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Abstract
By exploiting the correlation between the structure and
the solution of Mixed-Integer Linear Programming (MILP),
Machine Learning (ML) has become a promising method
for solving large-scale MILP problems. Existing ML-based
MILP solvers mainly focus on end-to-end solution learning,
which suffers from the scalability issue due to the high di-
mensionality of the solution space. Instead of directly learn-
ing the optimal solution, this paper aims to learn a reduced
and equivalent model of the original MILP as an intermediate
step. The reduced model often corresponds to interpretable
operations and is much simpler, enabling us to solve large-
scale MILP problems much faster than existing commercial
solvers. However, current approaches rely only on the op-
timal reduced model, overlooking the significant preference
information of all reduced models. To address this issue, this
paper proposes a preference-based model reduction learning
method, which considers the relative performance (i.e., ob-
jective cost and constraint feasibility) of all reduced models
on each MILP instance as preferences. We also introduce an
attention mechanism to capture and represent preference in-
formation, which helps improve the performance of model re-
duction learning tasks. Moreover, we propose a SETCOVER
based pruning method to control the number of reduced mod-
els (i.e., labels), thereby simplifying the learning process.
Evaluation on real-world MILP problems shows that 1) com-
pared to the state-of-the-art model reduction ML methods,
our method obtains nearly 20% improvement on solution ac-
curacy, and 2) compared to the commercial solver Gurobi,
two to four orders of magnitude speedups are achieved.

Introduction
Due to its strong expressiveness, Mixed-Integer Linear Pro-
gramming (MILP) has been widely used in various critical
domains, including supply chain and logistics (Chao, Jasin,
and Miao 2024), service scheduling (Rosemarin, Rosenfeld,
and Kraus 2019), energy management (Morales-España, La-
torre, and Ramos 2013), transportation planning (Lowalekar,
Varakantham, and Jaillet 2021; Li et al. 2024), chip design
(Wang et al. 2024c,d), and chemistry research (Geng et al.
2023b). Commercial solvers, such as Gurobi, Cplex and
Matlab, are mainly used to solve MILP problems. In real-
world industrial applications, MILP instances often involve
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hundreds of thousands of decision variables and constraints
(Morales-España, Latorre, and Ramos 2013; Li et al. 2021).
Existing commercial solvers are based on exact solutions,
which are computationally expensive and cannot meet the
real-time demands of industrial applications.

In many scenarios, a large number of homogeneous
MILPs with similar combinatorial structures need to be
solved simultaneously. For example, online stochastic pro-
gramming often involves solving similar MILP instances at
each stage, with slightly modified input parameters while the
structure remains unchanged (Lowalekar, Varakantham, and
Jaillet 2018; Bertsimas and Stellato 2022). Machine Learn-
ing (ML), with its powerful pattern recognition capability,
can exploit the correlation between the structure and the
solution of MILP, and has recently become a very promis-
ing research topic for solving large-scale MILP (Bengio,
Lodi, and Prouvost 2021; Zhang et al. 2023; Hentenryck
and Dalmeijer 2024). Existing ML-based MILP solvers can
be classified into two categories: 1) end-to-end solution pre-
diction, i.e., directly learning the mapping between MILP
instances and solutions (Donti, Rolnick, and Kolter 2021;
Ding et al. 2020; Chen et al. 2023); and 2) learning to op-
timize, i.e., learning to improve the process of traditional
solvers (He, Daumé, and Eisner 2014; Khalil et al. 2017;
Song et al. 2020a; Chi et al. 2022; Ling, Wang, and Wang
2024; Han et al. 2023; Balcan et al. 2024). Due to the high
dimensionality of the solution space, existing ML methods
that learn the optimal solution as a function of the input pa-
rameters, suffer from the scalability issue. Furthermore, it is
currently not possible to interpret the predicted solution or
to understand it intuitively (Park and Hentenryck 2023).

Instead of directly learning the optimal solution, this pa-
per takes a different method to learn a reduced and equiv-
alent model of the original MILP as an intermediate step.
In Operations Research (Boyd and Vandenberghe 2014),
an equivalently reduced model of the MILP constitutes the
minimal information, including the set of active constraints
and the value of integer variables at the optimal solution,
required to recover the optimal solution. Model reduction
learning has the following three advantages (Misra, Roald,
and Ng 2022): 1) from the optimization perspective, the re-
duced model is much easier than the original MILP model,
which can be solved fast, 2) from the ML perspective, us-
ing the reduced models as labels can reduce the dimension
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of the learning task, and 3) from the application perspective,
the reduced model often corresponds to interpretable modes
of operation, which can assist human engineers in decision
making (Bertsimas and Stellato 2021).

