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ABSTRACT: The objective of this research paper is to study how game-theoretical models help in determining the optimal decision 

in a mid-game situation where there is uncertainty, high complexity related to strategies, and a large number of options available 

for making a decision. The paper discusses the basic ideas such as normal form and extensive form games, Nash equilibrium, 

subgame perfect equilibrium, Bayesian games, stochastic games, and mixed strategies that one should use when making decisions 

when there is insufficient information available. Specifically, the paper analyzes the methods of Bayesian belief updating, stochastic 

state transitions, heuristic search, Monte Carlo Tree Search (MCTS) method, and reinforcement learning, the idea of which is to 

allow the identification of best decisions in cases when the computation of equilibrium is very difficult. The authors examine the 

examples referring to different games such as chess, poker, go, and real-time strategy games and show how game-theoretical 

concepts can be combined with computational solutions. The discussion brings up a significant number of drawbacks such as 

computational complexity, lack of full information, bounded rationality, incorrect models, and dependence on data quality. In this 

paper, the authors conclude that the integration of game theory with simulation and artificial intelligence provides a practical 

framework for developing robust and near-optimal strategies in complex uncertain environments. 

 

INTRODUCTION 

Game-theoretical methods have become core tools for the study of strategic decision-making in complex games, ranging from 

traditional board games like chess and Go to contemporary real-time strategy games and multi-agent systems (Glenn Shafer, "Game 

Theory Fundamentals"). At the heart of the study of these areas lies the issue of best-move selection, especially in the dynamic 

and uncertain setting typical of the mid-game stage. In contrast to the opening, founded on known theory, or the endgame, with 

more limited positions, the mid-game hosts a combinatorial explosion of states and rich uncertainty due to the lack of thorough 

knowledge of the opponent's strategy, the game world, or random factors (Stanford Encyclopedia of Philosophy: Game Theory). 

Game theory is mathematical analysis of strategic interaction between rational decision-makers, with central concepts of 

games in strategic (normal) form and extensive form, equilibrium concepts, and models for dealing with uncertainty (Stanford 

Encyclopedia of Philosophy: Game Theory). Optimal move choice in this situation is the assignment of actions to maximize a 

player's expected utility, with the current state of the game, the rules, and potential actions of the opposing players. Mid-game 

situations are generally characterized by high decision complexity, nonlinear action effects, and dynamically changing information 

states. Uncertainty in such circumstances may stem from hidden opponent actions (imperfect information), stochastic aspects 

(random outcomes), or partial observability of the environment (Number Analytics: Game Theory and Uncertainty). 

A number of game-theoretic frameworks have been put forward to address these challenges. Normal form and extensive 

form games offer the fundamental analytic framework for perfect and imperfect information games, and Bayesian games add 

probabilistic reasoning to handle instances of incomplete information regarding opponents' types or intentions (Fiveable: Bayesian 

Games). Stochastic games then build on these frameworks to worlds with random events that influence the game state to capture 

the unpredictability of many real-world and simulated worlds (Number Analytics: Game Theory and Uncertainty). 

The main question addressed in this paper is: How do game-theoretic models account for best move choice in mid-game situations 

under uncertainty? To answer this, we must delve into the mathematical underpinnings of these models and their real-world 

applications in areas like chess, Go, poker, and real-time strategy games. Essentially, this question looks at how concepts like Nash 

equilibrium, subgame perfect equilibrium, and solution concepts for computationally complex environments can be translated 

when faced with uncertainty and complexity of actual play (Stanford Encyclopedia of Philosophy: Game Theory; Robertson & 

Watson, 2014). 
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Besides, the paper will also discuss the existing limitations and obstacles in bridging the gap between optimal move choice 

in theory and actual optimal move choice. These include computational intractability, ongoing advances in artificial intelligence 

and machine learning integration, and the ever-present gap between theoretically optimal play and actual human and 

computational performance (MDPI Sensors). Finally, an in-depth review of relevant academic literature and available datasets will 

be provided, supporting conceptual understanding and future research in this rapidly evolving field. 

By integrating central ideas, model tests, and field applications, this article aims to give a holistic analysis of how game-

theoretic models drive best move selection in the context of uncertainty in mid-game scenarios in strategic games. 

 

LITERATURE REVIEW 

Game theory, from its mathematical birth in the mid-20th century, has developed into a staple of strategic decision analysis, 

particularly in multi-agent contexts with possibly conflicting goals (Osborne, 2004). It has applications in economics, political 

science, evolutionary biology, and, most importantly, artificial intelligence and game playing. The existing literature on game-

theoretic models for best move determination under uncertainty in mid-game phases of strategic games is rich, ranging from 

seminal theoretical ideas to state-of-the-art computational implementations. 

Foundations and Core Concepts in Game Theory 

Classical game theory was founded by the likes of von Neumann and Morgenstern through formal analysis of zero-sum games in 

normal form and extensive form. Normal form games are strategic environments where players simultaneously move and payoffs 

are determined by the joint action profile. Extensive form games, on the other hand, are games of sequential move and include 

information sets to account for imperfect information or uncertainty of the opponent's action (Osborne, 2004). 

Central solution concepts have arisen to deal with the strategic complexity and uncertainty which reign in the majority of 

games. Nash equilibrium was formulated by Nash (1950) as a strategy profile from which the payoff cannot be improved by any 

single player by unilaterally moving away from it. Yet, for sequential and imperfect information games, such refinements as 

subgame perfect equilibrium guarantee strategy credibility at each stage of the game (Osborne, 2004). Such concepts are still 

central to the determination of rational play and optimal move choice. 

Modeling Uncertainty: Imperfect Information and Bayesian Games 

One of the big problems addressed in the literature is the representation of uncertainty caused by incomplete or imperfect 

information in games. Imperfect information occurs when players do not see previous moves or internal opponent states 

completely. Harsanyi (1967) developed the Bayesian game model to represent such situations by adding "types" to capture private 

information not disclosed to opponents but represented probabilistically. 

Bayesian games enable belief reasoning and updating on observed actions, which allows for strategic choice under 

uncertainty (Harsanyi, 1967). Bayesian games have widely been applied in the analysis of auctions, bargaining, and strategic play 

in games in which players need to infer the type or intent of the opponents (Camerer, 2003). Such nuance in inference is of utmost 

importance in mid-game situations where hidden information and incomplete observations highlight probabilistic reasoning. 

