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Abstract

Corporate decision-making entails complex, high-dimensional, non-linear stochastic
control during which managers learn and adapt via dynamic interactions with the
market environment. We propose a data-driven-robust-control (DDRC) framework to
complement traditional theory, reduced-form models, and structural estimations in cor-
porate finance research, emphasizing both empirical explanation and prediction of firm
outcomes while delivering policy recommendations for a variety of business objectives.
Specifically, we develop a predictive environment module using supervised deep learning
and integrate a decision-making module based on generative deep reinforcement learn-
ing. By incorporating model ambiguity and robust control techniques, our framework
not only better explains and predicts corporate outcomes in- and out-of-sample but
also prescribes key managerial actions that significantly outperform historical ones. We
document rich heterogeneity in model prediction performance, ambiguity, and policy
efficacy in the cross section of U.S. public firms and across time regimes. Importantly,
DDRC helps delineate where theory and causal analysis should concentrate, integrate
fragmentedknowledge (e.g., via transfer learning), and reveal managerial preferences
(through an extension combining inverse reinforcement learning).
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1 Introduction

Corporate finance research studies firm decision-making and outcomes using theoreti-

cal models and archival data. The literature is built on simplified and tractable repre-

sentations of the corporate environment where rational agents optimize their utilities and

interact. Notably, scholars have raised concerns about the low predictability and limited

explainability of corporate outcomes, underscoring a systematic gap in our understanding

of corporate decision-making (see, e.g., Graham, 2022, Presidential Address of the Amer-

ican Finance Association). Many theoretical models in corporate finance are static, ana-

lyze partial-equilibrium, or overlook the interactions with the environment, while empirical

studies typically report evidence that is merely “consistent with” ex-ante a priori theories

without providing a realistic alternative (Spiegel, 2023). In contrast, real-world managerial

actions and firm outcomes are now recorded with exceptional granularity and timeliness.

Our paper demonstrates that a data-driven perspective — leveraging abundant data, algo-

rithm advances, and powerful computation — can reveal novel empirical patterns and deliver

valuable economic insights to guide both academic research and managerial practice.

Implementing a data-driven approach to uncover empirical patterns and advise corporate

decision-making presents several challenges. First, managers face a combination of complex

decisions in a high-dimensional action space, often contingent on numerous state variables.

Their interdependent actions produce highly nonlinear effects that go beyond the reach of

conventional econometric models and low-dimensional causal inference. Second, managerial

decisions interact dynamically with the economic environment, with market feedback fur-

ther influencing subsequent choices (e.g., Bond et al., 2010, 2012; Edmans et al., 2012, 2015).

Such feedback loops not only impose significant costs but also complicate empirical analyses.1

Moreover, because optimal corporate decisions are rarely “labeled” in historical data, stan-

dard supervised learning techniques are of limited use. Third, unlike physical laws, financial

markets evolve rapidly; consequently, concerns about data distributional shifts become both

relevant and pressing.2

1More generally in social science research, real-time online interaction to generate new data is impractical,
either because unfiltered, continuous data collection is expensive (e.g., in high-frequency trading), unethical
(e.g., hiring and firing employees), or possibly dangerous (e.g., law enforcement). Even in domains where
online interaction is feasible, we might still want to utilize previously collected data instead — for example,
if the domain is complex and effective generalization requires large datasets. Therefore, as explained later,
we pursue an offline reinforcement learning (RL) approach using historical data similar to Cong et al. (2020).

2Data shifts, also known as distributional shifts, occur when the joint distribution of inputs and outcomes
differs between training and test samples.
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Given that managerial decision-making is essentially robust control problems character-

ized by high dimensionality, nonlinearity, dynamic learning, and evolving complexity, existing

models often fall short of providing practical policy recommendations for corporate execu-

tives. For example, reduced-form empirical models can illuminate the economic mechanisms

underlying a particular policy for a selective group of agents; however, their focus is typically

local and low-dimensional. As a result, they lack the capacity to explain broader empirical

outcomes, generate comprehensive counterfactuals, or yield generalizable recommendations

beyond isolated causal effects. Structural estimations excel at managing model complex-

ity to generate counterfactuals by modeling environments in a holistic manner that retains

interpretability and a clear economic rationale. However, these models confine themselves

to analytically tractable theories and conventional Markov decision processes (MDPs) with

pre-specified transition probabilities, largely neglecting dynamic feedback and continuous

learning about the environment. Doing so limits their ability to accurately explain observed

data, generate reliable out-of-sample predictions, or ultimately provide practical guidance

for managerial decision-making.

