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ABSTRACT

Causal decision-making (CDM) stands as a critical issue in the field of causal
inference, as it directly measures the final utility generated by causal effect es-
timation. In existing literature, the CDM problem typically adopts the predict-
then-optimize framework to integrate modules from Machine Learning (ML) and
Operations Research. The first step leverages a causal ML model to predict the
treatment effect; the second step solves the decision-making problem based on
the predictions from the first step. However, due to the propagation of prediction
errors from the ML model, the quality of the final decision often remains subopti-
mal. Decision-Focused Learning (DFL) is an end-to-end modeling paradigm that
directly incorporates the ultimate decision loss into the loss function during the
prediction model training phase, enabling the ML model to directly maximize the
quality of the ultimate decision. Nevertheless, the generalized application of DFL
to CDM problems is non-trivial. A core challenge arises from the counterfactual
problem: the ML model cannot obtain the ground truth of the treatment effect for
each individual. This renders the calculation of decision loss infeasible, thereby
impeding the training process of the DFL. In this study, we first define a gener-
alized formulation of the causal treatment assignment problem and theoretically
demonstrate the potential advantages of DFL in this context. Furthermore, we pro-
pose a Decision-Focused Learning via Pseudo Labels (DFL-PL) approach, which
improves the learning process of traditional two-step meta-learner approaches.
By enhancing the training pipeline with pseudo-outcomes, our approach enables
the calculation of decision loss and the backpropagation of this loss for model
training. Finally, we validate the effectiveness of the proposed algorithm on both
synthetic datasets and real-world data from Didi Chuxing.

1 INTRODUCTION

Causal Decision Making (CDM) represents an integrated field that combines causal inference and
decision theory (Ge et al., 2025). Its primary objective is to address the inadequacy of conventional
predictive models in intelligent decision-making systems when tackling counterfactual problems
(Feuerriegel et al., 2024). Typically functioning as a framework that integrates causal machine
learning (ML) models with decision models, CDM aims to achieve high-quality decision-making
outcomes (Athey & Wager, 2021). Moreover, CDM elucidates how causal inference can provide
support for decision-making systems (Cavenaghi et al., 2024).

Existing work has mainly focused on the first stage of CDM, namely causal effect estimation (Win-
ship & Morgan, 1999). Initially, given historical data, causal machine learning models are trained
with the goal of minimizing the fitting error of causal effects, while incorporating covariate infor-
mation closely related to the problem (Yao et al., 2021). Common implementation methods include
causal forests (Wager & Athey, 2018; Athey et al., 2019), neural network-based approaches (Shalit
et al., 2017; Johansson et al., 2022), and meta-learners (Künzel et al., 2019; Nie & Wager, 2021;
Kennedy, 2023). Regarding the decision-making stage, one major research stream is to directly
learn an optimal assignment policy, namely causal policy learning, which selects an optimal pol-
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Table 1: Comparison of related work on constrained decision-making (CDM) problems

Ref Method Data Assumption Treatment assignment problem

Athey & Wager (2021) Weighted classification RCT Problem without constraint
Zhao et al. (2017) Regression that maximizes expected response RCT Problem without constraint
Fernández-Lorı́a et al. (2023) Weighted classification RCT Problem without constraint
Devriendt et al. (2020) Learning to rank RCT Top-k problem
He et al. (2024) Learning to rank RCT Top-k problem
Betlei et al. (2021) Learning to rank RCT Top-k problem
Fernández-Lorı́a & Provost (2022) Regression on the proxy target RCT Top-k problem
Ai et al. (2022) Regression that maximizes the heterogeneity RCT Cost-efficient problem
Casacuberta & Hardt (2026) Low-estimation method RCT Cost-efficient problem
Zhou et al. (2023) Learning to rank RCT Cost-efficient problem
Kamran et al. (2024) Learning to rank Observational Top-k problem
Vanderschueren et al. (2024) Learning to rank Observational Top-k problem
Zhou et al. (2024) Decision-Focused Learning RCT Cost-efficient problem
Zhang et al. (2025) Decision-Focused Learning Both Cost-efficient problem

Ours Decision-Focused Learning Observational General problem with constraints

icy from a specific policy class (Yadlowsky et al., 2025; Chernozhukov et al., 2022)). In practice,
CDM is often subject to constraints such as total resource limits or fairness requirements (Athey,
2017), which can make decision-making complex and potentially NP-hard. Therefore, it is essen-
tial to construct and solve an optimization model that aligns with the decision-maker’s objectives
to achieve optimal decisions. The pipeline that integrates causal machine learning models with the
constructed optimization models constitutes the most general CDM framework, which is referred to
as the predict-then-optimize (PTO) framework in the literature (Elmachtoub & Grigas, 2022).

However, from the perspective of PTO integration, achieving more accurate causal estimation is not
the ultimate objective. Instead, the focus should be on how to optimize the pipeline to best sup-
port decision-making—a crucial point that is often overlooked in existing research (Fischer-Abaigar
et al., 2024). While the traditional two-stage ”predict-then-optimize” framework persists in pursuing
the most accurate predictions, it may not necessarily yield optimal decisions due to the propagation
of errors (Bengio, 1997). A more appealing approach is to conduct joint modeling of prediction
and decision-making, directly optimizing the final decision performance, which is named Decision-
Focused Learning (DFL) (Mandi et al., 2022). Due to its end-to-end modeling perspective, the
application of DFL to CDM offers two core advantages: it standardizes the evaluation metric of the
PTO framework (i.e., decision loss) and provides methodological and theoretical support for learn-
ing decision loss during the prediction phase. A key challenge in DFL is converting constrained
optimization problems into differentiable loss functions while maintaining stable training, further
complicated by non-convexity and discontinuity of the decision loss. Since Amos and Kolter (Amos
& Kolter, 2017) first proposed OptNet to incorporate quadratic programming into end-to-end train-
ing, scholars have developed various methods, including direct differentiation (Agrawal et al., 2019),
perturbation smoothing (Berthet et al., 2020), and surrogate loss (Elmachtoub & Grigas, 2022). Sup-
ported by validation on numerous benchmarks, DFL has demonstrated its outstanding performance
across a wide range of scenarios (Mandi et al., 2024; Guo et al., 2026).

