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Abstract

In decision-making problems under uncertainty, predicting
unknown parameters is often considered independent of the
optimization part. Decision-focused learning (DFL) is a task-
oriented framework that integrates prediction and optimiza-
tion by adapting the predictive model to give better deci-
sions for the corresponding task. Here, an inevitable chal-
lenge arises when computing the gradients of the optimal de-
cision with respect to the parameters. Existing research copes
with this issue by smoothly reforming surrogate optimiza-
tion or constructing surrogate loss functions that mimic task
loss. However, they are applied to restricted optimization do-
mains. In this paper, we propose Locally Convex Global Loss
Network (LCGLN), a global surrogate loss model that can
be implemented in a general DFL paradigm. LCGLN learns
task loss via a partial input convex neural network which
is guaranteed to be convex for chosen inputs while keep-
ing the non-convex global structure for the other inputs. This
enables LCGLN to admit general DFL through only a sin-
gle surrogate loss without any sense for choosing appropriate
parametric forms. We confirm the effectiveness and flexibil-
ity of LCGLN by evaluating our proposed model with three
stochastic decision-making problems.

1 Introduction

Decision-making problems under uncertainty arise in var-
ious real-world applications such as production optimiza-
tion, energy planning, and asset liability management (Shi-
ina and Birge 2003; Carino et al. 1994; Fleten and Kristof-
fersen 2008; Delage and Ye 2010; Garlappi, Uppal, and
Wang 2007). These problems involve two main tasks: Pre-
diction and Optimization. The Prediction task aims to create
a model for uncertainty and estimate unknown parameters
from some input features. This task is often performed us-
ing machine learning (ML) techniques such as regression or
deep learning. In the Optimization task, the corresponding
optimization problem is solved using diverse off-the-shelf
solvers with the estimated parameters from the prediction
task. For example, in asset liability management, asset re-
turns are estimated in the prediction stage, and the optimal
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portfolio to repay the liability is obtained in the optimization
stage based on these predictions.

Prediction-focused learning (PFL) framework is the most
commonly used approach to solve such problems, handling
the two tasks in separate and independent steps. PFL first
trains the ML model on the input features to produce pre-
dictions that closely match the observed parameters. Subse-
quently, the decision-making problem is defined using the
parameters predicted by the trained ML model and is solved
to obtain an optimal decision. PFL is based on the un-
derlying belief that accurate predictions will lead to good
decisions. However, ML models frequently fail to achieve
perfect accuracy, resulting in sub-optimal decisions. Con-
sequently, in many applications, the prediction and opti-
mization tasks are not distinct but are intricately linked and
should ideally be considered jointly.

Decision-focused learning (DFL) achieves the above pur-
pose by directly training ML models to make predictions
that lead to good decisions. DFL combines prediction and
optimization tasks by creating an end-to-end system that
aims to minimize task loss directly. Task loss is defined as
the quality of decisions derived from the predictive model
and therefore, depends on the optimal solution of the as-
sociated optimization problem. To train an ML model in
this context, differentiating through the optimization prob-
lem is required to calculate the gradient of the task loss. This
presents a key challenge in integrating prediction and opti-
mization. However, differentiation may be impossible if the
decision variable is discrete or the objective function is dis-
continuous.

While surrogate optimization still necessitates differenti-
ation of the optimization problem, efforts have been made
to develop solver-free surrogate loss functions that can ef-
fectively obtain gradients. We refer to this approach as Sur-
rogate DFL. Recent successful works in Surrogate DFL
include SPO (Elmachtoub and Grigas 2022), Contrastive
Loss (Mulamba et al. 2020), LTR Loss (Mandi et al. 2022),
LODL (Shah et al. 2022), EGL (Shah et al. 2024), LANCER
(Zharmagambetov et al. 2024), and TaskMet (Bansal et al.
2024). SPO, Contrastive loss, and LTR loss are specifically
designed for linear objectives while LODL can be imple-
mented for general DFL problems. However, LODL creates
and trains a surrogate with a specific parametric form for
each data instance resulting in expensive computation, with
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Figure 1: A model training pipeline for PFL, DFL, and surrogate DFL. PFL trains the predictive model by minimizing the
prediction loss. DFL directly delivers gradients minimizing the task loss. Surrogate DFL first learns a surrogate loss model
that follows the true task loss by sampling predictions and its task losses. Then, it trains the predictive model to convey useful
gradients derived from the trained surrogate loss model in an end-to-end manner.