Stochastic Games and Dynamic Decision-Making 

Classic game theory was mostly concerned with static games, whereas actual strategic games have temporal aspects and random 

factors. Shapley (1953) developed stochastic games to represent situations in which game states change probabilistically according 

to joint actions of players in a dynamic environment with uncertainty. The model integrates Markov decision processes with game-

theoretic principles to provide analysis of long-run strategy optimization with uncertainty. 

Stochastic games have been used to simulate real-time strategy games, competitive economic models, and multi-agent 

reinforcement learning problems (Filar and Vrieze, 1997). They are best used on mid-game states where-move and long-run 

strategy are affected by transition probability between states and random events. 

Computational Approaches: Algorithms for Optimal Moves 

Computing complex games with large state spaces and uncertainty faces enormous computational difficulties. Traditional 

backward induction is impossible because the game tree exponentially increases at mid-game phases (Robertson & Watson, 2014). 

Computational tools such as Monte Carlo Tree Search (MCTS) and heuristic search algorithms have, therefore, gained prominence. 

MCTS probabilistically explores moves, playing out simulations and using statistical outcomes to estimate move value in 

the case of uncertainty. This has led to a major breakthrough such as the AlphaGo win, where deep neural networks used with 

MCTS demonstrated superhuman capability in Go, a game notoriously difficult for conventional game-theoretic approaches due 

to its vast state space (Silver et al., 2016). MCTS optimizes exploration and exploitation effectively in large uncertain search spaces 

typical of mid-game play. 

http://www.ijefm.co.in/


How Can Game-Theoretic Models Explain Optimal Move Selection in Mid-Game Scenarios Under Uncertainty? 

JEFMS, Volume 09 Issue 10 October 2026                                  www.ijefm.co.in                                                   Page 5641 

Applications in Specific Strategic Games 

The literature records game-theoretic reasoning being used in a range of games each of which captures some properties of mid-

game decision problems. 

In chess, opening theory comprehensively deals with starting moves, and endgame databases provide deterministic 

responses, yet mid-game optimality is impossible due to combinatorial explosion. Research combines heuristics, evaluation 

functions, and probabilistic modeling of the opponent's moves to make estimates of optimal moves (Robertson & Watson, 2014). 

Poker is a paradigm example where incomplete information is intrinsic; cards are hidden from the players, leading to 

betting strategies that have to cope with probabilistic assessment of opponents' hands and intentions. Bayesian game theory 

prescribes the formation of equilibrium strategies, computation of which is handled by extensive strategy spaces (Billings et al., 

2004). 

Games such as Go underscore the difficulty of enormous branching factors and nuanced positional analysis. The success 

of deep learning and reinforcement learning-based AI with game-theoretic principles underscores a synergistic solution to best 

select mid-game moves under uncertainty (Silver et al., 2016). 

Uncertainty in real-time strategy games further arises not just from the opponent's hidden moves but also from random 

elements in the environment and time limitations. Stochastic game models or partially observable Markov decision processes 

(POMDPs) are often used in modeling such games, and algorithms are created to address real-time decision-making under 

uncertainty and dynamic environments (Robertson & Watson, 2014). 

Challenges and Limitations Highlighted in the Literature 

While game-theoretic models represent powerful conceptual tools, there are certain practical concerns that still exist. The 

computational power is limited, and that restricts the precise calculation of equilibria in big games (Koller & Megiddo, 1992). 

Approximations, while accurate, are not necessarily global optimality guarantees, especially in games with complex uncertainties. 

Moreover, the assumption of perfectly rational players is generally not realistic outside academia. Bounded rationality, 

adaptive behavior, and heuristics for learning invalidate the predictive power of standard models (Camerer, 2003). The literature 

urges behavioral factors and empirical data to be incorporated in strategic mid-game decision-making models. 

Publicly Available Datasets and Experimental Platforms 

Advances in web platforms and digital game databases have made empirical studies of strategic games possible. Databases like the 

ChessBase library of chess moves, Hand Histories database of poker tournament histories, and large game records from Go servers 

offer rich secondary data for model testing and training AI models (Silver et al., 2016; Billings et al., 2004). Such data allow for 

analysis of representative mid-game positions, player strategies, and results, and thus descriptive and prescriptive elements of 

game-theoretic modeling. 

Together, the literature shows that game-theoretic frameworks provide solid bases for the analysis of optimal move choice 

in the face of uncertainty. Extension to mid-game situations detects the challenges posed by huge state spaces, concealed 

information, and stochastic processes. Sophisticated computational tools, empirical data bases, and interdisciplinarity also improve 

our ability for analysis and implementation of optimal strategy, but scalability and reality issues call for continued investigation. 

Game-Theoretic Foundations 

Game theory provides a formal mathematical framework to analyze strategic interaction between rational decision-makers or 

players whose payoffs are not only determined by their own actions but also by the actions of others. In strategic games, especially 

in situations of uncertainty in mid-game situations, a thorough understanding of the fundamentals of game theory is needed to 

describe how rational players come to make optimal choice of moves. 

Essentially, a game in game theory consists of a set of players, a set of possible actions or strategies for each player, and 

payoff functions that specify outcomes or utilities as functions of the joint actions of all players. The fundamental assumption is 

that players are rational, attempting to maximize expected payoff, and are strategically aware, anticipated the response of 

opponents to their action. Different versions of the game characterize how the players interact. Normal form, or strategic form, 

games characterize situations where players move simultaneously without knowledge of opponents' actions. Such interactions are 

typically represented with payoff matrices, where the strategies are represented either as pure, a deterministic action, or as mixed, 

probabilistic combination of pure strategies. Normal form games are well-suited for such analysis when moves are simultaneous 

but less so when sequential decision-making is involved. 

Extensive form games, in contrast, encode sequentiality in decisions by depicting games as trees, with nodes to represent 

decision nodes or states and edges to represent actions. In this depiction, the information set encodes what a player knows at 

each decision node, so the imperfect or incomplete information can be represented. This becomes more important in mid-game 
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situations where moves are sequential and players do not have full information about the state of the game or the other players' 

motivations. In encoding the timing and structure of knowledge in games, extensive form models give more detailed and richer 

structure to strategic decision-making. 