To advance predictions of firm outcomes under various counterfactual managerial deci-

sions — and ultimately to guide corporate decision-making — we integrate deep learning,

offline reinforcement learning, and robust control based on ambiguity, thereby framing corpo-

rate decision-making as a data-driven-robust-control (DDRC) problem. The framework we

propose (“AlphaManager model”) serves as a data-driven counterpart to structural estima-

tions by searching a broader modeling space that lends theoretical insights with data-driven

patterns. In doing so, it provides a comprehensive depiction of the economic system, explain

corporate outcomes, and generate high-dimensional, effective recommendations for enterprise

decisions. In our DDRC framework, managerial decision-making is modeled as a robust con-

trol problem in which managers maximize their utilities based on contemporaneous states.

AlphaManager comprises two modules: (1) the predictive environment module (PEM) and

(2) the decision-making module (DMM). In PEM, we leverage supervised deep learning to

capture the nonlinear, high-dimensional features inherent in financial big data. In DMM,

assuming PEM as given, we apply offline deep reinforcement learning (RL) to reduce search

costs and incorporate of flexible managerial objectives along with dynamic feedback.3 Fi-

3Reinforcement learning (RL) is “learning how to map situations to actions so as to maximize a numerical
reward signal.” It is one of the three paradigms of modern machine learning together with supervised learning
and unsupervised learning. In RL, an agent learns about states of its environment and takes actions that po-
tentially affect states going forward as well as its objective function to maximize. RL is particularly well suited
for this task because it learns optimal actions through sequential decision-making and iterative experience ac-
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nally, the robust control techniques such as ambiguity aversion are introduced as constraints,

ensuring that AlphaManager remains conservative in the face of high model uncertainty (for

instance, due to overfitting, data shifts, or endogeneity concerns), thus mitigating risks.

AlphaManager first constructs predictive environments to test counterfactual via PEM,

which generates counterfactual forecasts that both explain and predict variations in corporate

outcomes. This process circumvents the need for costly experimentation or explicit causal

identification, while still capturing environmental feedback effects. Despite apparent com-

plexity, the DDRC framework enhances traditional reduced-form and structural approaches

in several important ways. First, by simulating outcomes from a range of counterfactual

managerial decisions, PEM uncovers empirical patterns that can both challenge and refine

existing theories — informing new theoretical research. Second, it signals scenarios in which

historical data and theory alone are insufficient, underscoring the necessity of reduced-form

or structural models for effective learning. To assess model uncertainty, PEM deploys an

ensemble of deep neural networks with identical architectures but different initializations; dis-

agreement among these networks indicates that the model is extrapolating beyond its train-

ing data, rendering counterfactual predictions less reliable. Finally, our framework integrates

insights from both reduced-form and structural models through ambiguity-guided transfer

learning.4 In situations where ambiguity is high, empirical causal identification and theoret-

ical modeling play a joint, critical role in enriching the base for counterfactual predictions.

AlphaManager then incorporates a decision-making module (DMM) for managerial pol-

icy optimization, marking our work the first to combine RL with robust control in corporate

finance. At its core, corporate finance problems can be viewed as involving a “system”

(the firm and its environment) and a “controller” (the manager).5 The controller’s objec-

tive is to optimally manage the system, constrained by (1) the manager’s knowledge of the

cumulation (Sutton and Barto, 1998). Unlike dynamic programming in structural estimation – which relies on
known transition probabilities and fixed rewards structures — RL addresses a more general MDP where tran-
sition probabilities and rewards are unknown. RL does it either via a model-based approach (e.g., AlphaMan-
ager which learns the a model of the environment from data) or a model-free approach (e.g., Q-learning).

4Transfer learning has proven valuable across many domains; for instance, the pre-training used in large
language models (LLMs) is a form of transfer learning. This approach can be tailored to economics and
finance (see Chen et al. (2023)).