Nevertheless, despite the availability of methods for achieving DFL, it appears to conflict with CDM.
First and foremost, a core challenge addressed by causal ML models in CDM is the estimation of
treatment effects when the ground truth of treatment effects in historical data remains unobserv-
able. In contrast, DFL training computes the decision loss using optimal decisions derived from
the ground truth of treatment effects. This logic is intuitive: since DFL aims to learn methods for
achieving superior decisions, it naturally requires superior decisions as supervisory signals for train-
ing. However, in the pipeline of CDM, neither the ground truth of treatment effects nor the optimal
decisions are available, creating a fundamental mismatch (Zhou et al., 2024). Second, integrating
DFL into CDM necessitates addressing the compatibility between decision loss and causal loss.
Causal learning aims to eliminate biases induced by confounding factors that may impair predictive
accuracy, whereas DFL deliberately introduces certain biases to better align predictions with down-
stream decision tasks (Yang et al., 2025b). Consequently, within the CDM framework, DFL and
causal learning must be combined with care so as to preserve the advantages of both.

In Table 1, we summarize related work that seeks to directly maximize downstream decision per-
formance at the prediction stage. The primary differences among existing approaches stem from the
specific treatment assignment problems they consider and the underlying data assumptions. First,
prior studies typically formulate specific treatment assignment problems and design customized
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learning method to match the corresponding decision tasks (e.g., weighted classification for uncon-
strained problem and learning-to-rank for Top-k selection). This specificity may lead to a lack of
transferability, as such methods are often difficult to generalize across different decision settings.
In contrast, a key advantage of DFL is its ability to adaptively accommodate diverse decision tasks
under arbitrary constraints while maintaining precise alignment with the target decision objective,
without requiring expert-crafted, task-specific loss functions. As a result, DFL provides a more gen-
eral framework for enhancing CDM pipelines. Prior work has provided empirical validation of DFL
in large-scale subsidy allocation problems, notably in Zhou et al. (2024) and Zhang et al. (2025).

Regarding data assumptions, most existing works rely on the availability of randomized controlled
trial (RCT) data. The central advantage of RCT data lies in the independence between treatments and
covariates, which enables unbiased estimation of policy performance via expected outcome metrics
(Zhao et al., 2017; Ai et al., 2022). When sufficient RCT data are available, this setting approxi-
mately resolves the counterfactual inference problem, thereby enabling the computation of decision
loss and offline policy evaluation—both of which are critical for DFL. However, the most prevalent
and challenging CDM setting is one in which only historical observational data are available. First,
RCT data are often difficult to obtain, as conducting randomized experiments typically incurs sub-
stantial costs or entails policy risks. Second, selection bias inherent in observational data induces
a cascade of adverse effects: although existing methods can debias observational data to recover
unbiased estimates of treatment effects, they often suffer from high prediction variance. Third, the
dependence between covariates and treatments in observational data prevents straightforward eval-
uation of policy performance like RCT data, further limiting the applicability of DFL.

In this paper, we first define a general treatment assignment problem, then quantify the decision
quality for this problem and analyze the differences between learning the most accurate treatment
effect and pursuing the optimal decision in this problem. Concurrently, We propose a DFL-based
causal learning method, termed Decision-Focused Learning via Pseudo-Labels (DFL-PL), which
constructs a decision loss using pseudo-labels to enhance the decision performance of causal learn-
ing. Specifically, our key contributions are outlined as follows:

• We first define a class of CDM problems based on the PTO framework. In the first stage,
historical observational data can be used to estimate the treatment effects. In the second
stage, based on the estimated values, our goal is to maximize decision performance in a
general treatment assignment problem.

• We quantify the evaluation metrics for CDM problems and discuss the differences between
learning optimal decisions and learning treatment effects. This allows us to explore the
potential sources of gains from decision-focused learning in this scenario and guide im-
provements to existing CDM method.

• We design a pipeline that integrates causal learning and decision-focused learning for ob-
servational data. The proposed method enhances causal meta-learners by constructing
pseudo-outcomes and incorporating decision loss, and trains the entire pipeline using a
cross-fitting strategy. This enables the algorithm to directly optimize decision performance,
leading to improved decision quality.

We conduct model testing using both synthetic data and real-world data. For the synthetic data
experiments, we include both simple and complex decision scenarios; for the real-world data exper-
iments, we select city-level subsidy assignment data from Didi Chuxing. Across all tested problems,
our framework demonstrates higher decision quality, which verifies the superiority of our approach.

2 PROBLEM FORMULATION

2.1 PROBLEM DEFINITION

We first define the CDM problem studied in this paper. Our goal is to derive a treatment assignment
policy for a batch of individuals I = {1, . . . , i, . . . , I}, where I denotes the total number of indi-
viduals. The treatment policy is denoted by t = [t1, . . . , ti, . . . , tI ], where the treatment decision
for each individual i is binary, i.e., ti ∈ {0, 1}. Accordingly, each individual i has two potential
outcomes, yi(0) and yi(1) ∈ R, corresponding to ti = 0 and ti = 1, respectively. We denote the
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covariates of all individuals as x = [x1, . . . , xi, . . . , xI ], where xi ∈ Rd. Given both potential out-
comes, the individual treatment effect is defined as the difference τi = yi(1) − yi(0). Throughout
this paper, we adopt the standard assumptions (Yao et al., 2021), summarized in Appendix A.

Due to practical limitations such as budget constraints and fairness considerations, the treatment
assignment policy is required to satisfy a set of constraints, i.e., the decision must lie within a prede-
fined feasible region S. Our objective is to maximize the total treatment effect across all individuals
iwho receive the treatment. This objective can be formulated as the following constrained optimiza-
tion problem (Wager, 2024):

o(τ ) = max
t∈S

∑
i∈I

τi · ti (1)

Here, the vector τ = [τ1, . . . , τi, . . . , τI ] represents the realized individual treatment effects. Since
τ is generally unknown and unobservable prior to decision making, conditioning on covariates x
refines Equation 1 into a formulation that maximizes the conditional expectation of the treatment
effect as follows:

o(τ ) = max
t∈S

∑
i∈I

E
[
τi |xi

]
· ti (2)

where E
[
τi |xi

]
represents the conditional average treatment effect (CATE) for an individual i such

that (Rubin, 1974):
E[τi |xi] = E[yi(1)− yi(0) | xi] (3)