Mid-game problem-solving is typically addressed via various kinds of games, and each emphasizes some aspects pertinent 

to strategy and uncertainty. Some distinction between imperfect and perfect information games is essential. Perfect information 

games, as chess and Go, are games of complete visibility of all past moves and game states. Imperfect information games, as poker, 

are games of concealed information, inducing uncertainty about other players' cards or intentions. Mid-game scenarios are often 

imperfect information scenarios, and models must address hidden information and uncertainty about other players' moves 

explicitly. 

Another categorization separates zero-sum from non-zero-sum games. Zero-sum games are purely competitive and 

represent a situation where one's gains are exactly the other's losses. Traditional board games such as chess represent such zero-

sum transactions. Non-zero-sum games, on the other hand, provide the possibility of mutual gain or loss and apply to cooperative 

or partial confrontational scenarios. 

The theory of Bayesian games, developed by Harsanyi, applies game-theoretic models to handle incomplete information 

in the form of player types. These 'types' are not open information to opponents but are defined using probability distributions. 

Players know the types of other players and update this dynamically based on the observed actions. The model facilitates strategic 

reasoning in uncertainty and incomplete information, and Bayesian games are particularly applicable to mid-game scenarios where 

players have to deduce opponents' intentions or hidden information from incomplete observations. An additional level of 

complication is added in stochastic games, extending the traditional paradigm to permit probabilistic state transition depending 

on players' combined actions. Stochastic games were originally formulated by Shapley, and these are models of dynamic worlds 

whose state changes over time under the influence of randomness, capturing uncertainty in the world or random events. Stochastic 

models are especially suited to real-time strategy and other applications in which the game state stochastically changes, adding a 

significant amount of uncertainty to in-game choices midway through. 

A player's strategy in such games is a complete plan of action, which prescribes decisions at each point of possible 

decision. Strategies can be pure, with deterministic choices, or mixed, with a collection of pure strategies and associated 

probabilities. The form of mid-game situations, with an explosion of possible states and paths, creates a phenomenally rich and 

complicated space of strategies. This vast space makes it difficult to apply simple techniques for finding optimal strategies. 

Equilibrium concepts are the building blocks of game-theoretic analysis, that describe stable sets of strategies from which 

no individual player can better their payoff by unilaterally deviating. The most famous of these concepts is the Nash equilibrium, 

which was rigorously introduced by John Nash in 1950. It is a set of strategies for which each player's strategy is best response 

against the others', thus ensuring a stable equilibrium in the strategy space. Ironically, although Nash equilibria are the centerpiece 

of game-theoretic analysis, they can be vast in number, some of them potentially counterintuitive, and computationally infeasible 

in games of high complexity, especially in mid-game scenarios. 

Sub-game perfect equilibrium, an extension to games of sequential move extensive form, requires player strategies to be 

a Nash equilibrium for any subgame of the base game. This extension removes irrational or non-credible threats in any portion of 

the game, ensuring strategies are rational and credible everywhere, necessary for mid-game phase analysis where credibility in 

each step affects best move choice. 

Drawing on equilibrium concepts to incomplete information environments, the Bayesian Nash equilibrium solves games 

in which players need to make rational inferences about opponent types that are not known and maximize expected payoffs given 

their beliefs. This equilibrium encapsulates rationality and strategic consistency under uncertainty, solidifying game theory's 

application in mid-game environments with concealed information. 

Because of the computational and analytical challenges of real games, especially the exponentially growing state spaces 

characteristic of mid-game phases, exact computation of equilibria is typically not feasible. Approximate equilibria and heuristic 

solutions are therefore central to applying game theory in practice. They relax rationality assumptions or employ bounded 

rationality models, sacrificing tractable computation for strategic soundness. Approximations are required to achieve near-optimal 

moves in complex mid-game scenarios. 

Uncertainty in strategic games arises primarily in the form of imperfect information, random results, and partial 

observability of the game world. Game theory represents such uncertainty in the form of information sets in extensive games, 

which package indistinguishable choice nodes from the viewpoint of the player, thereby reflecting the boundaries of knowledge. 

Bayesian updating rules also enable players to update their probabilistic estimates of uncertain game conditions or other players' 

private data as the game evolves. Stochastic transitions represent chance occurrences or probabilistic alterations in the game state 

that affect strategic decisions. 
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Collectively, these conceptual tools enable the formulation of strategies that balance properly the risk-reward trade-offs, 

thus supporting rational decision-making in the face of uncertainty in the mid-game. The intersection of these factors highlights 

the depth of game-theoretic foundations that allow for the richness of real-world strategic interaction. 

From a computer science perspective, exponential blow-up of the game state space during mid-game stages renders 

exhaustive computation infeasible. Traditional algorithms like minimax remain relevant for perfect information zero-sum games 

but prove irrelevant for imperfect information or stochastic cases. Modern methods pair Bayesian reasoning and Monte Carlo 

techniques to estimate strategies in vast uncertain spaces. Multi-agent learning and reinforcement learning models are rooted in 

game-theoretic concepts, enabling agents to learn dynamically from uncertainty and dynamic strategies taken by opponents. 

In short, game-theoretic foundations provide a general framework for reasoning about strategic interaction under 

complexity in uncertain and incomplete information settings. Identifying games by informational and structural features, specifying 

strategy spaces, and applying equilibrium concepts in terms of the nature of interaction, game theory explains how rational agents 

can infer optimal or optimal moves in the challenging mid-game situation. Generalizations to the framework by Bayesian inference 

and stochastic modeling enable game theory to explain real-world complexity, eventually providing the theoretical foundation for 

optimal move choice strategy application under uncertainty. This underlying framework underlies both theoretical analysis and 

computational application, connecting abstract models and actual mid-game decision-making in strategic games. 

Optimal Move Selection in Mid-Game Scenarios under Uncertainty 

The optimal move choice mechanism in mid-game conditions of uncertainty is central to understanding and applying game-

theoretic models in strategic games. The mid-game is distinct in having an exponential rise in the number of possible states, the 

level of interaction complexity, and a higher involvement of uncertainty compared to the opening or endgame. The author explains 

how game-theoretic models realize optimal move choice in the case, considering the interplay between strategy, uncertainty, and 

adaptive reasoning. 

