specified by
P(s',W'|s,a,W,D,d) = P(s'|s,a,W,D,d) - P(W'|s',a,D,d), which does not require an ex-
plicit formulation of the transition function like in POMDP and traditional MDP. In each iteration
of updating the state s with action a, the transition function also dynamically adapts based on the
computed similarities W (). The transition probability P(s’|s,a, W, D, d) represents the probability
of transitioning to a state s’ considering the action a, the current state s, the calculated similarity
weights W, available historical data D, and the chosen distance metric d. The updated probability for
similarity weights P(W’|s’, a, D, d), given the new state s’, defines how the similarity weight vector
W updates to W’ based on the action taken a, the historical data D, and the distance metric d.

The transition function 7 (s, a, s, 5(s, D, W)) dynamically models the impact of actions based on
historical data, leveraging a distance-based metric to update beliefs about state transitions. The
Bayesian update mechanism, denoted by f3, reflects how new information modifies the state assess-
ment: The Weighted sampling operation, denoted by 4, selects a historical state Dy, ., based on
the probabilities derived from W. The probability of selecting D, is proportional to its weight w;

by sampling with respect to P(D;,) = ﬁ, where n is the total number of rows in historical
j=1Wj

data D. Let §(W, s) denote the sampling function. This function selects a historical state Dy, .,
based on the current state and associated similarity weights. The operation can be represented as:
D s = 6(W, 5) - D, where 6(W, s) uses the weights TV to probabilistically choose a corresponding
historical state from D. This representation emphasizes that the sampling process is dependent only
on the current state s and the similarity weights W, not on any specific action, aligning with scenarios
where decision points are evaluated based on state characteristics and historical similarities. This is
critical for systems where past data significantly inform future states or outcomes, such as in adaptive
learning or decision-making systems.

The simulation or sampled result is based on the probability distribution P(s’|s, a, W, D, d), where
s is the new state obtained by augmenting the current state s with the sampled value Dy .. This
can be represented as: s’ = s & As(a, Ds,,,,.,)- Here, As(a, D, .,) represents the outcome of
action a, which is derived from the sampled data D;_, ., and takes into account the value from the
additional dimension associated with action a. The augmentation process, denoted by @, signifies the
integration of new information or dimensions into the state s, reflecting the dynamic and Bayesian
nature of the policy searching process within IB-MDP.

The transition function 7 (s, a, s, 3(s, W, D)) dynamically models the impact of actions based on
historical data, leveraging the Bayesian update mechanism f to update beliefs about state transitions.
The update mechanism takes into account the current state s, the similarity vector W, and the
historical data D to estimate the probability of transitioning to a new state s’.

State Uncertainty at Terminal State st : State uncertainty at the terminal state, denoted H (st ),
is a critical measure for assessing terminal conditions within the IB-MDP framework. It quantifies
the variability of the target feature, calculated as the weighted variance of the feature values. The
variance is computed using weights that reflect the significance of each data point, based on their
similarity to the current state sp. The formulation for quantifying H(sr) is given by: H(sr) =

o (smm) (ks — 2 . .
in %?TU}Z;J w.T) , where: k; are the values of the target feature at ith row in D, w;(sr) are the
=1 z

weights assigned to each k;, reflecting the importance of the computed distance-based similarity
measures for s, k, 7 is the weighted mean of the target feature at sy, calculated by: &k, 7 =
2 i wilsT) ks
ST i)

Solving IB-MDP by MCT-DPW method: We use the Monte Carlo Tree Search with Double
Progressive Widening (MCT-DPW) approach combined with the Upper Confidence Bound (UCB)
algorithm to solve the sequential decision-making problem. This method dynamically expands the
search space in a controlled manner. The UCB algorithm helps balance exploration and exploitation
by selecting actions that maximize the upper confidence bounds of potential rewards.