To the best of our knowledge, (Misra, Roald, and Ng
2022; Bertsimas and Kim 2023) are the only works that learn
model reduction for fast MILP solving. Their idea is to train
a classification algorithm that aims to predict the correct la-
bel (i.e., reduced model). However, the algorithm treats a set
of feasible reduced models as equally desirable labels, fail-
ing to fully exploit the comparative information available in
the reduced model space. To tackle this challenge, this paper
transforms the performance (i.e., objective function value
and constraint feasibility) of a reduced model on an MILP
instance as preferences, and proposes a preference-based re-
duced model learning method. An attention-based encoder
then utilizes the ranked preferences is proposed to extract
correlations between instances and reduced models.

The contributions of this paper are summarized as fol-
lows. First, we introduce a different model reduction ap-
proach to learn the optimal solution of MILP problems. To
improve learning accuracy, we fully exploit the preference
information in terms of the performance of reduced mod-
els on instances. We also integrate an attention architecture
and preference-based loss function to capture the correla-
tions between instances and the preferred reduced models.
Second, to avoid the number of labels (i.e., reduced models)
growing quickly with the number of instances, we propose a
SETCOVER technique to generate the minimum labels that
are feasible for all instances. Finally, we conduct extensive
experiments on real-world domains to validate the proposed
preference-based model reduction learning method. Results
show that 1) our method can prune redundant reduced mod-
els efficiently, and 2) our method has a significant improve-
ment in finding accurate solutions within seconds.

Related Work
Existing ML-based MILP solving methods can be catego-
rized into three groups: 1) end-to-end solution prediction,
i.e., directly learning the mapping between MILP instances
and solutions; 2) learning to optimize, i.e., learning to accel-
erate the solving process of traditional exact/heuristic meth-
ods; 3) learning to simplify the MILP, i.e., learning to pre-
solve or reduce the size of the MILP formulation.

End-to-end Solution Prediction. Using ML to learn the
mapping from MILP instances to a high-dimensional solu-
tion space is straightforward, however, it often results in low
prediction accuracy (Donti, Rolnick, and Kolter 2021; Park
and Hentenryck 2023; Chen et al. 2023). Therefore, (Nair
et al. 2020; Ye et al. 2023) only predicts values for partial
variables and computes the values of the remaining vari-
ables using the off-the-shelf solver. Directly predicting vari-
able values cannot maintain the hard constraints (Ding et al.
2020). Instead, (Han et al. 2023) predicts an initial solution
and searches for feasible solutions in its neighborhood.

Learning to Optimize. For exact solving, there are al-
ways hyperparameters and selection rules that need to be
fine-tuned to accelerate the solving process. For example,
the selection of branching variables and their values in

Branch-and-Bound, the selection of the cutting rules in Cut-
ting Plane, and the column generated in the Column Gen-
eration algorithm. Using experienced data of these exact
solvers, Imitation Learning (IL) and Reinforcement Learn-
ing (RL) have been used to learn effective hyperparameters
and selection rules (Wang et al. 2024a,b; Huang et al. 2022;
Lin et al. 2022; Wang et al. 2023). On the other hand, for
heuristic algorithms such as Local Search Heuristics (Cai
and Su 2013), and Large Neighborhood Search Heuristics
(Song et al. 2020b; Wu et al. 2021), ML can also be used
to improve their effectiveness. For example, (Qi, Wang, and
Shen 2021) use RL to iteratively explore better solutions in
Feasible Pump, and (Nair, Alizadeh et al. 2020) use RL to
search for better solutions within a neighborhood.

Although these two directions introduce MILP to the ben-
efits of ML and show promising results, they do not scale
well to real-world applications. Directly predicting a high-
dimensional solution is intractable. The efficiency of IL and
RL-based optimization methods is limited by the decision
horizon (Ye et al. 2024; Geng et al. 2024; Wang et al. 2022)
(i.e., the number of integer variables). Another drawback is
their inability to enforce the constraints accurately, making
them unsuitable for real-world high stakes applications (Liu
et al. 2023, 2024b; Geng et al. 2023a). In contrast, this paper
utilizes model reduction theory and focuses on learning the
mapping between an MILP instance and its optimal reduced
model, providing a fast and interpretable MILP solution.