The Nature of Mid-Game: Decision Complexity and Uncertainty 

Mid-game situations in chess, Go, poker, and real-time strategy games are marked by a number of interconnected complexities. 

The number of potential moves grows exponentially, making exhaustive analysis computationally intractable. Agents are often 

faced with information asymmetry, partial knowledge of the situation or intentions of their opponents. In addition, the effects of 

actions are nonlinear, and each move opens up, closes off, or redefines future strategic options. Such complexity demands decision-

making processes that entail foresight, flexibility, and risk management (Osborne, 2004; Stanford Encyclopedia of Philosophy, 

1997). 

Uncertainty in the middle game is not only produced by randomness or stochasticity inherent in game rules but also by 

incomplete information about variables like hidden cards in poker or invisible troop positions in real-time strategy games (Riedel, 

2017). The hidden factors cause players to have probabilistic beliefs and adapt strategies during the game. 

Game-Theoretic Tools for Mid-Game Decision-Making 

Backward Induction and Dynamic Reasoning 

In perfect information sequential games, backward induction (a form of reasoning from the end of the game to the current point) 

is what enables the determination of the best strategies. In mid-game, though, the branching factor is so great that full backward 

induction is not feasible. The process of looking ahead and reasoning back is still profoundly powerful, however, under heuristic-

based planning in which players approximate positions to the future, value states, and make decisions that maximize probable 

outcomes a few moves ahead of time (Brain Games, 2025). The dynamic nature of decision-making necessitates that players not 

only look ahead to the immediate outcome of their actions, but also to opponents' adaptive responses, who are doing the same.  

Mixed Strategies and Probabilistic Play 

Where uncertainty is the norm, as with incomplete information games, optimal play can take the form of mixed strategies—

probabilistic choice rules that forego predictability and potential exploitation (Osborne, 2004; Riedel, 2017). By selecting among 

available moves based on probability distributions, players can hedge against the unknown and compel opponents to deal with 

strategic uncertainty. In zero-sum and competitive games, the minimax theorem assures the existence of mixed-strategy equilibria, 

which dictate the optimal available defense in the face of an opponent determined to maximize their gain while minimizing yours. 

Nash and Subgame Perfect Equilibria in Mid-Game 

In most traditional environments, Nash equilibrium offers a benchmark for best move choice: it indicates strategy profiles from 

which no single player can unilaterally deviate to yield a superior result. Mid-game analysis is different, and for most scenarios, 

cases entail multiple equilibria or higher-order solution concepts. Subgame perfect equilibrium becomes crucial for sequential 
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games by guaranteeing strategies are always optimal in all subgames—a feature particularly relevant when the terrain of the mid-

game constantly shifts with new information and changing positions (Osborne, 2004; Brain Games, 2025). 

Bayesian Equilibria and Strategic Belief Updating 

Bayesian games generalize uncertainty representation by adding players' beliefs regarding concealed pieces or categories. At mid-

game situations, players update their beliefs continuously from partial observations, like previous moves by other players or 

disclosed information. The Bayesian Nash equilibrium generalizes the basic concept of equilibrium to such a setting where each 

player maximizes expected payoffs given their beliefs concerning other players' private information (Fiveable, 2023; Wikipedia, 

2001). 

Modern Approaches: Empirical and Adaptive Methods 

More recent literature argues against purely rational or static equilibria being the optimal move in uncertain and complex mid-

games. The use of uncertainty awareness, bounded rationality, and adaptive learning models is a reaction to the fact that, in reality, 

players have to act under risk, information limitations, and cognitive constraints. For example, the use of empirical game-theoretic 

methods mixes play simulation with strategic information so that equilibrium strategies can be discovered and validated and 

performance optimized in large-scale uncertain settings (Kiekintveld, 2008). 

One of the contributions to the field is the representation of "awareness of uncertainty" where players not just think 

about their own uncertainty but also represent their opponents' uncertainty and respond to that. Players in dynamic decision-

making learn by learning to adapt based on past play and payoff feedback—learning stable strategies even when payoffs or game 

structure are unclear beforehand (Kiekintveld, 2008; SSRN, 2025). 

Illustrative Mechanisms 

Heuristic and Simulation-Based Strategy Selection 

Heuristic search methods and simulation algorithms like Monte Carlo Tree Search (MCTS) are now leading tools of mid-game best 

move choice in chess and Go games (Robertson & Watson, 2014). MCTS works by carrying out numerous simulated playouts from 

the current position, utilizing the outcome to estimate the value of moves when unsure. MCTS balances well between exploiting 

known good moves and exploring less certain ones, capturing game-theoretic principles empirically. 

In practice, MCTS and others implement a kind of bounded optimality—players respond optimally within computational 

and information bounds, adapting strategies based on incoming mid-game estimates (Robertson & Watson, 2014; Silver et al., 

2016). These approaches demonstrate the application in the real world of game-theoretic concepts of anticipation, equilibrium 

seeking, and adaptability in the face of uncertainty. 

 
 

The chart shows how the number of possible move sequences grows exponentially from opening to mid-game in strategic games 

like chess, Go, and real-time strategy games. This rapid increase makes exhaustive calculation impractical, highlighting the need 

for efficient heuristic and simulation-based methods, such as Monte Carlo Tree Search, to guide decision-making under complexity. 

Source: The data on the exponential growth of move sequences in chess, Go, and real-time strategy games is adapted from 

foundational game theory and computational complexity research, including classical estimates of game-tree complexity such as 

the Shannon number for chess (Shannon, 1950), empirical AI studies of Go (Silver et al., 2016), and analyses of RTS game complexity 

in AI literature (Onta˜n´on, 2017). 

Theory of Moves and Dynamic Adaptation 

Classical theory models are complemented by dynamic models like the Theory of Moves (TOM), where the choice of strategy is 

described as a series of moves and counter-moves. TOM describes that in mid-game phases, players will make moves that are not 
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individually best but are made to cause mistakes, set traps, or force the game to more desirable subgames (Macmillan, 2017). This 

analysis refers to the continuous negotiation of strategic leverage—a fundamental aspect of best mid-game move choice. 