Consequently, we can define the treatment assignment policy as: π : x→ t ∈ S, which denotes the
mapping from the covariates x to the assignment decisions t. Furthermore, the optimal policy π∗ is
defined as the mapping that maximizes the objective function in Equation 2 while satisfying the con-
straints. Existing studies related to CDM typically focus on unconstrained optimization tasks (see,
e.g., Athey & Wager (2021); Fernández-Lorı́a & Provost (2022)) or on settings where constraints
can be relaxed into unconstrained ones (see, e.g., Zhou et al. (2024); Zhang et al. (2025)). Under
such settings, obtaining π∗ reduces to a threshold-based solution with independent determination for
each individual i, where the condition E[τi |xi] > 0 yields the optimal policy π(x) = 1{τ(x)>0}. In
contrast, this paper studies constrained optimization tasks in which a nontrivial constraint set S with
hard feasibility requirements must be strictly satisfied, thereby shifting the CDM solution from the
individual level to the group level. In this setting, treatment assignment for an individual depends
not only on their own attributes, but also on their relative standing among other individuals.

2.2 PREDICT-THEN-OPTIMIZE FRAMEWORK

As the ground truth of the CATE is unobservable prior to decision-making, the common practice
is to predict τ in advance based on historical observational data. This methodology lies within the
well-established Predict-then-Optimize (PTO) framework, which concatenates a prediction mapping
ϕ with learnable parameters and an optimization mapping ψ such that:

π = ψ ◦ ϕθ (4)

The PTO pipeline is promising for two reasons: on the one hand, this framework enables the direct
leverage of existing well-established CATE estimation methods, such as double machine learning
and causal forests (Wager & Athey, 2018); on the other hand, alternative frameworks such as end-to-
end learning struggle to address decision-making problems with constraints (Fernández-Lorı́a et al.,
2023). Given the historical observational data D = {xj , tj , yj}Mj=1, where j is the sample index and
M denotes the number of data samples, the PTO pipeline can be formulated as follows:

Step 1 (CATE prediction with ϕθ : x→ τ̂ ): Employ a causal machine learning model to estimate
the CATE from the covariates. The predicted treatment effect for each individual is defined as:

τ̂i = ϕθ(xi), ∀i ∈ I (5)

Step 2 (Treatment optimization with ψ : τ̂ → t): Given the predictions τ̂i obtained in Step 1,
replace the unobservable expectation E[τi | xi] in Equation 2 with the predictions. Solving the
resulting optimization problem yields the final treatment assignment. This mapping is defined as:

t = ψ(τ̂ ) = argmax
t∈S

∑
i∈I

τ̂iti (6)
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It is worth noting that the optimization mapping ψ is implemented by solving a fixed surrogate
optimization model that relies on the predictive results of ϕθ. When ϕθ achieves high predictive ac-
curacy, the resulting policy π can yield near-optimal decisions; conversely, low predictive accuracy
may leads to suboptimal outcomes. Consequently, the core of the PTO-based treatment assignment
problem lies in the mapping ϕθ, as it directly determines the quality of the treatment assignment t.
As the fitting error of the CATE is inevitable, this two-stage PTO framework may lead to suboptimal
solutions. The suboptimality of each solution can be quantified using the regret metric, defined as
follows (Elmachtoub & Grigas, 2022):

regret = τ⊤t∗(τ )− τ⊤t∗(τ̂ ) (7)

where τ = [τ1, ..., τI ] is the vector of the realized value of treatment effect for all individuals in a
batch. And t∗(·) is the optimal decision based on the input:

t∗(τ ) = argmax
t∈S

∑
i∈I

τiti (8)

t∗(τ̂ ) = argmax
t∈S

∑
i∈I

τ̂iti (9)

Although the regret cannot be computed exactly due to the absence of ground-truth treatment effects
in observational data, it remains a precise metric for CDM, quantifying the gap between a given
policy and the theoretically optimal one (Athey & Wager, 2021; Fernández-Lorı́a et al., 2023).

Therefore, the treatment assignment problem we study can be summarized as: minimizing the regret
of treatment assignment decisions by optimizing the mapping ϕθ.

2.3 OPEN ISSUES IN PTO-BASED TREATMENT ASSIGNMENT PROBLEMS

In PTO framework, an excellent mapping ϕθ requires two key factors: on the one hand, ϕθ needs to
learn the causal effects implicit in historical data; on the other hand, it must align with our ultimate
goal: minimizing the regret. This poses strict challenges to the construction of ϕθ:

1. No ground truth for realized causal effect: We aim to learn a mapping from the individual
covariate vector x to the CATE τ . However, accurately estimating the CATE from observational
data is challenging for two main reasons. First, only one historical outcome y is observed for each
individual, while the counterfactual outcome remains unobserved, making it impossible to directly
obtain τrealized = y(1)− y(0). As a result, learning E

[
τ |x

]
without access to ground-truth treatment

effects is inherently challenging. Second, observational data suffer from non-negligible selection
bias, which further increases the variance and instability of CATE estimation. Since the policy
learning process follows a two-stage framework, estimation errors in the first stage can propagate to
the decision-making stage, ultimately leading to suboptimal decisions (Loke et al., 2022).

2. No ground truth for optimal decision: The key method to address the cumulative error in
the two-stage framework is to perform end-to-end modeling of the prediction mapping ϕθ, incor-
porating downstream decision information during the training of the prediction model to maximize
decision quality, which is commonly referred to as Decision-focused Learning (DFL) (Mandi et al.,
2024). DFL requires optimal decisions from historical data as supervision, which in turn demands
either knowledge of the historical optimal decisions or the realized treatment effects τrealized; neither
condition holds in purely observational settings.

Due to the particularity of this scenario, the effectiveness of treatment assignment decisions is diffi-
cult to guarantee. Therefore, our aim to implement a decision-focused mapping ϕθ to maximize the
decision quality.

2.4 QUALITATIVE INSIGHTS

In the PTO framework, the true value vector τ is unobservable, and decisions are obtained by solv-
ing a surrogate optimization problem whose objective is defined by a predicted value vector τ̂ .
Formally, the decision is: t∗(τ̂ ) = argmaxt∈S τ̂⊤t. Intuitively, if the prediction is sufficiently
accurate, the surrogate problem should reproduce the optimal decision of the original model. How-
ever, a fundamental observation is that perfect prediction is not required for achieving the optimal
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decision Casacuberta & Hardt (2026). Even when τ̂ differs from τ in magnitude or direction, the
PTO framework may still return the optimal decision.We formalize this observation as follows, with
the proof and an illustrative toy example deferred to Appendix A.
Theorem 1 (Tolerance to prediction errors). Let t∗ = t∗(τ ) be the optimal solution to the prob-
lem equation 2. If the predicted vector τ̂ satisfies

τ̂⊤t∗ ≥ τ̂⊤t, ∀t ∈ S,
then the surrogate problem maxt∈S τ̂⊤t returns t∗.