During each iteration of the IB-MDP tree search expansion, the state transition using MCT-DPW is
represented as: s’ < MCT-DPW(s,a, W, D, 3) where: s is the current state, a is the action taken,
W is the similarity weights vector that influences the selection probability of actions through the
UCB criteria. The Bayesian update function 3 deals with how past data is mapped to current decision
contexts and guides the exploration of the state space as follows s’ = (s, W, D) This approach
ensures that each action and subsequent state transition within the IB-MDP are guided by both the
statistical confidence provided by the UCB and the relevance of historical data as encoded by W. This
allows for a nuanced exploration of the decision space, which is crucial for finding optimal solutions
in complex and uncertain environments. For the detailed and complete version of the algorithm, see
Algorithm 1]

Algorithm 1 Ensemble IB-MDP algorithm

Require: Initial state so, historical data D, similarity function W, Bayesian update function /3, horizon H,
number of iterations 7., number of ensemble runs 1.y, s
Ensure: Pareto front of state uncertainty vs expected utility costs

1: Initialize an array P to store Pareto fronts > Prepare storage for multiple Pareto fronts
2: for j = 11t0 nens do > Loop for ensemble runs
3 procedure SINGLE IB-MDP RUN(j)
4 Initialize tree with root node representing so > Start MCTS with the initial state
5 for i = 1 to ny:r do > Perform MCTS iterations
6: s < Sp > Initialize the simulation state
7 while not terminal and within horizon H do
8 s’ « B(s,D,W) > Bayesian update from current state, data, and W
9 Update tree with s’ and reward > Expand tree and update rewards
10: 548 > Update the current state
11: end while
12: end for
13: 7" + choose best action based on highest Q(s, a) > Derive optimal policy
14: Pj < compute Pareto front(7™) > Generate Pareto front for this run
15: end procedure
16: Call SINGLE IB-MDP RUNj > Execute a single IB-MDP run
17: Append P; to P > Store the Pareto front for aggregation
18: end for
19: procedure MAXIMUM LIKELIHOOD ACTION SETS PATH
20: for each uncertainty level u do
21: Ay, = argmaxa 1" I(A € Pi(u)) > Propose optimal action sets
22: end for
23: Aggregate these A, to construct the action sets path

24: end procedure

25: Call MAXIMUM LIKELIHOOD ACTION SETS PATH i Derive the most likely action sets path across all
uncertainty levels

26: return the Maximum Likelihood Action Sets Path

Pareto Front Generation: In the IB-MDP algorithm with achieved optimal policy 7*, Pareto front
generation is a critical component for discerning the optimal trade-offs between competing objectives,
cost, and state uncertainty. This is achieved through the simulation of multiple decision-making
scenarios under various state uncertainty levels using the MCTS-DPW method. The mathematical
goal is to map out the lower envelope of the set of achievable points in the objective space, which
represents the best achievable trade-offs: minimize {(C(s), H(s)) | s € S} where C(s) denotes the
cost associated with state s and H () represents the state uncertainty. The Pareto front is thus defined
by the collection of points where no other points exist that can offer a lower cost and state uncertainty
simultaneously: Vs’ € S, s € S : H(s) < H(s') and C(s) < C(s’) This formulation ensures that
each point on the Pareto front represents an optimal policy under specific constraints, facilitating
robust and informed decision-making in complex and uncertain decision environments.

The Pareto front provides a set of optimal solutions, allowing decision-makers to select the most
relevant actions based on their specific priorities and constraints. In conflicting goal optimization
problems, such as balancing cost reduction and uncertainty minimization, the Pareto front offers a
comprehensive view of the trade-offs involved, enabling a more nuanced and strategic approach to
decision-making. By visualizing these trade-offs, researchers and practitioners can identify the best
possible solutions that align with their overall objectives, ensuring efficient resource allocation and
maximizing the impact of their decisions.