decision quality heavily dependent on the chosen paramet-
ric surrogate form. While EGL and LANCER have partially
addressed the computational cost issue by extending a lo-
cal model to a global model, the challenge of selecting an
appropriate parametric surrogate form still remains. Along-
side the surrogates, TaskMet minimized the prediction error
while maintaining the decision quality. We illustrated the
model training pipeline for PFL, DFL, and Surrogate DFL
in Figure 1.

Notably, there have been attempts to construct surrogate
loss functions using neural networks (Shah et al. 2022).
However, these approaches generally performed poorly in
experiments because naive MLPs fail to capture the local
characteristics of the true underlying loss.

In this paper, we propose Locally Convex Global Loss
Network (LCGLN), which is a global and general surro-
gate loss for DFL. LCGLN adopts partial input convex neu-
ral network (PICNN) (Amos, Xu, and Kolter 2017) as a
parametric surrogate form to approximate task loss. With
PICNN, we guarantee the surrogate loss function to be con-
vex for the chosen inputs while maintaining the general
structure for the others. Furthermore, users are not required
to possess an artistic sense for selecting the suitable paramet-
ric function form for the task loss. Therefore, LCGLN can
handle the general DFL problems using only one surrogate
loss, regardless of the number of observed data. In the exper-
iment section, we demonstrate the capability of LCGLN on
three stochastic decision-making problems, namely inven-
tory stock problem, budget allocation problem, and portfo-
lio optimization problem. We show that LCGLN learns task
loss well with a single surrogate loss.
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2 Related Works

Various methodologies based on gradient-based learning
in DFL have been developed (Mandi et al. 2023). Some
approaches directly differentiate the constrained optimiza-
tion problem to update the model parameters. For instance,
stochastic optimization problems were tackled by directly
differentiating convex QPs using KKT optimality conditions
and employing Optnet (Amos and Kolter 2017) for efficient
differentiation (Donti, Amos, and Kolter 2017). For gen-
eral convex optimization problems, the differentiable solver
Cvxpylayers (Agrawal et al. 2019) were developed.

Alternatively, some works introduce regularization terms
to smooth the optimization mapping. For example, the
Euclidean norm of the decision variables was added to
use quadratic programming methods (Wilder, Dilkina, and
Tambe 2019), while the logarithmic barrier term was added
to differentiate linear programming problems (Mandi and
Guns 2010). Furthermore, entropy terms were incorpo-
rated to solve multi-label problems (Martins and Kreutzer
2017; Amos, Koltun, and Kolter 2019), while constrained
optimization problems were addressed using the perturb-
and-MAP (Papandreou and Yuille 2011) framework, which
added regularization through perturbations (Niepert, Min-
ervini, and Franceschi 2021; Berthet et al. 2020).

Recent works on DFL have focused on constructing dif-
ferentiable surrogate loss models. Smart “Predict, Then Op-
timize” (SPO) (Elmachtoub and Grigas 2022) proposed a
convex SPO+ loss where the loss upper bounds the task loss.
To update the predictive model, they obtained a subgradient
of their proposed surrogate loss. NCE (Mulamba et al. 2020)
used a noise contrastive approach (Gutmann and Hyvérinen
2010) to build a family of surrogate loss for linear objec-
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Figure 2: A simple example of a knapsack problem. There
are two items valued $40, $30 each, marked with a yellow
star. We predict the value of items and choose the higher
one. Blue dots and red crosses are predicted values repre-
senting good and bad decisions respectively. PFL gives the
same prediction loss for every prediction while DFL gives
$10 loss in red cross and 0 in blue.

tives. LTR (Mandi et al. 2022) applied this approach to rank-
ing problems. SO-EBM (Kong et al. 2022) used an energy-
based differentiable layer to model the conditional probabil-
ity of the decision. The energy-based layer acts as a surro-
gate of the optimization problem. LODL (Shah et al. 2022)
used supervised machine learning to locally construct surro-
gate loss models to represent task loss. They first sampled
predictions near true instances for each instance and built a
surrogate loss model respectively. They proposed three fam-
ilies for the model (e.g. WeightedMSE, Quadratic) to design
parametric surrogate loss models. EGL (Shah et al. 2024)
extends LODL to a global surrogate model and LANCER
(Zharmagambetov et al. 2024) learns such handcraft global
surrogate loss via actor-critic framework.