Even when prediction errors exist, some errors do not change the optimal decision while others
significantly deteriorate it. The precise condition for preserving optimality is given below.
Theorem 2 (Necessary and sufficient condition for optimality). Let ext(S) denote the extreme
points of S. Then t∗(τ̂ ) = t∗ if and only if

τ̂⊤t∗ ≥ τ̂⊤t, ∀t ∈ ext(S).

Figure 1: Illustration of the normal cone for op-
timal decision. Red points denote feasible solu-
tions, the blue region is the convex hull, and the
normal cone inducing the optimal solution is de-
termined by a subset of extreme points (i.e., A and
B). When the predicted vector lies in the normal
cone, the resulting decision remains optimal.

Based on Theorem 2, we understand that achiev-
ing optimal decisions does not require accurately
predicting the τ ; rather, it suffices to ensure that
the predicted vector lies within the normal cone de-
fined by a finite set of linear constraints, as shown
in Figure 1. Consequently, the learning objective
is fundamentally to satisfy a set-based constraint,
rather than to approximate a single scalar or vector.
In sharp contrast, conventional supervised learning
models—typically rely on a single point as the su-
pervision signal, requiring the model to fit it as pre-
cisely as possible. Even deviations that have no im-
pact on the final decision are penalized, thereby in-
creasing the difficulty of the learning task. By con-
trast, leveraging structured supervision via the nor-
mal cone constraint allows the model to focus on
ensuring decision optimality, reducing unnecessary
overfitting while improving the decision quality.

3 DECISION-FOCUSED LEARNING VIA PSEUDO LABELS

3.1 CAUSAL META-LEARNER

We have paid attention to the causal meta-learner, which typically follow a two-step paradigm: in
the first step, some base models (e.g., propensity score models) are fitted; in the second step, the
fitted base models are combined for building the final predictive model. The meta-learner defines a
flexible learning framework, not a specific model, which can be naturally combined with DFL. In
this section, we introduce a DFL approach based the DR-learner (Kennedy, 2023), and our method
can be extended to some other meta-learners, such as X-learner, R-learner (Künzel et al., 2019).
The DR-learner is well suited for observational data because it explicitly accounts for selection bias
by modeling both the outcome and the propensity score (Kennedy, 2023); its standard procedure is
described in Appendix B.

3.2 DECISION-FOCUSED LEARNING

In standard DFL training, both the decision loss and evaluation metric adopt the regret as shown
in Equation 7. This requires us to solve the CDM problem using an arbitrary solver to obtain the
prediction-based optimal decision and the theoretically optimal decision respectively. Then we need
to calculate the regret based on the realized value of treatment effects, i.e., τ . In our scenario, since
τ is unavailable, we use the pseudo labels τ̃ to replace τ as follows:

L(τ̃ , τ̂ ) = τ̃⊤t∗(τ̃ )− τ̃⊤t∗(τ̂ ) (10)
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Figure 2: Framework of the decision-focused learning via pseudo labels

where t∗(·) is the optimal decision based on the input. The idea behind this approach is to find
the most suitable substitute when τ is unknown. In the DR-learner, τ̃ is the most appropriate as an
unbiased estimator of τ (Kennedy, 2023; Kamran et al., 2024).

With the decision lossL defined above, the key step in applying this loss is to backpropagateL(τ̃ , τ̂ )
to the prediction model ϕθ, which enables the gradient to be decomposed via the chain rule:

∂L(τ̃ , τ̂ )
∂θ

=
∂L(τ̃ , τ̂ )
∂t∗(τ̂ )

· ∂t
∗(τ̂ )

∂τ̂
· ∂τ̂
∂θ

(11)

where the first and third terms can be computed via standard gradient backpropagation. However,
computing the second term ∂t∗(τ̂ )

∂τ̂ is more challenging, as there is usually no closed form formula
for the optimization mapping τ̂ → t∗(τ̂ ) (Mandi et al., 2024).

To address this, we compute gradients via differentiable approximations of L(τ̃ , τ̂ ) that preserve
its essential information. This framework is flexible and allows for problem-specific approximate
gradient formulations. In this paper, we adopt two methods to compute the gradient: a surrogate
loss method (SPO+) and a perturbation-based smoothing method (PFY). The corresponding loss
functions and training algorithms are detailed in Appendix B.

3.3 TRAINING PREOCESS VIA CROSS FITTING

A crucial step in the DR-learner is the regression on pseudo-labels. To avoid the “own observation”
bias when estimating the nuisance functions ft(x) and e(x), we adopt the cross-fitting technique,
which has become standard in double machine learning (Robins et al., 2008; Chernozhukov et al.,
2018). Specifically, the dataset is partitioned into K folds. For each fold k, the nuisance functions
are estimated using all samples outside the fold, and the resulting estimates are then used to con-
struct pseudo-labels for the samples in fold k. These pseudo-labels are subsequently pooled across
all folds to train a single DR estimator ϕDR on the full dataset. This joint training strategy follows
the recommended practice in (Chernozhukov et al., 2018), as it yields more stable empirical behav-
ior by aggregating information across folds, rather than fitting fold-specific estimators. Moreover,
since DFL requires a complete set of decision instances I during training, this cross-fitting scheme
naturally integrates with the DFL framework and avoids complications induced by fold-wise data
separation. The detailed implementation of the DFL via cross-fitting is summarized in algorithm 1.

4 EMPIRICAL STUDIES

In this section, we first consider a range of optimization problems on generated data, including both
simple assignment problems that have been the focus of prior work Fischer-Abaigar et al. (2024)
and more complex combinatorial optimization problems Hans et al. (2004). We then evaluate the
method in a real-world setting using a city-level subsidy allocation problem.