4.4 Ensemble Method of IB-MDP

Variability in Single-Run IB-MDP Outcomes and the Necessity of the Ensemble Approach:
Single runs of the Implicit Bayesian Markov Decision Process (IB-MDP) algorithm, particularly
when employing Monte Carlo Tree Search with Double Progressive Widening (MCTS-DPW), exhibit
variability in Pareto fronts and optimal policies due to several factors. These include the stochastic
nature of MCTS, sensitivity to hyperparameter settings, and the influence of initial conditions and data
input on Bayesian updates. Such variability can skew decision-making towards suboptimal trade-offs.
The ensemble approach addresses these limitations by aggregating outcomes from multiple runs,
each exploring different trajectories within the decision space. This strategy not only enhances the
robustness and reliability of the results but also ensures a comprehensive exploration of the space,
capturing a broader spectrum of optimal trade-offs and facilitating more informed and effective
decision-making under uncertainty.

Maximum Likelihood Action Sets Path (MLASP) from Ensemble of Optimal Policies: The
core of the ensemble IB-MDP method involves executing the IB-MDP algorithm multiple times,
denoted by V. Each execution generates an optimal policy 7} and a Pareto front P;, which delineates
the trade-offs between state uncertainty levels u and expected costs ¢ for a set of actions. Each
Pareto front is formally defined as P; = {(u1, ¢1), (u2, ¢2), . .., (Um, ¢m)}, where each tuple (u;, ;)
represents the expected cost at a specific uncertainty level u;. These Pareto fronts are aggregated to
identify the most likely optimal action set for each uncertainty level A, through a process of majority

voting: A¥ = argmaxy4 Zf\il I(A € P;(u)), where I is the indicator function that equals 1 if the
action set A is part of the Pareto front P; at uncertainty level u, and 0 otherwise. By connecting all
A across the uncertainty levels, we construct the Maximum Likelihood Action Sets Path (MLASP)
for the ensemble, ensuring robust and informed decision-making across varying scenarios in complex
and uncertain environments.

Figure 1: Monetary-prioritized MLASP for three Figure 2: Monetary-prioritized MLASP for three
tau values for the data point in Table 1 with kpuu tau values for the data point in Table 1 with kpuu
=0.541 =0.64

Selection of Action from Ensemble IB-MDP: Within the ensemble IB-MDP framework, the x-
axis, which reflects the expected computational cost, indicates the effort expended by the IB-MDP,
implicitly proportional to the potential of a compound as a drug candidate. From the MLASP,
promising actions at specific state uncertainty levels where all 7 values converge are directly selected
(see Figures[T]2), aligning with recent advancements in non-deterministic policy frameworks. These
actions are selected based on a comprehensive exploration of the state space achieved through multiple
ensemble runs. Additionally, variations in the initial states can lead to shifts in the MLASP along the
X-axis, serving as an implicit indicator of how drug candidates may vary in effectiveness, irrespective
of the actions taken. Such shifts (comparing the MLASP in Figures[I]2) in the MLASP could be
utilized as a predictive measure of a drug’s potential, providing a novel metric for evaluating drug
candidates before extensive testing.

Advantages of Ensemble IB-MDP Methodology: The ensemble IB-MDP methodology mitigates
the potential biases of individual runs by leveraging a robust aggregation of outcomes from multiple
simulations, similar to a majority voting mechanism found in random forest algorithms. This strategy
enhances decision robustness and reduces inference bias by exploring diverse decision trajectories



and effectively balancing exploration and exploitation. Importantly, variations in the MLASP due to
different initial states provide an implicit measure of a compound’s potential efficacy. These shifts
along the computational effort axis (x-axis) serve as indicators, suggesting that the MLASP can
be used predictively to assess the likely success of drug candidates, enriching the decision-making
process with a novel, data-driven metric.