3 Preliminaries

In this section, we motivate the necessity of DFL approach
from a simple knapsack example. We also briefly summarize
surrogate loss models and input convex neural networks.

Comparison on PFL and DFL  Prediction-focused learn-
ing (PFL) and decision-focused learning (DFL) are two big
learning pipelines for decision-making problems under un-
certainty as in Figure 1. While PFL learns the predictive
model focusing on the prediction from the predictive model,
DFL focuses on the objective of the downstream optimiza-
tion problem, commonly referred to fask loss. Starting with
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PFL, the model training step is divided into two stages, pre-
diction and optimization. In the prediction stage, PFL learns
a predictive model by minimizing the prediction loss such
as MSE. In the optimization stage, it solves an optimization
problem using the prediction of the predictive model as pa-
rameters. By contrast, the predictive model in DFL is trained
in an end-to-end manner. It prioritizes learning the model
to make good decisions (or actions) by minimizing the task
loss, rather than optimizing the prediction loss.

We introduce a motivating example with a simple knap-
sack problem in Figure 2 to give motivation in using DFL.
Let’s consider two items: item 1 with a value of $40 and
item 2 with $30. Two axes in Figure 2 represent the value
of each item. The true optimal value (40, 30) is marked by
a yellow star. Assume we can only select one item. Our ob-
jective is to predict the value of items by only observing the
item features and choosing one with a higher value. If we
choose item 1 (the optimal decision), we would be satisfied,
earning $40. Conversely, choosing item 2 would be a sub-
optimal decision, resulting in a relative loss of $10. Suppose
we predict the values as blue dots and red crosses. From a
PFL point of view, the prediction loss is equal to $20. Any
prediction on the gray circle results in the same prediction
loss, which is not informative as the blue dots are correct de-
cisions, whereas the red crosses are not. From a DFL stand-
point, blue dots return zero task loss while red crosses give
task loss of $10. This example shows that minimizing the
prediction loss may not lead to lower task loss.

Surrogate DFL. DFL computes task loss gradients with
respect to the input parameters by, for example, directly dif-
ferentiating the optimization problem (or optimizer) (Donti,
Amos, and Kolter 2017). However, the optimizer cannot be
differentiated easily in most cases. To tackle this, methods
using surrogate loss functions were proposed (Elmachtoub
and Grigas 2022). Surrogate loss models are differentiable
and it approximates the mapping between the prediction and
the task loss. Consequently, it can be used to calculate the
gradient to update the predictive model efficiently.

Given dataset D = {(z;,y;)}Y, with N instances, our
goal is to minimize the regret R for the optimization prob-
lem:

min  R(G.y) = Leasik (0" (). ¥) ~ Lrast(a” (1), )
s.t. 7= Mp(x)
a (g) = arg min £150,sk3 (a7 Q)
acA

(1
where Ly, is the task loss to be optimized, ¢ is the predic-
tion from the predictive model M parameterized by 6 and
a* € A is an optimal action (or decision) in a feasible re-
gion A derived by any off-the-shelf solver. Note that the sec-
ond term of the objective is nothing but a constant optimal
loss, and therefore our objective is equivalent to minimizing
Etask (a* (@)a y)

To update the predictive model via gradient descent w.r.t.
6, one must find the gradient 9R /6. Using the chain rule,
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where L, (9, y) is the parametric surrogate loss with param-
eter ¢ that is trained to approximate R (%, y). The global sur-
rogate loss can be trained to richly approximate the true task
loss as:

P = argflin E[I1£y(9,y) — R y)l] 4

9,y

Training the predictive model My can be easily done with
backpropagation using the gradient 9L, /96.