4.1 BASELINE

In the experiments, all methods employed the same DR-learner pipeline, while using different loss
functions during the regression on the pseudo-labels, thereby enabling a systematic comparison.
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Algorithm 1 Decision-Focused DR-Learner via Cross-Fitting
Input: Dataset D = {(xi, ti, yi)}ni=1; decision loss L
Output: Final estimator ψ⋆

θ

1 Randomly split index set [n] into K disjoint folds {Ik}Kk=1 of equal size
2 for k = 1, . . . ,K do
3 Construct complement index set Ick = {1, . . . , n} \ Ik
4 Fit nuisance models on Ick

êk(x) = ê
(
(xi)i∈Ic

k

)
,

fk
0 (x) = f0

(
(xi)i∈J0

k

)
, J0

k = {i ∈ Ick : ti = 0},

fk
1 (x) = f1

(
(xi)i∈J1

k

)
, J1

k = {i ∈ Ick : ti = 1}

5 foreach i ∈ Ik do
6 Construct the DR pseudo label

τ̃k,i =
ti − êk(xi)

êk(xi)
(
1− êk(xi)

)(yi − fk
ti(xi)

)
+ fk

1 (xi)− fk
0 (xi)

7 Fit the optimal estimator by minimizing the decision loss

θ⋆ = argmin
θ

K∑
k=1

∑
i∈Ik

L
(
τ̃k,i, ϕ(xi)

)
8 return ϕ⋆

θ⋆

Given the limited baselines for observational data, we extended two ranking-based learning methods
to further evaluate the effectiveness of our approach. The following provides brief introductions to
the baseline models:

• MSE: The loss function is solely MSE, which corresponds to the standard DR-learner.
• LTR(Pair): A sample-based pairwise learning-to-rank method uses a cross-entropy loss

Vanderschueren et al. (2024). We extend it to scenarios aimed at cost-effectiveness.
• LTR(List): An extended version of the pairwise ranking, which uses the normalized dis-

counted cumulative gain as the weight for each pairwise objective Vanderschueren et al.
(2024). We extend it to scenarios aimed at cost-effectiveness.

• SPO+(w/o): The method based solely on the SPO+ loss, without incorporating the MSE.
• PFY(w/o): The method based solely on the PFY loss, without incorporating the MSE.
• SPO+(w): The method based on a weighted combination of the SPO+ loss and the MSE.
• PFY(w): The method based on a weighted combination of the PFY loss and the MSE.

4.2 EXPERIMENTS ON SYNTHETIC DATA

Following the common optimization problems in Fischer-Abaigar et al. (2024) and the combinatorial
optimization problems discussed in Hans et al. (2004), we consider four distinct decision-making
scenarios. We further follow the data generation procedures in Kamran et al. (2024) and Athey
& Wager (2021) to simulate two sets of observational data. Additional details and experimental
settings are provided in Appendix C.

We report both the normalized regret and MSE of each method, as shown in Table 2. Our proposed
DFL-PL method achieves the lowest two regret metrics across nearly all datasets and tasks. DFL-
PL’s advantage is further amplified on Dataset 2, where the more complex data generation makes
accurate prediction more challenging. LTR(Pair) remains highly competitive in the two simpler
scenarios, but its performance becomes unstable in the two more complex settings. For SPO+-
based methods, adding the MSE loss minimally affects decision quality but substantially reduces
prediction error. PFY also demonstrates strong decision performance, though it is less stable than
SPO+; incorporating the MSE loss improves both its prediction accuracy and decision performance.
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Table 2: Results of different methods on four well-established treatment assignment problems

PTO Learning to Rank DFL-PL

Task Dataset Metric MSE LTR(Pair) LTR(List) SPO+(w/o) PFY(w/o) SPO+(w) PFY(w)

Top-k
Dataset1 Regret 4.68 ± 0.70 4.90 ± 0.98 12.47 ± 3.38 4.39 ± 0.78 6.35 ± 1.38 4.02 ± 0.63 4.78 ± 1.23

MSE 32.02 ± 4.54 69.05 ± 17.67 75.29 ± 17.79 40.35 ± 26.37 107.64 ± 12.54 24.35 ± 2.13 24.91 ± 0.85

Dataset2 Regret 10.89 ± 1.29 5.88 ± 1.05 14.45 ± 7.57 7.48 ± 0.58 5.59 ± 0.26 6.97 ± 0.83 5.87 ± 0.25
MSE 51.92 ± 4.20 196.03 ± 42.17 243.05 ± 85.03 112.68 ± 85.56 288.65 ± 41.55 41.36 ± 3.88 27.22 ± 1.99

CE
Dataset1 Regret 5.95 ± 0.61 5.33 ± 1.61 19.25 ± 21.15 3.66 ± 0.13 6.76 ± 2.05 3.84 ± 0.22 5.19 ± 0.29

MSE 36.68 ± 4.10 117.22 ± 21.43 148.37 ± 91.12 27.86 ± 4.10 161.87 ± 4.78 27.04 ± 1.42 47.28 ± 3.63

Dataset2 Regret 24.09 ± 1.59 6.43 ± 1.82 14.99 ± 14.35 6.60 ± 0.50 5.65 ± 0.72 6.99 ± 0.60 9.53 ± 1.36
MSE 126.73 ± 11.33 249.54 ± 53.75 263.89 ± 108.42 81.35 ± 10.52 312.94 ± 5.29 57.26 ± 3.84 204.14 ± 27.16

PCKP
Dataset1 Regret 4.91 ± 0.46 15.59 ± 14.09 25.43 ± 15.84 3.59 ± 0.18 5.47 ± 0.68 3.53 ± 0.22 4.32 ± 0.30

MSE 34.58 ± 3.46 146.01 ± 42.23 160.75 ± 50.55 30.47 ± 10.89 164.80 ± 1.44 27.46 ± 2.14 42.61 ± 2.52

Dataset2 Regret 20.85 ± 1.72 10.35 ± 15.51 10.06 ± 4.07 5.85 ± 0.38 5.30 ± 0.34 5.95 ± 0.52 8.00 ± 1.18
MSE 129.94 ± 15.04 251.75 ± 87.36 258.91 ± 69.78 207.12 ± 37.13 273.36 ± 18.61 68.79 ± 32.82 170.93 ± 31.17

CKP
Dataset1 Regret 5.37 ± 0.54 5.49 ± 2.67 11.09 ± 6.99 3.95 ± 0.54 6.01 ± 1.67 3.89 ± 0.26 4.68 ± 0.34