Learning to Simplify the MILP. Large-scale MILP for-
mulations usually contain much redundancy, which can
be simplified by the pre-solve techniques (Achterberg and
Wunderling 2013). To design high-quality pre-solve rou-
tines, (Liu et al. 2024a) and (Kuang et al. 2023) recently
use RL to determine which pre-solve operators to select
and in what order. (Ye, Xu, and Wang 2024) instead use
graph partition for problem division to reduce computational
cost. These pre-solve-based simplification methods can only
identify limited and explicit redundancy. To identify the
minimal tight model, (Misra, Roald, and Ng 2022; Bertsi-
mas and Kim 2023) first propose a classification method to
predict the optimal reduced model. However, existing meth-
ods only consider several equally desirable reduced models,
overlooking the various performances of the reduced mod-
els. This paper considers the importance of preference in-
formation and designs an efficient method to exploit it to
improve the learning accuracy of model reduction.

Parameterized MILP and Model Reduction
Parameterized MILP Problem. The MILP can be formal-
ized as follows:

min
x

f(c, x) (1)

s.t. g(A, x) =


g1(A1, xI , x−I) ≤ b1
g2(A2, xI , x−I) ≤ b2
...
gm(Am, xI , x−I) ≤ bm

(2)

xI ∈ Zd, x−I ∈ Rn−d (3)
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Figure 1: Overview of our framework, which comprises two phases: 1) Strategy Generation and Pruning and 2) Preference-
based Strategy Learning. In 1), the strategies are explored from instances and a SETCOVER is constructed to prune redundant
strategies. In 2), an attention architecture is utilized to capture the ranked preference information over instances.

where c ∈ Rn denotes the coefficient vector of the objective
function, f : Rn × Rn → R is the objective function. gi :
Rn × Rn → R denotes the i-th constraint and Ai denotes
its coefficients. b ∈ Rm denotes the parameter of these m
constraints. The x ∈ Rn is n decision variables, and I(|I| =
d) is the set of integer decision variables, i.e., xI ∈ Zd. Let
θ = ⟨A, c, b⟩ denote the parameters of the MILP problem,
each parameter represents a specific MILP instance.

The Strategy of Model Reduction. Given a parameter θ,
let x∗(θ) denote the optimal solution. We denote the tight
constraints T (θ) are constraints that are equalities at the op-
timal solution x∗(θ), i.e.,

T (θ) = {i ∈ {1, ...,m}|gi(Ai, x
∗(θ)) = bi}. (4)

Given T (θ), all other constraints in the MILP model are re-
dundant and can be removed. For MILP problems, the num-
ber of tight constraints is at most n (i.e., |T (θ)| ≤ n) (No-
cedal and Wright 2006). Since some components of x are
integers, it is still not trivial to compute the optimal solution
by only knowing T (θ). By fixing the integer components
to their optimal values x∗(θ), the tight constraints allow us
to efficiently compute the optimal solution. We now define
the optimal strategy of model reduction as the set of tight
constraints together with the value of integer variables at the
optimal solution, i.e., s∗(θ) = (T (θ), x∗(θ)). Finally, given
the optimal strategy s∗(θ), the original MILP model (1)-(3)
can be reduced to a LP model:

min
x

f(c, x) (5)

s.t. gi(Ai, xI , x−I) ≤ bi, ∀i ∈ T (θ) (6)

xI = x∗I(θ), x−I ∈ Rn−d (7)

The reduced LP model (5)-(7) is much easier because LP is
continuous and has a smaller number of constraints.

Objective. Given an MILP problem, although different
MILP instances are not the same, only the key parameters
vary slightly, and the structure remains unchanged. We can
exploit the repetitive structure of the MILP instances and so-
lutions and learn to solve unseen MILP instances. Therefore,
our objective in this paper is to learn the mapping from the
parameter θ to the optimal strategies s∗(θ) as an intermedi-
ate step for fast MILP solving.