Partial Input Convex Neural Network Amos et al.
(Amos, Xu, and Kolter 2017) proposed an input convex neu-
ral network (PICNN) that ensures convexity with respect to
the chosen inputs. PICNN is constructed by introducing ad-
ditional weights to connect the input layer to each hidden
layer. Given this structure, non-decreasing convex activa-
tion functions such as softplus and non-negativity of weights
connecting between hidden layers are required to guarantee
the convexity of PICNN. LCGLN uses PICNN to richly rep-
resent the non-convex nature of the true loss mapping, and
simultaneously ensure local convexity.

4 Locally Convex Global Loss Network

In various optimization problems, each has its own specific
objectives known as task losses. Our goal is to devise a sur-
rogate loss function capable of accurately representing the
true task loss across a range of optimization problems. In
this paper, we introduce LCGLN, where a single loss repre-
sentation can replace the true task loss. While DFL methods
suffer from differentiating through the optimization solver
when the optimization problem is not smooth, our LCGLN
is easily differentiable and therefore can be readily back-
propagated when updating the predictive model via gradi-
ents.

We now introduce the end-to-end training procedure for
LCGLN. The goal is to learn a regret mapping (g,y) —
R(3§,y) to obtain gradient OR /98 for updating the predic-
tive model My. The training consists of three main steps:
generating samples, learning a global surrogate loss, and
training a predictive model.

Generating Samples To train the LCGLN in a su-
pervised learning manner, we generate K samples for

each NV instance, i.e. for each instance y;, we sample

~(1) ~(2 ~(K
TN Nl

Some previous research assumed that predictions ¢ would
closely approximate the true labels y, typically generating
sample predictions by simply adding Gaussian noise. How-
ever, the Gaussian sampling method may be challenging to
apply for two reasons. First, in some cases, the true label y is
unknown. For example, in the inventory stock problem used
in our experiments, the true y represents the probability vec-
tor of each demand occurring. Yet, the observed data only

26808

Algorithm 1: Training Predictive Model with LCGLN L,

Dataset: D = {(, y:)}7L,
1. Generate Samples:
Sample set S < ()
fori=1,...,Ndo
S+ SuU (ybay’wo)
end for
Initialize sampling model M.
for k=1,...,K —1 do
fori=1,...,Ndo
9" = Me(x:)
¢ ¢ Update(¢, Vel|* — wil)
Solve a; ™) = argmin, Liask(a(G), yi).
S« Su (gz(k)7 Yi, R(gz(k)7 yl))
end for
end for
2. Learn LCGLN L
Initialize surrogate loss model L.
for (9,9, R(9,y)) in S do
¥ < Update (¢, V|| L4 (9, y) — R(, y)])
end for
3. Train Predictive Model M:
Initialize predictive model Mp.
6 < Update (6, Vo3 - V3Ly (9, y))

provides a specific demand value realized according to that
probability. In such cases, since the true y is unknown, there
is no target to which Gaussian noise can be added. Second,
even if the true y is known, determining the appropriate stan-
dard deviation for sampling around y can be difficult, often
requiring repeated tuning.

On account of this, we adopt the model-based sampling
(MBS) approach (Shah et al. 2024). MBS involves con-
structing a sampling model M that mirrors the architecture
of the predictive model and training within a PFL paradigm
using MSE. During the training, we take inferences from the
intermediate model and generate samples. Unlike the Gaus-
sian sampling, neither the true y nor the standard deviation
for the noise is required for MBS.

Learning Global Surrogate Loss LCGLN Our objective
is to learn a mapping (J,y) — R for conveying infor-
mative gradients of task loss. We propose leverage of par-
tial input convex neural network (PICNN) (Amos, Xu, and
Kolter 2017) as our Locally Convex Global Loss Network
(LCGLN). Our motivation for using PICNN as a surrogate
model for task loss is fourfold:

» Expressiveness: A good surrogate loss model should
have a sufficient number of parameters to accurately ap-
proximate the true task loss since a lack of expressive-
ness may lead to under-performance. Amos, Xu, and
Kolter (2017) proved that a k-layer PICNN can repre-
sent any k-layer feedforward network. Since feedforward
neural networks are known as universal approximators
(Cybenko 1989; Funahashi 1989; Hornik 1991), this en-
sures the PICNN can accurately model task loss.