MSE 35.27 ± 3.02 119.25 ± 21.16 106.50 ± 27.19 50.33 ± 36.91 164.08 ± 3.11 28.20 ± 2.37 46.44 ± 3.33

Dataset2 Regret 19.84 ± 2.31 11.06 ± 15.94 9.91 ± 4.15 5.91 ± 0.48 6.01 ± 1.80 5.98 ± 0.50 8.18 ± 0.70
MSE 133.64 ± 15.96 271.40 ± 85.05 220.17 ± 81.75 175.10 ± 55.10 288.58 ± 18.55 58.50 ± 3.67 189.83 ± 47.35

4.3 EXPERIMENTS ON REAL-WORLD DATA

(a) Regret (b) Spearman’s rank correlation coefficient

Figure 3: Performance on the SA problem

We evaluate the performance of our algorithm using real-world data from DiDi Chuxing (Yang et al.,
2025a). The results of the repeated experiments are presented in Figure 3a. As a result, the DFL-PL
methods consistently dominate the PTO approach. The LTR method are also effective, with decision
regret lying between those of SPO+ and PFY. We further compute the Spearman rank correlation
between each predicted vector and the corresponding ground-truth vector, as shown in Figure 3b.
Notably, stronger ranking performance does not necessarily translate into better decision outcomes.
While the DFL-PL methods and the PTO method exhibit comparable rank correlations, the DFL-
PL methods consistently achieve superior decision performance. In contrast, LTR methods attain
the highest rank correlation yet fail to deliver the best decisions. This discrepancy suggests that
expert-crafted objectives may capture information that is irrelevant to the downstream decision task.

5 CONCLUSION

In this paper, we propose a CDM framework based on DFL. CDM problems are formulated as a
class of constrained optimization problems, where the treatment effect is unknown prior to decision-
making and is predicted by causal ML models. When traditional causal ML models are applied to
causal decision-making, the quality of decisions may be suboptimal due to the disconnection be-
tween the two stages of prediction and optimization. To address this issue, we propose an algorithm
that integrates the DFL approach into causal meta-learners to improve the decision quality of causal
ML models. The proposed DFL algorithm is validated on generated data and real world data. The
results demonstrate that DFL can effectively improve the quality of causal decisions, leading to a
significant reduction in decision regret. This work demonstrates the potential of implementing DFL
using surrogate information, paving the way for future research in DFL and causal learning.
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A PROBLEM ANALYSIS

A.1 ASSUMPTIONS

Throughout this paper, we adopt the standard assumptions as follows:
Assumption 1 (SUTVA). The potential outcomes for any unit do not vary with the treatment as-
signed to other units, and, for each unit, there are no different forms or versions of each treatment
level, which lead to different potential outcomes.
Assumption 2 (Consistency). The potential outcome of treatment t equals to the observed outcome
if the actual treatment received is t.
Assumption 3 (Ignorability). Given pretreatment covariates x, the outcome variables y(0) and
y(1) is independent of treatment assignment, i.e., y(0), y(1) ⊥⊥ t|x.
Assumption 4 (Positivity). For any set of covariates x, the probability to receive treatment 0 or 1
is positive, i.e., 0 < P (ti = 1|xi = x) < 1 for all x ∈ xi.
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A.2 QUALITATIVE INSIGHTS

A.2.1 NECESSARY AND SUFFICIENT CONDITIONS FOR ACHIEVING THE OPTIMAL DECISION

Theorem 1 (Tolerance to prediction errors). Let t∗ = t∗(τ ) be the optimal solution1 to the problem.
If the predicted vector τ̂ satisfies

τ̂⊤t∗ ≥ τ̂⊤t, ∀t ∈ S,

then the surrogate problem maxt∈S τ̂⊤t returns t∗. In particular,

1. (Magnitude) if τ̂ = ατ ∗ with α > 0, the optimizer is unchanged;

2. (Direction) any τ̂ lying in the normal cone

Nconv(S)(t
∗) = {τ : τ⊤(t∗ − t) ≥ 0, ∀t ∈ conv(S)}

preserves optimality; for a 0–1 feasible set conv(S) is a polytope and this cone has non-
trivial angular width.

Proof. First, the inequality τ̂⊤t∗ ≥ τ̂⊤t for all t ∈ S implies that no feasible point attains a strictly
larger objective value under τ̂ , hence t∗ is an optimal solution of the surrogate problem.

If τ̂ = ατ with α > 0, then τ̂⊤t = ατ⊤t, so the ordering of objective values is preserved and the
optimizer remains t∗.

To analyze directional tolerance, replace S by conv(S); linear objectives attain maxima at extreme
points, hence this substitution does not affect the maximizer. For binary decision variables conv(S)
is a polytope, and the set of vectors that keep t∗ optimal is the normal cone:

Nconv(S)(t
∗) = {τ : τ⊤(t∗ − t) ≥ 0, ∀t ∈ conv(S)}.

For a polytope vertex this cone is polyhedral and typically has nonzero solid angle; therefore any τ̂
whose direction lies in this cone preserves optimality. This completes the proof.

Theorem 2 (Necessary and sufficient condition for optimality). Let ext(S) denote the extreme
points of S. Then

t∗(τ̂ ) = t∗

if and only if
τ̂⊤t∗ ≥ τ̂⊤t, ∀t ∈ ext(S).

Proof. A linear function attains its maximum over a convex set at its extreme points. Because S
consists of binary vectors, conv(S) is a polytope with finitely many extreme points. Therefore,

max
t∈S

τ̂⊤t = max
t∈ext(S)

τ̂⊤t.

If τ̂⊤t∗ ≥ τ̂⊤t holds for all extreme points, then t∗ is the optimal solution of the surrogate problem.
Conversely, if the inequality fails for some extreme point, that point produces a strictly better value
under τ̂ , contradicting optimality.

1Without loss of generality, we assume that the optimization problem has a unique optimal solution.
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A.2.2 A TOY CASE FOR COMPARISON

In this section, we consider a simple treatment assignment problem to illustrate that the conditions
for optimal decisions can be further simplified in many scenarios, which significantly reduces the
learning difficulty of ϕθ. Suppose we need to provide treatment for the top 5 out of 10 individuals.
This constitutes a classical Top-k problem where k = 5, and ψ can be formulated as the following
optimization problem:

max
t

10∑
i=1

τ̂iti (12)

s.t.
10∑
i=1

ti = 5, (13)

ti ∈ 0, 1, ∀i ∈ 1, . . . , 10, (14)

where τ̂i = ϕθ(xi) denotes the prediction of the CATE for individual i.