Framework Overview
The proposed framework comprises two phases: 1) Strategy
Generation and Pruning for exploring a set of useful strate-
gies S as labels, and 2) Preference-based Strategy Learning
for predicting the correct strategy s ∈ S for any instance θ
(see Figure 1 for details).

Strategy Generation and Pruning aims to generate a set of
useful strategies that can be applied to all MILP instances.
Intuitively, we can explore as many MILP instances θ as pos-
sible and denote their optimal strategy s∗(θ) as candidate
strategy labels. However, the number of candidate strategies
can grow quickly with respect to the number of instances,
thereby making the strategy learning task very difficult. This
paper proposes a SETCOVER technique for strategy pruning
while ensuring that all generated instances can be covered,
in which the cover means that there is at least one feasible
strategy for an instance.

Preference-based Strategy Learning aims to propose a
machine learning approach to predict the optimal strategy
s∗(θ) for any MILP instance θ. Given the training data
{θi, s∗(θi)}, existing strategy learning approaches typically
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only focus on the exact optimal strategy (Misra, Roald, and
Ng 2022) or treat a set of feasible strategies equally desirable
(Bertsimas and Kim 2023), overlooking the significant pref-
erence information available in the instance-strategy space.
To address this issue, this paper transforms the performance
(i.e., objective function value and constraint feasibility) of
strategies on MILP instances as preferences, and proposes a
novel preference-based strategy learning method.

Strategy Generation and Pruning
In this section, our objective is to identify a set of useful
strategies that will be used as labels for model reduction
training and learning.

Strategy Generation. It is difficult to determine the
amount of instances required for strategy learning. Fol-
lowing the approach in (Bertsimas and Stellato 2022), we
first randomly generate instances θ as well as their opti-
mal strategy s∗(θ) until the Good-Turning estimator N1

N
falls below a tiny value, where N is the total number of
instances and N1 is the number of different strategies ap-
peared exactly once. Specially, given N independent in-
stances ΘN = {θ1, · · · , θN}, we can generate M different
strategies S(ΘN ) = {s1, · · · , sM}. However, in large-scale
MILP problems, the number of strategies (i.e., labels) M
can grow quickly, making the learning task very difficult.
Motivated by this issue, we next propose a strategy pruning
method based on SETCOVER technique.

Strategy Pruning. In practice, each optimal strategy
s∗(θi) not only applies to the corresponding instance θi, but
also may apply to other instances θj( ̸= θi). Therefore, many
candidate strategies are redundant and we can select only
the most useful strategies to apply. We first model the rela-
tionship between strategies S(ΘN ) and instances ΘN by an
Instance-Strategy bipartite graph G(Vθ, Vs, E):

• The node set consists of the instance nodes Vθ =
{v1θ , ..., vNθ } and the strategy nodes Vs = {v1s , ..., vMs }.
Each viθ represents an instance θi ∈ ΘN , and each vjs
represents a strategy sj ∈ S(ΘN ).

• An edge ei,j ∈ E exists between viθ and vjs if apply-
ing the strategy sj to the instance θi, and the infeasibility
p(θi, sj) and suboptimality d(θi, sj) of the reduced prob-
lem (5)-(7) are both below a tiny threshold [ϵp, ϵd]. The
infeasibility is defined as:

p(θi, sj) = ∥(g(A, x̂∗i,j)− b)+∥∞/∥b∥, (8)

where x̂∗i,j is the solution of the reduced problem1. ||b||
normalizes the degree of constraint violation based on the
magnitude of the constraint g(A, x) ≤ b. The Subopti-
mality measures the relative distance between the recov-
ered solution x̂∗i,j of the reduced problem and the optimal
solution x∗i of the instance θi:

d(θi, sj) = |f(c, x̂∗i,j)− f(c, x∗i,j)|/|f(c, x∗i,j)|. (9)

1The way we apply a strategy to a MILP instance is to fix the
integer variables to the values specified in the strategy, impose only
tight constraints, and solve the resulting LP problem.