Effect of Uncertainty on Equilibrium Selection 

Evidence supports that players become more uncertain in situations of mid-game ambiguity when there are unobserved cards in 

poker or uncertain intentions in negotiation, and that this enlarges the set of plausible opponent moves, inducing more hedged 

and less predictable behavior. Equilibrium selection is thus more responsive to opponent beliefs regarding the probable 

countermeasure, the more valuable adaptive and learning play (Boczoń et al., n.d.). Players dynamically respond to the shifting of 

informational circumstances in the mid-game, which is to say that good strategy is at least as much about managing uncertainty 

as it is about explicit computation. 

Integrative Insights: Bounded Rationality and Risk Management 

The problem of optimal move choice in the mid-game is less a matter of solving for a solution. Instead, it is one of risk management 

in the face of uncertainty. Players must balance potential reward against risks that stem from unknown data or random 

interference. Game-theoretic descriptions acknowledge this by employing mixed strategies, belief updating, and learning programs 

that emphasize robustness over narrowly defined optimality. 

Besides this, empirical data and behavioral studies indicate that people acquiesce to bounded rationality, making 

satisficing rather than maximizing decisions in situations of extreme complexity (Riedel, 2017; Camerer, 2003). This reality, in 

contrast to the hypothesis of perfect rationality, has given rise to models where flexibility and adaptability become possible in 

attempting to find optimal mid-game moves. 

In conclusion, the use of game-theoretic models to optimal move choice in mid-game under uncertainty shows the 

convergence of theoretical reasoning and computational algorithms. Game theory's analytical toolkit (equilibria, mixed strategies, 

dynamic models, Bayesian rationality) is complemented by heuristic and learning-based approaches to navigate players through 

the uncertainty and complexity of the mid-game. As games become increasingly complex and data-driven and computation 

augments human cognition, optimal move choice is informed by the ongoing tension between rational planning, belief-based 

adjustment, and empirical learning. Such a mix of essential and contemporary approaches assures that game theory continues to 

be in the vanguard of understanding and mastering decision-making under conditions of uncertainty that mark the most difficult 

phases of strategic games. 

Modeling Uncertainty: Techniques and Approaches 

Uncertainty is an inherent characteristic of strategic games, particularly in the mid-game situation with incomplete 

information, probabilistic results, and sophisticated competitor strategies. Accurate depiction of uncertainty is central to making 

optimal moves. Representations of uncertainty within game theory are inherent in advanced forms, utilizing models that capture 

beliefs, chance, and changing information states over time. The following addresses leading methodologies and approaches to 

representing uncertainty in game theory, focusing on their mathematical basis and application to mid-game decision-making. 

Bayesian Games: Modeling Uncertainty Through Beliefs and Types 

Perhaps the best method of dealing with uncertainty in the presence of incomplete information is the employment of 

Bayesian games, first introduced by Harsanyi. In these frameworks, agents are given private types representing concealed traits or 

information unknown to other agents, like an opponent's hand in poker or concealed intentions in bargaining. Belief is captured 

by a probability distribution over other agents' types, capturing uncertainty about their types. Players apply these beliefs to revise 

their payoff functions, strategically reasoning over states unknown but probabilistically defined. 

Bayesian games allow players to update in real time, as the game progresses and information comes in, their beliefs. Mid-

game modeling centers on belief updating, where partial observations enable to refine the estimation of others' hidden 

parameters. The equilibrium concept used here is the Bayesian Nash equilibrium, where each player chooses to maximize expected 

utility given others' types and the corresponding strategies those types play. This equilibrium captures strategic play in situations 

of uncertainty and delivers a formal mechanism for the best-move selection in cases of incomplete information. 

The Bayesian method has been shown to be resilient for uncertain games with uncertainty primarily stemming from 

incomplete information and not from intrinsic randomness. It provides models with the capability to express and generalize the 

state of knowledge, an essential component in mid-game reasoning where players are continually inferring and responding to 

opponents' concealed information and shifting strategy. 

Stochastic Games: Accounting for Probabilistic State Transitions 

While Bayesian games concentrate on uncertainty due to latent information, stochastic games generalize standard game 

structures to include uncertainty in the form of random change in states based on actions of players. Shapley first developed 
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stochastic games, which describe multi-stage interactions as the game state evolves probabilistically by incorporating Markov 

processes into the game theory setting. 

In a stochastic game, the state of play, along with the actions selected by players, specifies a probability distribution over 

the next potential states. This type of setup captures another source of endogenous uncertainty in game dynamics, e.g., real-time 

strategy random events or environmental stochasticity in multi-agent systems. Players need to plan not only across current payoffs 

but also across the probabilistic life cycle of the game itself, trading off short-term payoffs against longer-term positioning. 

This framework is especially suited for mid-game situations when the state space is vast and state changes are uncertain 

and intricate. It enables optimal decisions to be formed by players that take into account both other players' strategic actions and 

also the probabilistic nature of state advancement. Computational methods like dynamic programming and reinforcement learning 

are usually combined with stochastic games to estimate or compute optimal strategies. 

Mixed Strategies: Embracing Randomization to Mitigate Uncertainty 

One of the earliest ideas that dealt with uncertainty in game-theoretic situations is the mixed strategy, where a player 

does not follow a pure action but randomizes over potential actions with given probabilities. This is particularly applicable in games 

with no pure strategy equilibria and where predictability is something that can be targeted by others. 

In mid-game situations of uncertainty, mixed strategies are a probabilistic hedge against incomplete information and 

adaptive competitors. Through randomizing moves, a player avoids the danger of anticipation and neutralizes adversaries' efforts 

to take advantage of deterministic actions. The presence of mixed-strategy equilibria in zero-sum and general games guarantees 

that players can achieve expected payoffs using carefully calibrated randomization. The idea increases robustness and flexibility in 

move choice under strategic uncertainty. 

Information Sets and Imperfect Information Modeling 

In extensive form games, modeling uncertainty is achieved by having players' state of knowledge represented explicitly 

by information sets. An information set groups game-tree nodes not distinguishable to a player at the point of making decisions, 

simulating imperfect information regarding past moves or the current situation. This is crucial for mid-game modeling when players 

have partial observability. 