For this problem, we assume that the optimal solution is t∗ = [t∗1, . . . , t
∗
10], where the set P denotes

the indices of all individuals receiving treatment (i.e., t∗p = 1 for p ∈ P), and the set Q denotes the
indices of all individuals not receiving treatment (i.e., t∗q = 0 for q ∈ Q). Then, regardless of the
true CATE of each individual i, the optimality condition for this problem can be expressed as:

τ̂p ≥ τ̂q, ∀p ∈ P, q ∈ Q (15)

This is a necessary and sufficient condition for achieving the optimal decision. First, it is a necessary
condition for achieving the optimal decision. When for any two individuals p ∈ P and q ∈ Q, we
have τ̂p ≤ τ̂q , if we set t∗p = 0 and t∗q = 1 while keeping other elements of t∗ unchanged, the
objective function value of the optimization problem will increase, indicating that t∗ is not the
optimal solution. Furthermore, this is a sufficient condition for achieving the optimal decision. For
each p ∈ P , τ̂p ≥ τ̂q holds for any q ∈ Q, which means that the ranking of p (i.e., rank(p)) among
the 10 individuals satisfies rank(p) ≤ k. Therefore, any p ∈ P satisfies rank(p) ≤ k, and since the
set P exactly contains k elements, the optimal solution t∗ is necessarily obtained.

In this context, we find that the key to achieving optimal decision-making lies solely in separating
individuals in set P from those in set Q via ϕθ. This is equivalent to transforming a regression
problem into a binary classification problem, where we only need to learn which individuals belong
to set P and which belong to set Q. In contrast, we neither need to accurately predict the CATE
for each individual nor determine the precise ranking of each individual. The intuition behind this
learning approach is straightforward: under the same data conditions, learning a binary classification
problem is likely less difficult than learning a regression problem.

Another critical perspective is that conventional methods employ point-wise learning to fit the value
of CATE, whereas learning optimal decisions requires list-wise learning. Since decision-relevant
data varies, the same individual may receive treatment in some scenarios but not in others, depend-
ing on whether they fall within the Top-k. Consequently, the same individual cannot have a fixed
learning label (treatment or not), but instead requires a dynamic label derived from comparisons with
other samples. From this perspective, our problem resembles classical contrastive learning, which
aims to separate positive and negative samples as much as possible. For example, in our problem,
elements in set P can be treated as positive samples, and elements in set Q as negative samples.
The key is not to estimate elements in P to be arbitrarily large or those in Q to be arbitrarily small;
rather, the goal is to ensure that elements in P are always greater than those in Q.

Through this simple case, we anticipate that methods for directly learning optimal decisions can
enhance the decision-making performance of this pipeline. However, the second key challenge is
that we do not know the optimal decision, which is particularly difficult for observational data. In
the next section, we propose a solution that leverages decision-relevant information during training
to enhance decision-making performance.
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B METHOD

B.1 STANDARD DOUBLY ROBUST LEARNER

First, we present the standard procedure of the DR-Learner.

In the first step, we need to fit an propensity score model and two outcome model for different
treatment group:

ê(x) = E(T |X = x) (16)

f0(x) = E(Y |X = x, T = 0) (17)

f1(x) = E(Y |X = x, T = 1) (18)

In the second step, based on the doubly robust formula (Robins et al., 1994), we can obtain unbiased
estimates of τ for all training data (Kennedy, 2023):

τ̃i =
ti − ê(xi)

ê(xi)(1− ê(xi))
(yi − fti(xi)) + f1(xi)− f0(xi) (19)

To estimate individual treatment effects τ from covariates x, we use the unbiased estimates from
Equation 19 on the training data as pseudo-labels for fitting a regression model:

τ̂ = ϕDR
θ (τ̃i|x) (20)

For a new individual, we can use ϕDR
θ alone for estimating the treatment effect only based on

covariates x.

B.2 DECISION LOSS

In this paper, we adopt two methods to compute the gradient: a surrogate loss method (SPO+) and a
perturbation smoothing method (PFY)2, as follows.

Smart Predict-then-Optimize Loss (SPO+). The SPO+ loss constructs a differentiable convex
upper bound on the regret (Elmachtoub & Grigas, 2022):

LSPO+(τ̂ , τ̃ ) = min
t∈S
{(2τ̂ − τ̃ )⊤t}+ 2τ̂⊤t∗(τ̃ )− τ̃⊤t∗(τ̃ ) (21)

A useful subgradient of the SPO+ loss is given as follows:

2(t∗(τ̃ )− t∗(2τ̂ − τ̃ )) ∈ ∂LSPO+(τ̂ , τ̃ )

∂τ̂
(22)

Perturbed Fenchel-Young Loss (PFY). In PFY loss, the predictions are perturbed with Gaussian
noise, and the expected function of the perturbed minimizer is (Berthet et al., 2020):

F (τ̂ ) = Eϵ

[
min
t∈S
{(τ̂ + σϵ)⊤t}

]
(23)

With Ω(t∗(τ̃ )), the Fenchel-Young dual of F (τ̃ ), the PFY loss is defined as:

LPFY(τ̂ , τ̃ ) = τ̂T t∗(τ̃ )− F (τ̂ )− Ω(t∗(τ )) (24)

Although we cannot actually compute Ω(t∗(τ )), it does not depend on the predicted values τ̂ . Thus,
the gradient is:

∂LPFY(τ̂ , τ̃ )

∂τ̂
= t∗(τ̃ )− Eϵ

[
argmin

t∈S
{(τ̂ + σϵ)T t}

]
(25)

2We present the general forms of the loss functions for minimization problems, which can be adapted to our
maximization problem by simple negation.

15



Published at ICLR 2026 Workshop on AI for Mechanism Design and Strategic Decision Making.

B.3 DECISION-FOCUSED LEARNING VIA PSEUDO LABEL

The above decision functions are incorporated into a standard machine-learning training pipeline, as
illustrated in algorithm 2.