5 Experiments

Experimental Setup Our experimental setup employs a dataset of 220 compounds, each historically
tested and characterized by both in silico and physical properties. The in silico features include QSAR
predictions such as QSAR,_pep, QSAR gnm_perp, and QSAR,,. Additional features pertain to
transporter activities, specifically 100nM PgP, 1uM PgP, and 100nM BCRP. Costs associated with
these features are set at [$400, 7days] for the transporter activities and [$4000, 21days] for the kpuu
measurements, highlighting the financially and temporally demanding aspects of these assays. To
generate the Pareto front, we allow up to three parallel assays, which supports simultaneous experi-
mental operations and helps delineate various levels of state uncertainty reduction and information
gain crucial for decision-making, with a computational threshold predefined at 10 for state uncertainty
assessment. We solve the problem using the IB-MDP algorithm with a Monte Carlo Tree Search
(MCTS) Double Progressive Widening (DPW) solver, executing 20,000 iterations with an exploration
constant of 5.0. Experimental Computing Resources: We perform IB-MDP simulations on an
Apple M1 Pro chip with 16GB of memory. For an ensemble of 100 runs of individual IB-MDP per
single 7 value, the estimated completion time is about 1 hour.

Traditional Heuristic Decision Rules The foundational decision-making in brain penetration)
assays is guided by heuristic rules, primarily based on QSAR (Quantitative Structure-Activity
Relationship) predictions and the unbound brain-to-plasma partition coefficient (kpuu). These
rules can be summarized as follows: A compound is considered promising if QSAR\ pep < 2,
QSAR gonm Berp < 2, and 0.5 < kpuu < 1. Conversely, a compound is considered non-promising if
either QSARMMPgP or QSAR yo,m Berp 18 greater than 4, irrespective of the kpuu value.

Selective Case Study for Compound Selection Decision-Making We analyze traditional guidelines
using three scenarios to test our decision-making framework under different QSAR conditions:
Baseline Confirmation: Compounds with QSAR;; pep and QSAR g, gcrp Values below 2, and
kpuu values within normal ranges, are tested to confirm conventional decision processes. Heuris-
tic Challenge: This scenario deals with borderline or conflicting QSAR data, with at least one
QSAR value exceeding 4, assessing the framework’s ability to interpret complex signals and identify
viable compounds. Opportunity Discovery: Evaluates compounds with high QSAR,y; pp and
QSAR gonm Bcrp Values but acceptable kpuu, aiming to find overlooked opportunities. These scenar-
ios demonstrate our framework’s robustness in various decision-making contexts, highlighting its
potential in drug discovery.

Cost comparison between conventional and IB-MDP decisions The results of the IB-MDP
exploration for the representative cases in Table[T]are shown in Figure[3] In the baseline scenario, the
IB-MDP recommends actions involving [luM_PgP, 100nM_BCRP], [100nM_PgP, 100nM_BCRP],
or 1uM_PgP, resulting in monetary costs ranging from $400 to $800, compared to the traditional
cost of $5200. In the Heuristic Challenge Scenario, the IB-MDP still proposes a single action along
the MLASP with a $400 cost, whereas traditional heuristic rules completely miss the opportunity to
identify this promising compound. For the extreme case where all QASAR values are greater than 4,
the IB-MDP successfully identifies a unique set of actions [100nM_PgP, 1uM_PgP] that significantly
reduce state uncertainty. In contrast, the traditional rules fail to recognize this specific compound as a
promising candidate.

Table 1: Comparison of Traditional Approach and IB-MDP generated Costs for Selected Compounds

QSARyy p  QSARgoy pcrp  QSAR,  kpuu 100nM_PgP  1uM_PgP  100nM_BCRP  CoStyagigonar  1B-MDP Cost
1.68 13 1.82 0.540655 1.06 0.7945 1322 $5200 $400 - $800
0.903 8.5 2.64 0.534273  2.159 1.14369  14.162 $5200 $400