The objective of strategy pruning is to find a minimal sub-
set of strategy nodes V

′

s ⊆ Vs, such that for any viθ ∈ Vθ,
there exists a vjs ∈ V

′

s and ei,j ∈ E. This problem of strat-
egy pruning can be reduced to the well known SETCOVER
problem of finding the minimum sets to cover all elements.
Thus, an efficient greedy algorithm can be employed to find
the useful strategies (Khuller, Moss, and Naor 1999). The
main idea of the greedy algorithm is to iteratively select the
strategy node v∗s that is connected to the maximal uncovered
instance nodes. This node v∗s is then added to the candidate
set of strategies V

′

s and this strategy selection process con-
tinues until all instance nodes are connected to at least one
candidate strategy node. Finally, the set of pruned strategies
SP can be obtained from V

′

s .

Preference-based Strategy Learning
Given the pruned strategies SP , this section proposes to
learn the mapping from a MILP instance θ to a suitable
strategy s(θ) ∈ SP . Previous strategy learning approaches
(Misra, Roald, and Ng 2022; Bertsimas and Stellato 2022)
focus on predicting the correct strategy and considering all
other strategies equally undesirable, failing to integrate the
significant instance-strategy preference information deeply.

Preference Computation. Given an instance θi, we
would like to supply a reward r(θi, sj) to each strategy
sj ∈ SP . The reward r(θi, sj) ∈ r is used to measure the
outcome of applying the strategy sj to the instance θi. We
follow the same criteria for calculating the relative feasibil-
ity and suboptimality as in Eqs. (8) and (9):

r(θi, sj) = −log(p(θi, sj) + d(θi, sj)). (10)

Directly learning the real reward function r(θi, sj) between
θi and sj is extremely challenging because the complex re-
lationships among instances, strategies and rewards. Instead,
to enhance simplicity and training stability, we propose to
learn a proxy reward model Rϕ (where ϕ denotes the pa-
rameters of the machine learning approach) that can express
preferences between strategies. Given an instance θi, for two
instance-strategy pairs (θi, sj) and (θi, sk), we define the
preference ≻ generated by the rewards r:

(θi, sj) ≻ (θi, sk) ⇔ r(θi, sj) > r(θi, sk). (11)

Informally, (θi, sj) ≻ (θi, sk) indicates that the instance θi
prefers the strategy sj to the strategy sk.

Preference-based Sampling. To train the proxy reward
model Rϕ, previous preference-based learning (e.g., RLHF
(Christiano et al. 2017)) requires selecting all possible pair-
wise comparisons as samples. For example, let MP = |SP |
denote the number of pruned strategies, there will be

(
MP

2

)
preference samples for each instance at the training stage.
The number of samples grow quadratically with the number
of strategies, thereby increasing the cost of training. Fortu-
nately, in our strategy learning problem, the instance pref-
erences on strategies have a transitivity structure. For exam-
ple, given the instance θi, if the strategy sj is preferred to
sk, and sk is preferred to sq , we still have that sj is pre-
ferred to sq . This transitivity property can rank all candi-
date strategies as a complete order based on preferences (i.e.,
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Algorithm 1: Preference-based Strategy Learning
Input: Training data {[θi, SP ] = [⟨θi, s1⟩, ..., ⟨θi, sMP ⟩] |
θi ∈ ΘN}, rewards r = {r(θi, sj) | θi ∈ ΘN , sj ∈ SP },
preference model Rϕ, learning rate α, weight λ1 and λ2.
Output: Optimized model parameters Rϕ.

1: Initialize model parameters Rϕ.
2: for each instance θi do
3: Predict rewards {r̂i,1, ..., r̂i,MP } = Rϕ([θi, S

P ]).
4: Rank strategies SP

σ = {sσ(1), ..., sσ(MP )} by rewards
r to get predicted rewards {r̂i,σ(1), ..., r̂i,σ(MP )}.

5: for adjacent strategies sσ(j), sσ(j+1) in SP
σ do

6: pi,j =
exp(r̂i,σ(j))

exp(r̂i,σ(j))+exp(r̂i,σ(j+1))
.

7: Compute difference δ̂i,j = r̂i,σ(j) − r̂i,σ(j+1).
8: end for
9: Compute Preference Loss Lp(ϕ) by pi,∗ and SP

σ .
10: Compute MSE Loss Ld(ϕ) by δ̂i,∗ and rewards r.
11: end for
12: Compute Total Loss Ltotal(ϕ) = λ1Lp(ϕ) + λ2Ld(ϕ)
13: Update model parameters ϕ← ϕ− α∇ϕLtotal(ϕ).
14: Return optimized parameterized model Rϕ.