5Traditionally control theory is generally designed to solve linear (or linear quadratic) systems with
well-defined objectives, law of motions for states, and constraints. However, real-world systems are
nonlinear, and techniques that linearize these systems are limited to specific cases. Moreover, accurately
modeling such system is challenging, which is why traditional model-driven control approaches — such as
structural models in corporate finance — often exclude systems whose underlying dynamics are not fully
known. The complexity of these systems increases when addressing hyper-scale issues, such as financial
contagion or climate change responses, where unknown nonlinearities and unobserved environmental states
render standard dynamic programming and simulation methods inadequate.
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system’s state and environment — information that is gleaned via “system sensors” like

accounting, auditing, and reporting — and (2) the limited set of parameters that can be

directly controlled. In AlphaManager, these two aspects are operationalized by first training

a deep supervised learning based PEM from historical data that allows effective counter-

factual analysis and data generation. We then train DMM using RL to identify the most

effective combination of managerial actions for a given business objective. RL generates the

optimal control trajectory based on an exogenously defined reward structure (e.g., market

capitalization appreciation) using unlabeled data and by interacting with the environment.

In doing so, it offers normative recommendations for managerial decision-making. Finally, by

integrating robust control theory — particularly through ambiguity aversion — we guide the

training of AlphaManager to extract optimal decisions even under high model uncertainty

(Hansen and Sargent, 2023).

Our AlphaManager application is trained on Compustat, which contains a long panel of

fundamental variables of US-listed firms. We study nearly 20 thousand distinct firms with

over half-a-million unique firm-quarter observations, ranging from 1976 to 2023. We supple-

ment our dataset with additional stock market data from CRSP, and incorporate macro-level

data; e.g., the National Financial Conditions Index (NFCI), from the Chicago Fed. We de-

fine two sets of variables: state variables and managerial decision variables. State variables

describe the state that a firm faces in a given period of time. Typical examples involve

fundamentals of firms (internal states), and macroeconomic or market conditions (external

states). Managerial decision variables mediate the future state dynamics and also influence

the utility functions of managers.

In PEM, a deep neural network is trained to minimize the mean-squared error (MSE)

between real future states and predicted ones, with the input of current states and current

managerial decisions. Our PEM achieves high accuracy in predicting and explaining the

evolution of firm outcomes (the state variables) with the help of information on managerial

decisions, i.e., the managerial planning one period forward. For instance, AlphaManager

produces a 64.7% cross-sectional R2 for book asset growth and 3.2% for market cap growth,

both out of sample. To make it comparable to other empirical research in corporate fi-

nance, we also calculate the predictability without managerial planning information. The

predictability and explanability remain high for many variables, but more interestingly, for

outcomes such as book asset, market capitalization, and enterprise value, the out-of-sample

R2s become negative. This finding is consistent with empirical asset pricing research where

the market environment is simply too noisy. Critically for our analysis, however, these results
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inform us which managerial decision variables matter most for firm dynamics going forward.

Based on PEM, we are able to analyze the heterogeneous outcomes and model ambiguity

under counterfactual managerial decisions by state variable, sector, book-to-market decile,

and macroeconomic regimes. PEM performs particularly well in trade and transportation,

education and healthcare, and manufacturing; predictability is also higher during expansions.

Firms with higher firm-level states in the cross section have lower MSE and ambiguity.

Notably, model ambiguity is highest for high book-to-market firms.

In DMM, with an exogenously specified utility function of managers, we obtain optimal

policies that generate managerial decisions that maximize utilities based on current states.

When optimizing the short-term market cap growth, the quarterly outperformance of optimal

decisions compared to real managerial decisions is 10.1%. When optimizing the long-term

market cap growth, the quarterly outperformance is 8.7%. We find similar patterns when

the objective is set as enterprise value growth, with quarterly outperformance of 4.4% and

2.7%, for short and long-term growth, respectively.

We contrast DMM-suggested policy under short-term versus long-term growth in firm

value, as well as the term structure of this growth under DMM suggested optimal managerial

policy. The contrast between short- and long-term oriented managerial decisions and their

implications for firm value are receiving renewed interest in the corporate finance literature

(see, e.g., Almeida et al., 2024). Short-term AlphaManager RL outperforms long-term RL

in the long run but with higher ambiguity. After ambiguity adjustment, the performance

of short-term RL is decreasing in the evaluation time horizon compared to the long-term

RL. We further discuss the long-term implication of firm valuation under managerial short-

termism from the point of view of board members. Notably, this approach does not require

any knowledge of real decisions, which is the key difference between RL and commonplace

supervised machine learning algorithms.

