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Abstract
Mixed-Integer Linear Programming (MILP) is a cornerstone
of combinatorial optimization, yet solving large-scale in-
stances remains a significant computational challenge. Re-
cently, Graph Neural Networks (GNNs) have shown promise
in accelerating MILP solvers by predicting high-quality so-
lutions. However, we identify that existing methods misalign
with the intrinsic structure of MILP problems at two levels. At
the learning objective level, the Binary Cross-Entropy (BCE)
loss treats variables independently, neglecting their relative
priority and yielding plausible logits. At the model architec-
ture level, standard GNN message passing inherently smooths
the representations across variables, missing the natural com-
petitive relationships within constraints. To address these
challenges, we propose CoCo-MILP, which explicitly mod-
els inter-variable Contrast and intra-constraint Competition
for advanced MILP solution prediction. At the objective level,
CoCo-MILP introduces the Inter-Variable Contrastive Loss
(VCL), which explicitly maximizes the embedding margin
between variables assigned one versus zero. At the architec-
tural level, we design an Intra-Constraint Competitive GNN
layer that, instead of homogenizing features, learns to dif-
ferentiate representations of competing variables within a
constraint, capturing their exclusionary nature. Experimen-
tal results on standard benchmarks demonstrate that CoCo-
MILP significantly outperforms existing learning-based ap-
proaches, reducing the solution gap by up to 68.12% com-
pared to traditional solvers.

1 Introduction
Mixed-Integer Linear Programming (MILP) is a cornerstone
of combinatorial optimization, with diverse applications in
the world (Fan et al. 2020, 2023; Liu et al. 2024b; Pu et al.
2024a,b; Liu et al. 2025c; Wang et al. 2025, 2024). De-
spite its expressive power, solving MILP instances is funda-
mentally challenging due to their NP-hard nature. To tackle
this, extensive research has led to the development of so-
phisticated solvers like SCIP (Achterberg 2009) and Gurobi
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Figure 1: Illustration of CoCo-MILP. We aim to improve the
quality of the predicted variables for MILP. The main contri-
bution of our work is the proposed inter-variable contrastive
loss and intra-constraint competitive layer for the GNN pre-
dictor in the predict-and-search framework.

(Gurobi Optimization 2021), which are primarily based on
Branch-and-Bound (B&B) and Branch-and-Cut (B&C) al-
gorithms (Land and Doig 2010; Mitchell 2002). Although
these solvers are meticulously enhanced with various heuris-
tics, the significant computational burden for large-scale in-
stances remains, motivating the search for new paradigms to
accelerate the discovery of high-quality solutions.

A promising paradigm has recently emerged to directly
predict high-quality primal solutions using machine learn-
ing, particularly Graph Neural Networks (GNNs) (Gasse
et al. 2019; Wang et al. 2023). These methods typically
frame the task in a supervised learning context: by represent-
ing MILP instances as graphs, a GNN is trained to map prob-
lem structures to variable assignments, using near-optimal
solutions generated by traditional solvers as training labels
(Han et al. 2023; Huang et al. 2024; Liu et al. 2025b). This
data-driven approach allows the model to learn and exploit
structural patterns from past instances to make rapid predic-
tions. Pioneering works, such as Neural Diving (Nair et al.
2020a) and the broader predict-and-search strategies (Han
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et al. 2023), have shown that leveraging these predictions
can significantly accelerate the solving process.

However, despite this considerable potential, the efficacy
of these learning-based heuristics is fundamentally limited
by their underlying design choices. We identify that the stan-
dard GNN architectures and learning objectives are not fully
aligned with the combinatorial nature of MILP, which mani-
fests as two critical misalignments. First, at the learning ob-
jective level, the prevalent use of the Binary Cross-Entropy
(BCE) loss function frames the task as a set of independent
binary classifications, one for each variable. This formu-
lation inherently neglects the relative priority among vari-
ables, which is critical for constructing a globally optimal
solution, and consequently yields plausible but poorly sep-
arated logits. Second, at the model architecture level, stan-
dard GNN message-passing mechanisms inherently smooth
representations, making connected nodes more similar. In
the context of MILP, however, variables sharing a constraint
(e.g., in

∑
i xi ≤ 1) are often mutually competitive (Chen

et al. 2022, 2024a,b; Zhang et al. 2024). The smoothing na-
ture of standard GNNs thus works directly against the goal
of capturing these crucial competitive relationships, effec-
tively masking the problem’s underlying structure.

To address these challenges, we propose CoCo-MILP, a
novel framework designed to explicitly model inter-variable
Contrast and intra-constraint Competition. To rectify the
objective-level misalignment, CoCo-MILP introduces an
Inter-Variable Contrastive Loss (VCL), which moves be-
yond pointwise accuracy to directly optimize the relative
ordering of variables by maximizing the embedding mar-
gin between variables assigned one versus zero. In paral-
lel, to address the architectural misalignment, we design an
Intra-Constraint Competitive GNN layer. This layer is en-
gineered to differentiate, rather than homogenize, the rep-
resentations of competing variables within a constraint, en-
abling the model to effectively learn their exclusionary na-
ture.