Eq. (11)). Therefore, for each instance θi, when the candi-
date strategies are ranked in decreasing order of their pref-
erences (i.e., sσ(j) ∈ SP

σ = {sσ(1), ..., sσ(MP )} is ranked
by its reward r(θi, sσ(j)), and σ(j) represents the new po-
sition of sσ(j) in the sequence r(θi, sσ(1)) ≥ r(θi, sσ(2)) ≥
· · · r(θi, sσ(MP ))), only theMP ordered preference samples
are necessary as the preference set D(θi) for θi:

{⟨(θi, sσ(1))≻(θi, sσ(2))⟩, · · · ,≻(θi, sσ(MP ))⟩}. (12)

The size of the samples in D(θi) increases linearly with the
number of strategies, avoiding a large amount of redundant
preference samples in

(
MP

2

)
.

Attention-based Instance-Strategy Encoding. An atten-
tion architecture is proposed to improve the representation
capacity. The input to the architecture is a vector of instance-
strategy pairs, [θi, SP ] = [⟨θi, s1⟩, · · · , ⟨θi, sMP ⟩], and the
output is a vector of the predicted rewards R̂i = {r̂i,j}M

P

j=1 ,
where r̂i,j is the predicted reward for strategy sj applied on
instance θi. To extract the inherent similarity among strate-
gies as well as the underlying connections between instances
and strategies, we apply an attention mechanism to encode
instance-strategy pairs. Specifically, we treat each instance-
strategy pair ⟨θi, sj⟩ as a token, allowing all pairs [θi, S

P ]
to be considered when encoding ⟨θi, sj⟩. This architecture
can prioritize the more important pairs and extract features
of strategies that can effectively solve instances. The above
process can be expressed by the following formula:

A([θi, S
P ]) = softmax

(
QKT

√
d

)
V. (13)

In Eq. (13), based on the row-wise shared weights W q , W k,
and W v , a linear projection operation is acted on the in-
put [θi, SP ] to compute the queries Q = [θi, S

P ]W q , keys

K = [θi, S
P ]W k, and values V = [θi, S

P ]W v . The main
architecture consists of L layers:

AL(AL−1(...A1([θi, S
P ]))). (14)

The final output layer performs an affine transformation:

R̂i = Rϕ([θi, S
P ]) = yL(AL) = ψL(WLAL + bL), (15)

where ψL is the activation function, WL and bL are weights
of the output layer L. R̂i = {r̂i,j}M

P

j=1 represents the pre-
dicted rewards of all strategies sj ∈ SP when applied on
the instance θi. For this architecture, ϕ is the whole set of
parameters that needs to be learned.

Preference-based Loss Function. In the training phase,
the strategies SP can be ranked to SP

σ by the rewards r , so
we can get the reward output R̂i ordered by SP

σ and form
the ranked predicted rewards R̂i,σ = {r̂i,σ(1), ..., r̂i,σ(MP )},
where σ(j) represents the new position of r̂i,σ(j) in the se-
quence. We can define the preference probability pi,j be-
tween each pair of adjacent strategies sσ(j) and sσ(j+1):

pi,j =
exp(r̂i,σ(j))

exp(r̂i,σ(j)) + exp(r̂i,σ(j+1))
. (16)

In order for the model output R̂i to yield correct relative
preferences, we need to train Rϕ to maximize the probabil-
ity pi,j for every ordered adjacent sample pair (θi, sσ(j)) ≻
(θi, sσ(j+1)). Therefore, we define the preference loss based
on the preference:

Lp(ϕ) = − 1
N

∑N
i=1

∑MP−1
j=1 [µi,j log(pi,j)+ (17)

(1− µi,j) log(1− pi,j)],

where the preference labels µi,j = 1 if (θi, sσ(j)) ≻
(θi, sσ(j+1)), 0.5 otherwise.