Naturally, the action and information space of a manager is vast. One might wonder about

the set of variables needed for a given application and about when should one stop collecting

data and constructing new variables. Conveniently, our proposed approach is not hampered

by these concerns. Among other things, most variables one uses in applied corporate finance

research already convey information about many others. For example, the firm’s capital

structure already conveys information about its access to credit, risk, asset mix (collateral),

and more. The same applies to firm size, or as to whether it is publicly traded, hence the

amount of information available to investors. Data “confoundedness” is a plus — not a chal-

lenge — to our data-driven approach. The approach we propose is less prone to criticism re-
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garding inconsistencies in variable selection made by researchers in existing studies (see Mit-

ton, 2022) | inconsistencies leading to practices likeP-hacking andex-post theory-�tting.

Given the large counterfactual tests we do using the predictive environmental module,

AlphaManager necessarily makes extrapolation and interpolation from historical data. Given

that historical data are endogenously generated, potential model misspeci�cation poses a par-

ticular challenge. The literature traditionally examines parameter stability using Chow-type

tests (Andersen et al., 2015). One can also detect static misspeci�cation's by testing moment

conditions under a GMM framework (Pan, 2002). For dynamic misspeci�cation tests, Jarrow

and Kwok (2015) provide an intuitive exact calibration approach utilizing analytical theoreti-

cal models. Our use of deep neural networks goes beyond economic theory and is data-driven.

While it explores a much larger modeling{functional space, model misspeci�cation is gener-

ally dynamic and hard to detect with conventional econometric tools. Therefore, to guard

against and mitigate misspeci�cations, we adapt the new approach of utilizing ambiguity

aversion and entropy-based measures to a data-driven setting. The model ambiguity measure

also informs us of scenarios where additional knowledge from theories and causal identi�ca-

tions is important and the ones where predictive models trained on historical observations suf-

�ce. It not only guides corporate �nance researchers on the dimensions to focus on, but also

allows the integration of fragmented knowledge through ambiguity-guided transfer learning.

Our study contributes to the emerging literature on AI in �nance. Machine learning

and natural language processing have been widely applied in investment and asset pricing

(e.g. Cong et al., 2020, 2021; Gu et al., 2020; Feng et al., 2020). They have also seen

applications in studies on corporate �nance or �nancial market risk (e.g., Cong et al., 2018;

Li et al., 2020; Bellstam et al., 2020; Hanley and Hoberg, 2019; Campello et al., 2024); but

their applications beyond creating or improving the measure of some explanatory variables

are rather limited. Exceptions to this line of work include Erel et al. (2018) on predicting

board director performance, Cao et al. (2023) on how machines and managers interact in

the context of conference calls and earnings announcements, Cao et al. (2021) on how an AI

analyst can provide additional insights on stock market forecasts to human analysts. We note

that these studies employ standard | often rudimentary | models designed for prediction

or focus exclusively on supervised learning (learning through examples) without applying

the core paradigm (i.e., deep RL) in AI innovations in the past two decades. In contrast,

we present the �rst AI and robust control application in �nance. In fact, we are among

the �rst to apply model-based o�ine RL in economics to o�er a data-driven alternative to

reduced-form models and structural estimations.
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Our paper also contributes to the literature on model uncertainty (\ambiguity") and

robust control. Ambiguity represents a source of uncertainty where an economic agent is not

con�dent in which prior models to choose for prediction tasks Hansen and Sargent (2023).6

Its applications in �nance are rare and mostly focus on asset pricing and investment (e.g.,

Wang, 2005; Mamaysky et al., 2007; Dicks and Fulghieri, 2021), with Dicks and Fulghieri

(2019) (�nancial intermediation), Garlappi et al. (2017) (corporate investment), Izhakian et

al. (2022) (capital structure), and Malenko and Tsoy (2020) (security design) as exceptions.