214 0.73 12 0.640003  17.4235 19.6947  0.831 $5200 $400 - $800
5.0 96 0.99 0.528853 159273 12.8645 8226 $5200 $800
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Figure 3: Monetary-prioritized IB-MDP results with MLASPs for four representative compounds,
ordered by kpuu values to illustrate variations in QSAR metrics and corresponding recommended
actions. For kpuu = 0.529, QSAR |\ pep = 5.0, QSAR o4\ gerp = 9.6, and QSAR,, = 0.99.
The IB-MDP recommends actions of either 100nM_BCRP or 100nM_PgP. For kpuu = 0.534,
QSAR v pep = 0.903, QSAR o4\ gerp = 8.5, and QSAR, = 2.64. The recommended actions
are 100nM_PgP or 100nM_BCRP. For kpuu = 0.540655, QSAR |\ pep = 1.68, QSAR g0m Berp =
1.3, and QSAR,,, = 1.82.The IB-MDP suggests actions involving [luM_PgP, 100nM_BCRP]
or [100nM_PgP, 100nM_BCRP] or 1uM_PgP. For kpuu = 0.640003, QSARluM_RgP = 214,
QSAR gonm Bcrp = 0.73, and QSAR,,;, = 1.2. Recommended actions include [100nM_PgP,
1uM_PgP], indicating a high probability of effectiveness under the given experimental conditions.

6 Limitations

Increasing the number of runs N enhances the accuracy and robustness of the optimal action set
estimation but also escalates computational costs. The rate of improvement in accuracy and robustness
may exhibit diminishing returns as IV increases. Therefore, the optimal choice of /N depends on
the specific problem and the available computational resources. While a single run of the IB-MDP
algorithm may yield a suboptimal policy, the convergence of the maximum likelihood action sets
path generally stabilizes with a sufficient number of ensemble runs, regardless of the initial definition
of 7. However, this stabilization is contingent on the ensemble size, which may need to be increased
depending on the geometry of the data being processed. Currently, the constraint for the targeted
feature likelihood is applied only at the terminal state, primarily due to the computational demands
of integrating such constraints at every iteration. With additional computational resources, it would
be feasible to apply these constraints throughout the policy search, allowing for more dynamic and
responsive adjustments to the decision-making process. Moreover, while all probability thresholds
tend to converge towards a single maximum likelihood action path, a more detailed examination
of how state uncertainty reduction influences the probability of achieving the target feature within
a desirable range would provide deeper insights into the decision-making efficacy of the IB-MDP
framework. This could lead to more informed adjustments in the ensemble strategy, enhancing the
reliability and effectiveness of the resulting policies.

7 Conclusions

In this study, we present the Implicit Bayesian Markov Decision Process (IB-MDP), a novel frame-
work designed to improve resource efficiency in decision-making under uncertainty. Our approach
integrates historical data using a distance-based metric to update beliefs about the state in relation
to a target feature, enhancing our model’s predictive accuracy. Key innovations of the IB-MDP



framework are the dynamic Bayesian update in MDP, incorporating historical data and constraints
on the likelihood of achieving desired outcomes for target features. This ensures that the policy
search maximizes information gain, minimizes costs, and meets critical experimental requirements.
Additionally, the IB-MDP is strengthened by an ensemble approach that aggregates multiple decision-
making scenarios, enhancing the robustness and reliability of the identified policies. This ensemble
methodology helps us obtain maximum likelihood action sets that adhere to predefined probability
bounds for the target features, ensuring consistent decision quality. By adopting this comprehensive,
data-informed approach, the IB-MDP framework significantly improves traditional methods, particu-
larly in precision, adaptability, and cost-efficiency in experimental assay scheduling. It provides a
powerful tool for navigating the complexities of drug discovery and other fields requiring nuanced
decision-making under uncertainty.

8 Broader Impacts

The methodologies in this paper establish a foundation for adaptive decision-making frameworks
that can revolutionize preclinical assay scheduling and many other scientific and industrial fields. By
solving complex decision-making problems under constraints and leveraging generated data, this
framework enhances efficiency in logistics, optimizes investment strategies in finance, improves
patient scheduling and resource management in healthcare, and boosts resource utilization in environ-
mental management. Its ability to handle complex scenarios with precision and adaptability opens
new avenues for innovation, making decisions more manageable and better aligned with real-world
challenges.
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Appendix

A Optimization from a Statistical Mechanics Perspective: IB-MDP as Free Energy
Minimization