Algorithm 2 Decision-Focused Learning via Pseudo Labels
Input: Dataset D; estimator ψθ; decision loss L
Output: Learned parameters θ

9 Initialize parameters θ for estimator ψθ

10 Solve the optimal solution via pseudo labels: t∗(τ̃ )← τ̃
11 for each training epoch do
12 for each mini-batch (x, τ̃ ) do
13 Predict treatment effects: τ̂ ← ψθ(x)
14 Solve the optimal solution t∗(τ̂ )← τ̂
15 Compute decision loss LDFL ← τ̃ , t∗(τ̃ ), t∗(τ̂ )
16 Backpropagation to update parameters

θ ← θ − α · ∂LDFL

∂τ̂
· ∂τ̂
∂θ

17 return θ

C CASE DETAILS

C.0.1 TREATMENT ASSIGNMENT PROBLEM

Following the classification of common optimization problems in Fischer-Abaigar et al. (2024) and
the combinational optimization problems discussed in Hans et al. (2004), we select four distinct
decision-making scenarios such that:

Top-K Allocation (TOP-K) In treatment assignment problems, a common policy is to allocate
treatment to the k individuals with the largest positive estimated CATE values:

(Top-k) max
t∈S

∑
i∈I

τi(xi)ti (26)

s.t.
∑
i∈I

ti ≤ k (27)

Cost Efficient Allocation (CE) In practice, treatment costs may vary across individuals. Accord-
ingly, each treatment is associated with an individual-specific cost ci ∈ R, and the policy-maker
seeks to maximize the aggregated benefit subject to a budget constraint B. This yields the following
integer programming formulation for the optimal policy:

(CE) max
t∈S

∑
i∈I

τi(xi)ti (28)

s.t.
∑
i∈I

citi ≤ B (29)

Precedence Constraint Knapsack Problem (PCKP). The PCKP, also known as the partially or-
dered knapsack problem, extends the classical knapsack problem by incorporating precedence rela-
tions among items. Specifically, a precedence relation “item m precedes item n” requires that item
n can be selected only if item m is also selected. For a given instance of PCKP, the precedence
relations are represented by a directed acyclic graph GI = (VI , AI), where the vertex set VI cor-
responds to the set of items I. An arc (m,n) ∈ AI indicates that item m must be selected before
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item n. Formally, PCKP is obtained by augmenting the CE problem with the precedence constraint
in Equation 32 as follows:

(PCKP) max
t∈S

∑
i∈I

τi(xi)ti (30)

s.t.
∑
i∈I

citi ≤ B, (31)

tm ≥ tn, (m,n) ∈ AI (32)
ti ∈ {0, 1}, ∀i ∈ I (33)

The Collapsing Knapsack Problem (CKP). The collapsing knapsack problem (CKP) is a variant of
the classical knapsack problem in which the effective capacity of the knapsack decreases as items are
selected (denotes as g(·)). This collapsing effect models interdependencies among items, whereby
the inclusion of certain items reduces the remaining capacity available for subsequent selections:

(CKP) max
t∈S

∑
i∈I

τi(xi)ti (34)

s.t.
∑
i∈I

citi ≤ g(
∑
i∈I

ti), (35)

ti ∈ {0, 1}, ∀i ∈ I (36)

C.0.2 DATASETS

We follow the data generation methods of Kamran et al. (2024) and Athey & Wager (2021) to
simulate two sets of observational data. In Dataset 1, the τ values for each sample have significant
variation. Dataset 2 involves more complex nonlinear functional relationships. The datasets is shown
as follows:

Dataset 1

xi ∼ N (0, I10×10),

ti | xi ∼ Bern
(

1

1 + e−xi,3

)
,

ϵi | xi, ti ∼ N (0, 1),

τi | xi =
max(xi,1, 0) + max(xi,2, 0) + x2i,4 + |xi,6|

3

2
,

yi | xi, τi, ϵi, ti = tiτi + ϵi

+max(0, xi,3 + xi,4) + |xi,5|+ xi,6xi,7

(37)

Dataset 2

xi ∼ N (0, I10×10),

ti | xi ∼ Bern
(

1

1 + e−xi,3

)
,

ϵi | xi, ti ∼ N (0, 1),

τ | xi = 1 + 2 |xi,4|+ x2i,10,

yi | xi, τi, ϵi, ti = tiτi + ϵi

+5 (2 + 0.5 sin(πxi,1)− 0.5xi,2 + 0.75xi,3xi,9)

(38)
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C.0.3 SET UP

For the decision problem with I = 20, we gathered a total dataset of 3000 samples, split into a train-
ing set:validation set:test set ratio of 2:1:3. Due to the requirement of computing decision regret
every N samples, we opted for a larger proportion of the test set to ensure more accurate final evalu-
ation metrics. To construct the pseudo-labels for DR-Learner, we used logistic regression to estimate
the propensity score e(x) and CatBoost to estimate the two regressors f1(x) and f0(x). In the final
regression stage, we employed a three-layer neural network with 32 hidden units and a learning rate
of 5×10−4, trained for up to 500 epochs with early stopping based on the minimum validation loss.
Additionally, shuffle-based data augmentation was applied to increase scenario diversity.

C.0.4 REAL-WORLD SUBSIDY ALLOCATION PROBLEM

For a specific ride-hailing category across multiple cities in China, we have a certain budget B each
day. We consider two subsidy schemes among the population in each city i ∈ I: basic subsidy (
ti = 0 ) and enhanced subsidy ( ti = 1 ), where the enhanced subsidy increases the subsidy rate
by q on top of the basic subsidy rate (relative to the city’s total Gross Merchandise Volume (GMV)
Gi ) . Our goal is to maximize the transaction value growth for the company using the additional
subsidy. The subsdiy allocation model is as follows:

(SA) max
t∈S

∑
i∈I

τi(xi)ti (39a)

s.t.
∑
i∈I

citi ≤ B (39b)

ci = gmvi ∗ q, ∀i ∈ I (39c)
ti ∈ {0, 1}, ∀i ∈ I (39d)

Here, τ represents the additional GMV generated by using the additional subsidy compared to the
basic subsidy in that city. Although the ground truth of τ is unavailable, it can be approximately
estimated through randomized experiments within the city.

We selected data from 62 cities in China from March 1, 2024, to May 31, 2024. These cities
conducted intra-city experiments daily, giving each city a value of τ each day. We performed 10
experiments, randomly selecting 60 days as the training set and 32 days of data as the test set for
each experiment.
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