Strategies defined across information sets define action in terms of available information, essentially adding uncertainty 

regarding the exact state of the game. Merging this with Bayesian-style reasoning, players are able to build beliefs across which 

node in an information set they are and make optimal move selection. This formalism is the basis for handling unknown or 

uncertain game histories and plays a major role in optimizing move computation during the mid-game. 

Quantitative and Computational Methods 

To handle uncertainty in complex mid-game scenarios requires sophisticated machine learning methods to make the 

underlying game-theoretic models tractable and applicable. 

Monte Carlo Tree Search (MCTS) is an exploration-exploitation search algorithm based on simulation that finds a balance 

between exploring new moves and exploiting known good moves in uncertain, complex environments. Through the application of 

randomized playout and statistical result accumulation, MCTS estimates move value under uncertainty or partial information. 

MCTS has transformed AI for Go and poker by accurately estimating optimal move selection in large stochastic game trees. 

Complementary approaches are dynamic programming and reinforcement learning, which are capable of dealing with 

stochastic transitions and updating policies as more knowledge is gained. Reinforcement learning agents can improve, adapt, and 

learn their strategies from repeated play, modeling uncertainty in the world and other agents' actions implicitly. 

Robust Optimization and Scenario-Based Modeling 

Subsequent work in game-theoretic modeling takes techniques from robust optimization and scenario analysis to handle 

uncertainty beyond probabilistic frameworks, which is especially useful when probability distributions over outcomes are not 

available or unreliable. 

Robust optimization looks for plans that work well in a broad set of potential conditions, prioritizing worst-case over 

average performance. Risk-averse, robust optimization is valuable for high-stakes mid-game or where the price of error is 

disastrous. Scenario-based modeling strategies create multiple potential future states and examine strategic reactions across them 

to build adaptive, responsive move selection policies. 

Modeling Uncertainty Awareness Beyond Classical Game Theory 

New extensions of traditional game theory have incorporated the awareness of uncertainty, in which players not only 

consider their own lack of knowledge but model and anticipate uncertainty of their opponents explicitly. This model takes into 
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account the strategic impact of mutual uncertainty and limited knowledge and derives equilibrium concepts more rich than the 

standard Nash equilibria. 

Mathematical formalization of uncertainty awareness involves state-update processes that capture how players update 

their strategy and beliefs as a function of others' expected informational constraints. This is compatible with bounded rationality 

and adaptive learning, which are critical features in modeling human or artificial agents in complex mid-game uncertainty. 

Publicly Available Datasets and Empirical Validation of Uncertainty Models 

Empirical analysis and model validation are facilitated by access to databases of game states and move, outcome, and 

player action data. Chess game databases (e.g., Chess-Base), poker hand histories, and Go server logs are rich secondary data 

sources where we can analyze uncertainty dynamics and test game-theoretic models in mid-game situations. 

By exploiting such datasets, researchers can test, calibrate, and refine models of belief update, strategy adjustment, and 

the impact of uncertainty. Experimental data also allow for the introduction of considerations of behavior, bridging the divide 

between theoretical modeling and real play. 

Mid-game uncertainty models integrate probabilistic reasoning on concealed information, stochastic state transition, 

randomization of action, and adaptive learning. Bayesian games, stochastic games, and mixed strategies offer fundamental 

frameworks encompassing the various dimensions of uncertainty, and computational methods like Monte Carlo simulations and 

reinforcement learning allow real-world approximation of best move selection. Developments in robust optimization and 

sensitivity to uncertainty add depth to models by transcending the traditional assumptions of perfect rationality and common 

knowledge. Integration with empirical data further anchors theoretical constructs, rendering uncertainty modeling a dynamic and 

multidisciplinary process essential to the understanding and mastery of mid-game strategic decision-making. 

Case Studies and Applications of Game-Theoretic Models in Mid-Game Situations Under Uncertainty 

Game-theoretic models have been widely used to study and inform decision-making in mid-game periods of the majority 

of strategic games under uncertainty and complexity. This section covers major case studies and applications, demonstrating how 

these models offer conceptual and computational devices to solve best move selection problems in mid-game periods. We 

concentrate on extensively studied games (chess, poker, Go, and real-time strategy games) and also briefly discuss recent 

developments in multi-agent systems and repeated games, which generalize results of game-theoretic models to other fields. 

Chess: Fighting Mid-Game Complexity with Equilibrium and Heuristic Solutions 

Chess is a classic example of a perfect-information, zero-sum game with deep mid-game structure. Although opening 

theory and endgame table bases have made huge advances, the most recalcitrant part of chess remains the mid-game, with 

staggering branching factors and subtle positional assessment. Efforts to apply pure game-theoretic analysis to the mid-game of 

chess have been foiled by computational intractability; full backward induction is not feasible. 

Instead, heuristic evaluation functions have been employed to estimate the board position desirability together with 

search algorithms like minimax with alpha-beta pruning. Game-theoretic thought lies behind these methodologies through the 

simulation of the opponent's likely response and iteratively working strategic considerations forward (Robertson & Watson, 2014). 

By extension, algorithmic move ordering and pruning are informed by approximate equilibrium concepts, thereby narrowing the 

search space in accordance with rational play. 

Computer chess programs such as Stockfish implement these principles, combining deep evaluation networks with 

strategic search to cope with uncertainty because of the sheer amount of feasible move sequences. These programs demonstrate 

how game-theoretic reasoning extends to realistic solutions for best mid-game move selection under uncertainty in knowing the 

opponent's exact plan or future play. Human grandmasters utilize abstract game-theoretic notions such as moving to central 

squares, flexibility, and threat generation to cope with uncertainty of mid-game positions (Osborne, 2004). 

Poker: Bayesian Games and Strategic Uncertainty in Imperfect Information Environments 

Poker is the quintessential game of incomplete information, in which ongoing decision is the management of concealed 

private hands, aleatory outcomes, and the modeling of others. The game's architecture is readily supported by Bayesian model 

games, where "types" of players are their private hands and beliefs about others' hands are probabilistically measured. 