Easily Differentiable: We need to differentiate our loss
model with respect to y for gradients training the pre-



PROBLEM

PARADIGM METHODS
INVENTORY BUDGET (500 FAKES) PORTFOLIO
2 STAGE PFL 0.242 +0.005 0.513 £0.016 0.189 £+ 0.002
EXACT DIFF DFL 0.228 +0.002 0.532 £ 0.020 0.187 £ 0.002
LOCAL SURROGATE LODL-DQ 0.378 4+ 0.007 0.503 + 0.020 0.193 + 0.002
LANCER 0.182 £+ 0.004 0.490 £ 0.010 0.246 £+ 0.008
EGL-WMSE  0.371 £ 0.002 0.510 £ 0.013 0.187 £+ 0.001
GLOBAL SURROGATE

EGL-DQ 0.369 + 0.007 0.492 + 0.005 0.256 £ 0.002
LCGLN 0.174 + 0.002 0.468 + 0.009 0.185 £ 0.000

Table 1: The table contains normalized test regret Ricst/Ruworst With standard error mean (SEM) tested on three stochastic
optimization problems. The metric is lower the better with an optimal regret of zero. The best-performing results for each
problem are bold-lettered. We evaluate PFL, DFL, local, and global surrogate loss models. We use 32 samples for the surrogate
loss models. The global surrogate loss LCGLN outperformed the baselines across all three problems.

dictive model. Discontinuous or non-differentiable loss
models face significant challenges in such tasks. In con-
trast, PICNN can be easily differentiated by using built-in
backward functions.

* Locally Convex, but not Globally: We want the model
to capture the highly non-convex structure of the true un-
derlying task loss mapping. Task loss can be expressed
as f(z*(9),y) — f(«*(y),y), where it achieves its min-
imum regret zero when § = y. While task loss may not
be convex in ¢ for a given y in general, we use PICNN to
drive g towards the true value y by eliminating local min-
ima except y. This property enables the model to provide
informative gradients for training the predictive model
with a small sample size. Furthermore, we induce the lo-
cal minima by adding {(y;,v:,0)}}¥, to the dataset for
every instance.

* Generality: The adoption of PICNN helps generalize the
function approximators and allows the approximation of
differentiable optimization. Using PICNN, we can only
focus on the overall network architecture and perform a
simple hyperparameter search instead of requiring well-
trained experts’ efforts in choosing the right parametric
function forms for specific problems.

Training Predictive Model The predictive model My
learns a mapping x — y. To obtain gradients for the pre-
dictive model training, we first generated samples using the
MBS approach. For each generated sample, we derived the
true task loss in regret form and added the sample, instance,
and regret pair to the dataset. Additionally, we included
{(yi,y:,0)}, into the dataset to induce local minima for
every instance y;. Using this dataset, we trained the global
surrogate loss model structured with PICNN.

Building on these steps, we now train the predictive model
My via gradient descent utilizing the gradients provided by
the global surrogate loss L. The entire procedure from gen-
erating the dataset to training the predictive model is sum-
marized in Algorithm 1.
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5 Experiments and Results

We validate our methodology with three stochastic opti-
mization problems.

5.1 Experimental Settings

In this section, we explain the experimental details and the
baselines used to evaluate our method. Each problem is elab-
orated in two stages: the parameter prediction stage and the
optimization stage.

Problem Description We conducted experiments on three
different stochastic optimization problems, each presenting
unique challenges as explored in previous research (Donti,
Amos, and Kolter 2017; Wilder, Dilkina, and Tambe 2019;
Shah et al. 2022). Our experiments were built on top of
the public codes from previous research (Donti, Amos, and
Kolter 2017; Shah et al. 2022). Here we briefly describe each
problem. For further problem descriptions, please refer to
Appendix B.