The optimization approach in the Implicit Bayesian Markov Decision Process (MDP) framework
embodies a conceptual analogy from statistical mechanics by minimizing a free energy-like objective
function. This optimization integrates all elements within the IB-MDP framework into a cohesive
structure. It offers an intuitive strategy for identifying an optimal policy 7, focusing on minimizing
a free energy equivalent to enhance decision-making. This endeavor aims at maximizing expected
rewards and managing uncertainties effectively while adhering to constraints on the final state’s
likelihood concerning the target feature. The optimal policy and subsequent actions are determined
by minimizing the free energy JFpniy, formalized as:

T-1
Fuin = minE, ’th(st, w(st)) + H(sr, ™) — AL (Lmin(s7,7) — 7)
s |3 R (Lnnlsrm) —7)

Temperature-like term (Lagrangian multiplier) Entropy-regulating term

Energy-like term
In this formulation:

» The Energy-like term, comprising the expected sum of discounted rewards and the uncer-
tainty measure H(st, ), signifies the cost associated with achieving desired outcomes
while navigating through states of uncertainty. This term epitomizes the components the
optimization seeks to manage effectively.

» The Temperature-like term (Lagrangian multiplier), denoted by A1, resembles the role of
temperature in thermodynamics, modulating the impact of entropy within the system. It
dictates the extent to which the entropy constraint—guided by the disparity between the
threshold 7 and the minimum likelihood £,;,—influences the optimization trajectory.

* The Entropy-regulating term (T — Luin($T, 7)) imposes a constraint that adjusts policy di-
rection towards those state trajectories with probabilistically favorable outcomes, effectively
embodying an entropy management scheme in the optimization context.

Through this formulation from a statistical mechanics perspective, it offers a conceptually intuitive
way of understanding the constrained optimization process in a unified way. The Implicit Bayesian
MDP framework, by drawing an analogy to free energy in statistical mechanics, highlights an
optimization strategy that goes beyond simple reward maximization and uncertainty control. It
incorporates a structured model to ensure that decisions are made with a desired level of confidence
in the outcomes. This approach captures a fundamental balance between energy, entropy, and a
temperature-regulating mechanism (via \y), providing a holistic framework for decision-making
under uncertainty.

B Ensemble IB-MDP in Analogy to Random Forest

Analogous to Random Forest, the ensemble IB-MDP approach amalgamates outcomes from a varied
set of models to bolster resilience and accuracy.

In Random Forest, individual decision trees train on distinct feature subsets and bootstrap dataset
samples, fostering model diversity where the ensemble prediction is determined by majority voting:

N
j— I(Ti(z) = C;
j argm]aX; (Ti(z) = C;)

Here, 7; signifies the i-th decision tree, C; represents the j-th class, and = denotes the input data
point.

Echoing this approach, in the ensemble IB-MDP paradigm, the optimal action set A is ascertained
through majority voting across the Pareto fronts:
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N
Al = arg mj‘ixz I(A € Pi(u))
i=1
The diversity stemming from stochastic policies within ensemble IB-MDP, akin to the randomness

in Random Forest, facilitates a broader exploration of actions, thereby pinpointing the most robust
optimal action set meeting the predefined target feature likelihood threshold.

Satisfying the Target Feature Likelihood Threshold

The ensemble IB-MDP methodology aims to pinpoint the optimal action set satisfying the stipulated
target feature likelihood threshold 7. This likelihood denotes the probability of attaining the desired
outcome given the chosen action set.

Let Likelihood (A, u) represent the likelihood of the action set A at uncertainty level w. The optimal
action set A7 should adhere to:
Likelihood(A4}, u) > 7

The ensemble strategy estimates the likelihood utilizing the combined Pareto fronts:

N
—— 1
Likelihood(4, u) = N Z I(A € P;(u) A Likelihood(4, u) > 7)
i=1

With increasing N, the estimated likelihood converges, ensuring the selection of an optimal action
set meeting the target feature likelihood threshold.
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