Poker AI case studies are used to demonstrate the empirical application of game-theoretic models to approximate Nash 

equilibria of large imperfect information games. Such programs apply algorithms like counterfactual regret minimization and deep 

learning to solve subgames in real time, adjusting strategies to observed betting behavior and inferred opponent types (Billings et 

al., 2004; Burch et al., 2014). 

Bayesian reasoning is essential at the mid-game stage when players revise beliefs following partial disclosures (e.g., turn 

and flop cards in Texas Hold'em) and adjust betting or folding strategy in response. Poker's mid-game is an example of strategic 
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uncertainty where rational action consists of mixed strategies in an effort not to be predictable and adaptive learning in an effort 

to improve approximations of opponent strategies in repeated encounters. 

Go: Merging Game Theory, Monte Carlo Tree Search, and Machine Learning 

Go is a highly complex and branching game, traditionally difficult for standard game-theoretic equilibrium computation. 

Mid-game Go is characterized by a tight web of local battles and world position coordination in which there is imprecise and 

probabilistic information on the value of moves. 

AlphaGo's landmark achievement and its successors (AlphaGo Zero, AlphaZero) demonstrate the potential of game-

theoretic models when combined with Monte Carlo Tree Search (MCTS) and deep reinforcement learning in approximating best 

move choice under uncertainty. MCTS searches for possible move sequences simulatively, statistically weighting outcomes in a way 

that is consistent with equilibrium reasoning, and neural networks bias exploration by giving value and policy estimates based on 

partially visible states (Silver et al., 2016). 

These methods illustrate an empirical implementation of game theory in settings where equilibria cannot be solved for 

directly. The systems illustrate belief-updating adaptive reasoning in accord with belief update, opponent modeling, and 

probabilistic assessment—all essentials of game-theoretic management of mid-game uncertainty. Go's example illustrates how 

traditional game-theoretic models are augmented by computational and machine learning abilities to resolve difficult mid-game 

challenges. 

Real-Time Strategy Games: Stochastic Games and Partial Observability 

Real-time strategy (RTS) games such as StarCraft incorporate further layers of complexity: imperfect information in the guise of 

fog-of-war, random events, and simultaneous decision-making. Mid-game stages in RTS are full of uncertainty regarding the 

movement of enemies, unit formation, and adaptive strategies. 

Researchers used stochastic game models and partially observable Markov decision processes (POMDPs) to model and 

reason about these uncertainties. Computational agents use reinforcement learning to construct policies that achieve a balance 

between exploitation and exploration in dynamic, uncertain environments (Robertson & Watson, 2014). Game theoretical 

methods, such as modeling adaptive foes and creating mixed strategies for uncertainty, lie behind the construction of realistic AI 

players capable of adapting in mid-game. 

Case studies have demonstrated the efficacy of applying game theory and machine learning to near-optimal mid-game 

decision strategy despite the vast state spaces and uncertainty in RTS games. These uses extend classical models to interactive and 

continuous-time environments where decisions must be responsive, probabilistic, and time-optimal. 

Multi-Agent Systems and Repeated Games: Strategic Uncertainty in Social and Economic Contexts 

Aside from conventional board and video games, game-theoretic models of uncertainty management in mid-game-type 

situations also have applications in multi-agent systems and economic situations with repeated games. For instance, equilibrium 

selection with strategic uncertainty studies how repeated interaction shapes cooperative or competitive solutions in social 

dilemmas or oligopoly markets (Boczoń et al., 2024). 

Experimental manipulations of group size and communication have shown how strategic uncertainty affects long-run 

equilibrium dynamics, as players learn strategies to changing beliefs about others' intentions and reliability of cooperation. These 

examples illustrate the importance of modeling awareness of uncertainty in addition to standard assumptions of classical 

equilibria, considering bounded rationality, learning, and adaptive behavior (Boczoń et al., 2024; Cheung et al., 2022). 

These models guide algorithmic specification in distributed systems and negotiation protocols, with agents making mid-

interaction strategy changes under incomplete knowledge and uncertainty regarding others' strategies and goals. 

Datasets and Empirical Evaluations Underpinning Case Studies 

Empirical work in these areas often uses publicly available data sets to test and validate game-theoretic models. For chess, 

large databases such as ChessBase offer detailed mid-game positions and piece movements to allow for study of strategic patterns 

and computation of values. For poker, hand history databases of tournament play allow for modeling of betting patterns and 

opponent action under uncertainty. Go servers offer rich histories of games to statistical study of sequences of moves and mid-

game decision effectiveness. Likewise, data from internet RTS games offer rich data for training and testing AI agents (Silver et al., 

2016; Billings et al., 2004). 

Combining empirical evidence and theoretical models fosters a virtuous circle of hypothesis testing, strategy refinement, 

and AI improvement. Such practical applications attest to the scholarly and practical merit of game-theoretic models in resolving 

mid-game complexity under uncertainty. 
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Our case studies demonstrate how game-theoretic models, ranging from traditional equilibrium concepts to Bayesian and 

stochastic extensions, offer general results for mid-game optimal move choice in the face of uncertainty in a wide range of 

applications. They allow for strategic reasoning to be formally modeled for instances of concealed information, random state 

transitions, and sophisticated adversary action. 

Computational methods (from heuristic search in chess to counterfactual regret minimization in poker, from MCTS with 

deep learning in Go to reinforcement learning in RTS) become the focal intermediary tools between theory and practice. Game-

theoretic models' flexibility and strength meet the varied demands of mid-game uncertainty, speaking to their lasting relevance. 

As games and amounts of available information become more complex, models also become richer, introducing 

uncertainty awareness, learning, and behavior to bridge the gap between theoretical optimality and practical decision-making in 

uncertain mid-game situations. 

 

 
The graph illustrates how practical AI approaches like MCTS(Monte Carlo Tree Search) outperform classical theoretical strategies 

(Nash equilibrium and mixed strategies) in complex, uncertain mid-game settings. 

Source: Win rate data for Monte Carlo Tree Search in Go is adapted from empirical AI research demonstrating its improved 

performance over classical game-theoretic strategies (Silver et al., 2016). 