* Inventory Stock (Donti, Amos, and Kolter 2017): We
decide the order quantity to minimize the cost over the
stochastic demand. To simplify the problem, we assume
the demands are discrete.

Prediction: We predict the discrete probability distribu-
tion of the demand.

Optimization: With the predicted demand distribution,
we decide the order quantity that minimizes the cost.

* Budget Allocation (Wilder, Dilkina, and Tambe 2019):
We choose websites to advertise based on click-through
rates (CTRs) of users among websites. As a variant, we
conduct four different experiment settings by concatenat-
ing {0, 5,50, 500} size of random CTRs (fake targets) to
the original CTRs and adjusting the problem difficulty.
Prediction: Given the website features, we predict the
CTRs.

Optimization: With the predicted CTRs, we choose the
websites to advertise that maximize the expected number
of users who click on the advertisement at least once.
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Figure 3: A line plot showing the normalized test regret Ricst/Ruworst for each methodology and problem setting. The metric
is lower the better, with O representing the optimal value. We tested sample size of {2, 4,8, 16,32} for each problem. The
standard error mean for each experiment is detailed in Appendix C.2. Our global surrogate loss LCGLN represented by the red

straight line outperforms when 32 samples are used.

¢ Portfolio Optimization (Shah et al. 2022): We allocate
weights for invested stocks to maximize the expected
risk-adjusted return.
Prediction: Given the historical daily stock return data,
we predict the future stock price.
Optimization: Using the predicted stock price, we as-
sign portfolio weights that maximize the expected risk-
adjusted return, given the covariance matrix.

Baselines We compare our global surrogate loss network
LCGLN with the following baselines from previous re-
search. When available, we utilized the hyperparameters
specified in previous research for the baselines. In cases
where these were not provided, we endeavored to fine-tune
them to perform their best.

* PFL: A standard approach that trains a predictive model
on the input features to produce predictions that closely
match the observed parameters. We use the negative log-
likelihood (NLL) loss for the inventory stock problem
and the mean squared error (MSE) loss for the other
problems.

DFL: A direct approach that differentiates through the
solver to derive gradients for training the predictive
model. For the inventory stock and the portfolio opti-
mization problems, we use the differentiable QP solver
(Donti, Amos, and Kolter 2017). We use multilinear re-
laxation (Wilder, Dilkina, and Tambe 2019) for the bud-
get allocation problem.

LODL: The local surrogate model (Shah et al. 2022) that
learns a surrogate loss locally for each instance, creat-
ing total NV surrogate loss models. To learn a loss model,
LODL generates K number of samples for each N in-
stance and solves for the input of the model. We use
directed-quadratic surrogate loss (LODL-DQ) from their
paper, the most promising result among the proposed 4
different loss models.

LANCER: The global surrogate model (Zharmagambe-
tov et al. 2024) that uses alternating optimization to learn
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the predictive model and the global surrogate loss model.
The prediction samples are sampled from the predictive
model and are used to train the surrogate loss. The pre-
dictive model is then trained using the gradients from the
updated surrogate loss.

EGL: The global surrogate model (Shah et al. 2024) that
learns a global surrogate loss with feature-based param-
eterization and model-based sampling. We use directed-
quadratic (EGL-DQ) and weighted-MSE (EGL-WMSE)
for the baseline, which showed the best results on the
budget allocation and the portfolio optimization prob-
lems respectively.

Evaluation Metric We use the normalized test regret
Riest/Ruworst as the evaluation metric, where Rcs; is a test
regret with regret defined in Equation 1. For the maximiza-
tion tasks, such as the budget allocation and portfolio opti-
mization problem, regrets are calculated by multiplying the
negative sign on the corresponding objective. We calculate
the worst case regret R .5t for each problem and derive
the normalized test regret. For the inventory stock problem,
we assumed the worst-case scenario when the company or-
dered no stock. In the budget allocation problem, the worst-
case scenario was assumed when the advertisements were
allocated to the lowest predicted CTRs. For the portfolio op-
timization problem, we considered the worst-case scenario
to be when the entire investment was allocated to the stock
with the lowest predicted return. Our metric is 0 when opti-
mal and 1 when worst.