Meanwhile, robust control has been put forth in Hansen and Sargent (2001) where a rational

agent solves a stochastic control problem under ambiguity aversion. Studies about robust

control are mostly theoretical, except for Barnett et al. (2020) which applies robust control

to the context of climate change risks. Our work contributes to the literature on model

uncertainty as the �rst empirical/methodological application of the ambiguity concept in

corporate �nance. We also add to robust control studies by estimating ambiguity with

the help of deep learning and then approximate solutions to robust control problems using

estimated ambiguity and o�ine RL.

Finally, our work can be placed in the context of the emerging computer science literature

on o�ine RL (a.k.a, batched RL, e.g., Fujimoto et al., 2019; Kidambi et al., 2020).7 A number

of papers have illustrated the power of such an approach in enabling data-driven learning

of policies for dialogue (Jaques et al., 2019), robotic manipulation behaviors (Ebert et al.,

2018; Kalashnikov et al., 2018), and robotic navigation skills (Kahn et al., 2021). While

Cong et al. (2020) is the �rst �nance paper that applies o�ine RL (with online updates) to

portfolio management, the authors do not fully optimize the environment module to mimic

the real environment. We instead follow Kidambi et al. (2020) to build and optimize an

environment module to calculate the transition probability across states without requiring

experimenting via a simulator or costly interactions with the actual corporate or market

environment. Together with Chen et al. (2023), we are the �rst studies introducing transfer

learning in �nance. Transfer learning leverages knowledge from one task or domain and apply

6Hansen and Sargent (2023) de�nes three sources of uncertainty: risk (in-model innovation), ambiguity
(model uncertainty), and misspeci�cation (model class uncertainty). Campello and Kankanhalli (2024)
provide a comprehensive review of the research of uncertainty in corporate �nance.

7Unlike online RL where real-time interactions with the actual environment or environment simulators
are possible and counterfactual statements can be evaluated directly, o�ine RL often works only on historical
data without any online interactions with the environment to generate additional data for model training
(e.g., Fu et al., 2020). In a pure data-driven scheme, o�ine RL enables researchers to explore �elds that are
considered infeasible by classical online RL algorithms, especially those closely related to human behaviors
where environment interaction is costly, infeasible, or dangerous (Levine et al., 2020).
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it to improve learning in a di�erent but related task or domain. Our DDRC framework

is compatible to incorporate inferences from existing empirical causalities and theoretical

models to our PEM for better internal validity. Our innovation also lies in using ambiguity to

guide the choice of transfer learning and the application in corporate �nance. More broadly,

our study adds to emerging studies utilizing AI for goal-oriented search, which involves both

heuristic search using RL and greed search using panel trees (Cong et al., 2022, 2023).

The rest of the paper is organized as follows. Section 2 describes the DDRC framework.

Section 3 details data and model training. Section 4 reports the functionality and empirical

results from PEM, whereas Section 5 investigates the optimal managerial actions DMM

recommends under various given objectives. Section 6 discusses novel research questions

that DDRC is particularly suited for. Section 7 concludes.

2 The Data-Driven-Robust-Control Framework

The DDRC approach is comprised of two modules, one utilizes a collection of deep learners

to describe the market environment and how the outcomes of interest respond to manage-

rial actions, and the other involves a reinforcement learner o�ering an optimal policy while

dynamically interacting with the market environment and incorporating feedback. The re-

sulting AlphaManager architecture is illustrated in Figure 1. The uses of the recti�er or

ReLU (recti�ed linear unit) and tanh activation functions are standard in deep learning; the

self-attention mechanism is widely seen in many deep learning models, such as transformer

models; the state variable vectorX t and managerial control vectorut are introduced shortly.

2.1 Predictive Environment Module (PEM)

To conduct counterfactual analyses in our context, we need to model the market environ-

ment. Conventional causal analyses (e.g., instrumental variables and regression discontinuity

designs) do not provide a comprehensive solution because these identi�cation strategies are

hard to come by or costly to establish (e.g., through experiments). Even when we have

them, causal links are only identi�ed locally and typically when varying a single treatment

dimension. We are interested in learning about the outcomes of not only large corporate

events, such as mergers or bankruptcies, but also any marginal decisions, such as combi-

nations of increasing dividend payouts and reducing investment spending | decisions that

are far more frequent and high-dimensional in the practice of �nancial management. By
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