If the model outputs an incorrect order, such as the higher
r̂i,σ(2) leading r̂i,σ(1) < r̂i,σ(2) and r̂i,σ(2) > r̂i,σ(3), al-
though (r̂i,σ(1), r̂i,σ(2)) would be penalized byLp(ϕ), the er-
ror in (r̂i,σ(2), r̂i,σ(3)) might even reduce the value of Lp(ϕ).
To address this issue, we introduce a reward difference-
based loss to penalize the incorrect output of r̂i,σ(2) and to
reinforce the correct order within the sequence:

Ld(ϕ) =
1
N

∑N
i=1

∑MP−1
j=1 (r̂i,σ(j) − r̂i,σ(j+1) − δi,j)2,

(18)

where δi,j = r(θi, sσ(j))−r(θi, sσ(j+1)) is the target reward
differences between adjacent strategies in the sequence. The
loss can effectively deepen the relative preferences and im-
proves training stability. To enhance the coordination be-
tween the loss functions, finally, our total loss is:

Ltotal(ϕ) = λ1Lp(ϕ) + λ2Ld(ϕ), (19)

where λ1 and λ2 are hyperparameters for different scenarios.
The framework of our method is shown in Algorithm 1.
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Figure 2: The performance on six scenarios from MIPLIB and each vertex in the subplot represents a metric. For better pre-
sentation of results (due to the differences in metric magnitudes), we map each metric to the range of (0, 100) using the same
function for each metric. The Gurobi’s result is shown on the left since its results are similarly presented across all scenarios

Online Strategy Inference
To overcome the potential prediction errors, reliability can
be increased by taking the Top-k output strategies as can-
didates. Given the parameterized preference model Rϕ, and
the instance θi, let sk be the set of the k strategies corre-
sponding to the k largest outputs

Sk = {sj | r̂i,j ∈ Top-k({r̂i,1, r̂i,2, . . . , r̂i,MP })}, (20)

where r̂i,j ∈ R̂i is the output of preference model Rϕ.
We select Sk as the strategy candidates for the instance θi,
and evaluate the strategies sj ∈ Sk by solving the reduc-
tion model sj(θi). And the sj with the lowest infeasibility
p(θi, sj) is selected as the target strategy.

ŝ = argminsj∈Sk
p(θi, sj). (21)

To solve the reduction model sj(θi), for special types of
problems such as MIQP (Mixed-Integer Quadratic Program-
ming) and MILP, the linear system can be simplified based
on the KKT optimality conditions (Boyd and Vandenberghe
2014), further speeding up the solution time. The workflow
in online stage is detailed in the Appendix.

Experiments
In this section, we compare our proposed method with the
learning-based methods and the commercial solvers on real-
world datasets to validate the performance and efficiency.

Evaluation Metrics. We follow the same criteria for solv-
ing quality as in (Bertsimas and Stellato 2022), using the ac-
curacy metric. We consider solutions to be accurate if their

T tHmax(s) t
G
max(s) M method MP tmax(s) accuracy gain

20 0.366 0.379 578 Ours 41 0.061 97.66% 10.98%
MLOPT 110 0.047 86.68%

40 1.120 4.840 2041 Ours 75 0.069 94.20% 16.35%
MLOPT 2026 0.054 77.85%

60 1.184 33.733 2924 Ours 129 0.086 84.90% 38.93%
MLOPT 2863 0.069 45.97%

Table 1: The performance when K = 30 on fuel cell energy
management under different scales (T ), where tHmax means
the maximum computation time (in seconds) from Gurobi
Heuristic and tGmax is from Gurobi.

infeasibility and suboptimality are within a small tolerance.
GivenN test samples, the testing accuracy on this dataset is:

accuracy =
1

N
|{θi | p(θi, ŝj) ≤ ϵ1 ∧ d(θi, ŝj) ≤ ϵ2}| ,

where the tolerances ϵ1 for infeasibility and ϵ2 for subopti-
mality are both set to 1× 10−4.

Datasets. We evaluate the performance through:

1. MIPLIB (Gleixner et al. 2021), six scenarios selected as
in (Bertsimas and Kim 2023), the real-world MILP prob-
lems with varying scales and solving difficulties.

2. Fuel Cell Energy Management Problem (Frick, Dom-
ahidi, and Morari 2015), treated as the primary evalua-
tion scenario by (Bertsimas and Stellato 2022). Its scale
can be increased by increasing T for deeper analysis.
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Figure 3: The average infeasibility and suboptimality for our
method (bar on the left) and MLOPT under T=60 and vary-
ing k on Fuel Cell Energy Management.

Figure 4: Performance on Inventory Management Problems

3. Inventory Management Problem, five large-scale (aver-
age number of 100,000 constraints) real-world industrial
problems from a company’s real supply chain scenarios.