We used a predictive model M as one hidden layer MLP
and a learning rate of 0.001. 500 hidden nodes were used
for the portfolio optimization and 10 for the other problems.
We mirrored the predictive model exactly for the sampling
model M. For LCGLN, we employed a single hidden layer
PICNN with two nodes per layer, a learning rate of 0.001,
and a softplus activation function. A figure illustrating the
LCGLN can be found in Appendix A.l. For each global
surrogate loss model employing model-based sampling, we
selected the learning rate that demonstrated the best perfor-



0.6

IS LANCER
[ZA EGL-WMSE
EGL-DQ

051 mmm LCGLN

0.4

0.3

0.24

0.19

Normalized Test Regret (Rest/Rworst)

0.0-

# Fake Targets

Figure 4: A histogram presenting normalized test regret Rest/Ruworst With standard error mean (SEM) for global surrogate
loss models in budget allocation with varying number of fake targets. We use 16 samples for learning loss. The metric is lower
the better and 0 when optimal. We test with {0, 5, 50, 500} fake targets, noting that the problem becomes more challenging as
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mance from {0.01,0.05,0.1, 0.5, 1}. We run 10 experiments
for each setting to ensure statistical significance. The exper-
iments were performed on a Ryzen 7 5800X CPU and an
RTX 3060 GPU with 64GB of RAM.

5.2 Results

Table 1 shows the normalized test regret Rest /Ruorst With
standard error mean (SEM) for the inventory stock, budget
allocation with 500 fake targets and portfolio optimization
problems. For the surrogate loss models, we used 32 sam-
ples to learn the loss. We categorize the methods into four
major training paradigms: two-stage, exact differentiation,
local surrogate loss, and global surrogate loss.

In the inventory stock problem, LODL-DQ, EGL-WMSE,
and EGL-DQ suffer from high regret, indicating that they do
not provide informative gradients. LANCER and LCGLN
perform well compared to others due to their expressiveness,
as both use neural networks to learn the loss. For the bud-
get allocation problem, we conduct four experiments with
{0,5,50,500} fake targets. Detailed results with different
fake targets are available in Appendix C.1. For the hardest
problem with 500 fake targets, the surrogate models tend to
show better results than PFL or DFL methods. In the port-
folio optimization problem, good prediction in parameters
showed better decisions. This is evidenced by PFL and DFL
showing better results compared to surrogate models. EGL-
WMSE and LCGLN also demonstrated strong performance
in our settings.

To reduce the computational cost, it is crucial to train the
surrogate loss with small sample sizes. We conducted exper-
iments with varying sample sizes, as shown in the line plot in
Figure 3. Note that the normalized test regret is better when
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lower. Since PFL, DFL, and LANCER do not vary with
changes in a number of sample predictions, they show con-
sistent results across all sample sizes. The surrogate models
showed decreased regret as the sample size increased. At a
sample size of 32, LCGLN outperformed the provided base-
lines. For detailed experimental results for each sample size
and problem, please refer to Appendix C.2.

We also tested different numbers of fake targets, varying
in {0, 5,50,500}, to show how models perform on harder
problems. We used 16 samples to train the loss model. Fig-
ure 4 presents the normalized test regret with SEM for global
models across each experimental setting. LCGLN consis-
tently outperformed in most settings.

6 Conclusion

In this paper, we propose Locally Convex Global Loss Net-
work (LCGLN), a global and general surrogate loss for DFL.
LCGLN utilizes PICNN as a parametric surrogate to approx-
imate task loss. We use PICNN to guarantee the surrogate to
be convex near instances while maintaining a general non-
convex structure globally. With LCGLN, users do not need
to manually select the appropriate parametric function form
for the task loss. Consequently, LCGLN can address general
DFL problems with a single surrogate loss, regardless of the
amount of observed data. We evaluated our method on three
stochastic optimization problems, achieving better decision
quality with fewer training samples compared to the state-
of-the-art baselines. However, despite the expressive power
of LCGLN, a limitation remains: achieving high decision
quality requires careful selection of the samples. Thus, our
future research will focus on identifying sampling strategies
to improve the decision quality for surrogate loss models.
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