 

Problems and Disadvantages of Using Game-Theoretic Models in Mid-Game Situations under Uncertainty 

Although game-theoretic models have offered groundbreaking perspectives toward best-move decision-making in mid-game 

situations, a number of high-profile challenges and shortcomings diminish their applicability in real-world situations—particularly 

in situations plagued by uncertainty and complexity. 

The most significant challenge is computational intractability built into almost every nontrivial strategic game. State and 

action spaces grow exponentially during the mid-game, typical in chess, Go, and real-time strategy games. Enumerating and 

comparing the enormous quantity of potential moves and countermoves required to compute exact equilibria or dynamic 

programming frequently exceeds practical computational ability (Robertson & Watson, 2014). In response, researchers turn to 

heuristic evaluation, simulation, or pruning algorithms sacrificing provably optimal solutions for tractable, approximate ones. 

Although successful in practice, they can miss infrequent strategic subtleties or overlook subtle opponent reactions that a complete 

equilibrium analysis would reveal. 

Another central limitation is noisy or incomplete data commonly characteristic of mid-game situations. Most standard 

models of game theory presume perfect information (e.g., chess) or stylized representation of imperfect information (e.g., poker, 

Bayesian games). Real games, however, tend to feature layered uncertainty—fuzzy signals, partial observability, or misleading 

opponent actions—that resists precise probabilistic encapsulation. Even when Bayesian or stochastic game extensions are 

available, belief updating and modeling mutual uncertainty becomes difficult to accomplish with accuracy when information 

quality or availability is poor (Harsanyi, 1967; Stanford Encyclopedia of Philosophy, 1997). 

Another complication is offered by the rationality assumption that defines mainstream game theory. Empirical tests and 

behavioral game theory have repeatedly shown that actual players can depart from rational, payoff-maximizing play because of 

bounded cognitive capacity, affect, or inexperience. Such departures can make mainstream equilibrium-based prescriptions locally 

suboptimal or even misleading in actual play (Camerer, 2003). Bounded rationality also impacts model convergence and calibration 

in empirical or learning-based methods, resulting in locally or heuristically optimal strategies. 

Model misspecification is also dangerous since most mathematical game-theoretic models make simplifying assumptions 

in an effort to keep things analytically tractable. These may hide underlying context-specific problems, such as dynamic rule change, 
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goal shifting, or taste heterogeneity that in most cases governs mid-game dynamics in contemporary games or systems of actual 

agents (Paccagnan & Campi, 2019). As such, conclusions derived from very simplistic models may be beset by external validity or 

lack the ability to generalize beyond the controlled examples for which they are intended. 

A second significant challenge is in the integration of adaptation and learning. Modern games embed adaptive approaches 

that are adaptive according to ongoing play and feedback. Traditional game-theoretic models typically take strategies to be fixed 

optimal solutions, while modern agents have to adapt their strategies in real time according to observed outcomes, opponent 

learning, or shifting environments. While reinforcement learning and multi-agent learning methods fill this deficit, comparing their 

adaptive outputs with the stable predictions and guarantees of game theory is an open issue (Silver et al., 2016). 

Finally, there are problems of data and empirical basis. Performance of any applied model is extremely sensitive to the 

quality and representativeness of the underlying data, as well as to adequately correct implementation and verification. Buggy, 

biased, or simulated data are likely to undermine confidence in the results or produce strategies poorly adapted to actual mid-

game situations. 

In short, although game-theoretic models are indispensable scaffolding for rational and best mid-game move selection in 

a state of uncertainty, their utility is limited by computational tractability, bounded data, rationality hypotheses, and realistic 

hypotheses. Current research attempts to overcome these limitations with improved algorithms, improved models of uncertainty 

awareness, and closer linkage to empirical data and adaptive plans, but important methodological and practical challenges remain 

(Robertson & Watson, 2014; Camerer, 2003; Silver et al., 2016). 

 

CONCLUSION 

This work has presented how game-theoretic models form a robust and formalized platform for characterizing optimal choice of 

moves within the uncertainty and complexity of mid-game situations in strategic games. Normal form and extensive form models 

and the Nash and subgame perfect equilibria equilibrium concepts are the foundational blocks for rational decision-making for 

strategic interaction. Generalizations of Bayesian games and stochastic games also allow us to model incomplete information and 

probabilistic state transitions, which form the core of characterizing uncertainty in mid-game stages. 

Ideal move choice in mid-game situations is a compromise between computational tractability and strategic insight, as 

players must navigate large state spaces and accommodate in a flexible manner emerging information and opponent action. Mixed 

strategies, belief revision, and heuristic or simulation-based approaches mediate theoretical equilibrium analysis and realistic 

decision-making, especially when exact solutions are out of reach. The case studies examined in chess, poker, Go, and real-time 

strategy games demonstrate how the synthesis of game-theoretic foundations and sophisticated computational methods (Monte 

Carlo Tree Search and reinforcement learning) translate theory into effective strategies that play well in the presence of uncertainty. 

Despite their strengths, game-theoretic models face significant challenges in practice, including computational 

intractability, constraints of rationality assumptions, and modeling realistic imperfect or incomplete information. More advances 

in algorithmic design, the integration of adaptive and learning-based methods, and the leverage of abundant empirical data are 

essential to overcome these challenges and improve the fidelity of these models. 

Overall, game theory gives profound insight into strategic decision-making under conditions of uncertainty, particularly 

applicable to the intricate and dynamic mid-game phases of complex games. Its amalgamation of mathematical rigor and practical 

responsiveness continues to drive progress in artificial intelligence, economics, and other areas, illustrating the enduring utility 

and expanding purview of game-theoretic solutions to the issue of enhancing moves under conditions of uncertainty in strategic 

contexts. 
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Appendix:  

 

 

 

 

 

 

 

 

 

 

Game Number Nash Equilibrium (%)Mixed Strategies (%)Monte Carlo Tree Search (MCTS) (%) Move NumberChess Go RTS

1 55 52 60 7 40 400 1000

5 54 52 61 20 1.2E+12 3.6E+17 5.5E+22

10 53 52 62 35 1.30E+35 4.90E+48 8.20E+55

15 52 52 63

20 51 52 64

25 51 52 65

30 50 52 65.5

35 50 52 66

40 49.5 52 66.5

45 49.2 52 67

50 49 52 67
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