Baselines. We compare our method with:

1. Gurobi (Gurobi Optimization 2021), the advanced com-
mercial solver. To make the comparison as fair as pos-
sible, we run Gurobi with “warm-start” enabled, that
reuses the solution obtained from previous parameters.

2. Gurobi Heuristic, Gurobi’s “heuristic” mode, a very fast
heuristic algorithm with time limit of one second.

3. MLOPT (Bertsimas and Kim 2023), a model reduction
based method that is the most applicable learning-based
method in our scenario.

4. Predict and Search (Han et al. 2023), a solution-
prediction based method with initial variable prediction
and further neighborhood searching.

In the datasets 2 and 3, the number of integer variables is
small, and the Predict and Search method offers limited ac-
celeration, making it less applicable. Thus, we do not com-
pare the Predict and Search method in the datasets 2 and 3.
For Datasets 1 and 3, we used 1000 samples for training and
500 for testing; for Dataset 2, 10,000 samples were used for
training and 1000 for testing. The detailed setups and dataset
formulations are presented in the Appendix.

Evaluation on MIPLIB. Figure 2 shows that: 1) Our
method performs nearly as well as Gurobi on suboptimality
and feasibility across most scenarios. 2) Our method shows
a slight advantage in feasibility compared to MLOPT and a
significant improvement in suboptimality. 3) Heuristic meth-
ods struggle to provide high-quality solutions within the
time limit, leading to poor performance across multiple met-
rics. 4) The Predict and Search method, which only predicts

partial integer variables, performs well in terms of feasibil-
ity, but its search process can cause it to get trapped in lo-
cal optimal, and the search sub-task is more time-consuming
compared to our method.

Evaluation on Fuel Cell Energy Management prob-
lem. As shown in Table 1, our method achieves an improve-
ment of nearly 39% in accuracy when the problem is the
most complex. In this table, M represents the number of
strategies and MP represents the strategies after pruning.
Our pruning method reduces the number of strategies much
more than the pruning of MLOPT, especially as the problem
size increases. The pruning of MLOPT performs poorly due
to the difficulty in reassigning labels with some key strate-
gies discarded. From Figure 3, it can be observed that as
k increases, the performance of the model improves, and
our method yields better outcomes than MLOPT in both key
metrics under the same k because: 1) The reduced strategy
space increases the likelihood of finding effective strategies
within the Top-k. 2) The preference model can evaluate the
performance of all strategies for the given instance, allowing
it to identify a more reasonable set of k-candidate strategies.

Evaluation on Inventory Management problem. Fig-
ure 4 shows the results on this scenario, where P1 to P5

denote five increasing model sizes. We observe that in this
scenario, our method can maintain feasibility across all in-
stances, thus only the suboptimality and accuracy metrics
are reported. As the problem size increases, our method
consistently achieves low average suboptimality, with accu-
racy remaining stable at around 90%. On the largest scale
problem P5 which has more than 270,000 constraints, our
method also outperforms MLOPT by approximately 30%.

Computation Time. Among the three datasets, our
method, requiring only online inference and solving the lin-
ear system of reduced model, is significantly faster than
Gurobi and heuristic algorithms. Compared with Gurobi, the
computation time is improved by three orders of magnitude.
Compared with MLOPT, because of the similar workflow,
there is only a tiny difference in tmax coming from the size
of the neural network under the same value of k. Compared
with Predict and Search on the MIPLIB dataset (Figure 2),
our reduction-prediction method is more time-efficient be-
cause the searching within high dimensionality neighbour-
hood is relatively time-consuming.

Conclusion
This paper proposes a preference-based model reduction
(i.e., strategy) learning for fast and interpretable MILP solv-
ing. There are two challenges for strategy learning: 1) how
to generate sufficient strategies that are useful for strategy
learning, and 2) how to integrate the performance informa-
tion of all candidate strategies to improve strategy learning.
This paper first introduces the SETCOVER technique to find
a minimal set of strategies that can be applied to all MILP
instances. Furthermore, the preference information of these
available strategies on instances and the attention mecha-
nism are integrated to improve the learning capacity. Sim-
ulations on real-world MILP problems show that the pro-
posed method has a significant improvement in solving time
and the accuracy of the output solutions.
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