2 Preliminaries
2.1 Mixed-Integer Linear Programming
A standard Mixed-Integer Linear Programming (MILP) in-
stance I is defined as:

min
x∈Zp×Rn−p

{
c⊤x

∣∣ Ax ≤ b, l ≤ x ≤ u
}
, (1)

where x ∈ Rn denotes the decision variables, with the first
p entries being integer and the remaining n − p continu-
ous. The vector c ∈ Rn denotes the coefficients of the
linear objective, the constraints are defined by the matrix
A ∈ Rm×n and the right-hand side vector b ∈ Rm, and
the variable bounds are given by l ∈ (R ∪ {−∞})n and
u = (R ∪ {+∞})n. Without loss of generality, we fo-
cus on binary integer variables, i.e., we assume that x ∈
{0, 1}p×Rn−p. General integer variables can be handled via
standard preprocessing techniques (Nair et al. 2020b). Find-
ing the optimal solution that optimizes the objective func-
tion is NP-hard, making large-scale instances computation-
ally challenging for exact solvers.

2.2 Related Work
In recent years, machine learning techniques have seen
widespread use in accelerating the solution of MILPs (Li
et al. 2024). These research efforts primarily follow four
key directions. One focus is on generating new data to
support solver advancement (Geng et al. 2023; Liu et al.
2024a). Another critical direction involves enhancing key
modules within solvers including variable selection (Gasse
et al. 2019; Qu et al. 2022; Kuang et al. 2024), node selec-
tion (He, Daume III, and Eisner 2014; Labassi, Chetelat, and
Lodi 2022; Zhang et al. 2025), cutting plane selection (Wang
et al. 2023; Li et al. 2023; Ye et al. 2025), and large neigh-
borhood search (Sonnerat et al. 2021; Huang et al. 2023;
Song et al. 2020; Wu et al. 2021; Ye et al. 2023) A third area
of exploration centers on predicting high-quality solutions
to enable warm-starting of solvers, as demonstrated in stud-
ies such as (Nair et al. 2020b; Han et al. 2023; Huang et al.
2024; Geng et al. 2025; Liu et al. 2025b). Additionally, ef-
forts have been directed at improving the generalization abil-
ity of learning-based models (Liu et al. 2023; Ye et al. 2023;
Ye, Xu, and Wang 2024; Pu et al. 2025). We also observe
that as Large Language Models (LLMs) grow in popularity,
a range of LLM-based methods have appeared, and one no-
table application among these is LLM-driven optimization
modeling (Jiang et al. 2024; Liu et al. 2025a). Finally, we
provide details on related works in ML4CO and contrastive
learning, which are included in Appendix B.

2.3 Predict-and-Search Framework for MILPs
We can encode each MILP instance as a bipartite graph
G = (W ∪ V, E), where W and V denote the sets of con-
straint and variable nodes, respectively, and the edge set E
corresponds to non-zero entries in A. Each node and edge
is associated with a set of features derived from problem
coefficients and structural attributes. Such a bipartite graph
can completely describe a MILP instance, enabling GNNs
to process the instances and predict their solutions.

We adopt the PS paradigm to approximate the solution
distribution of a given MILP. Specifically, the distribution is
defined via an energy function that assigns lower energy to
high-quality feasible solutions and infinite energy to infeasi-
ble ones:

p(x | I) = exp(−E(x | I))∑
x′ exp(−E(x′ | I)) ,

where E(x | I) =
{
c⊤x, if x is feasible,
+∞, otherwise.

(2)

Our goal is to learning distribution pθ(x|I) for a given in-
stance I. To make learning tractable, we assume a fully
factorized solution distribution over the binary variables,
i.e., pθ(x|I) =

∏p
i=1 pθ(xi|I), where pθ(xi|I) denotes

the predicted marginal probability for variable xi. To do
so, we use a GNN model to output a p-dimension vec-
tor x̂ = fθ(I) = (x̂1, · · · , x̂p)

⊤ ∈ [0, 1]p, where x̂j =
pθ(xj = 1|I). To train the model, we use a weighted set
of feasible solutions {x(i)}Ni=1 as supervised signals, where
each solution is assigned a weight wi ∝ exp(−c⊤x(i)). Let
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x
(i)
j = pθ(x

(i)
j = 1|I). Then, the training loss function is a

binary cross-entropy loss defined as:

LBCE(θ|I) =
N∑
i=1

wi · LBCE(θ|I,x(i))

=
N∑
i=1

wi ·
p∑

j=1

−
[
x
(i)
j log x̂j + (1− x

(i)
j ) log(1− x̂j)

]
.

(3)
At inference time, the GNN model outputs a predicted
marginal x̂ ∈ [0, 1]p. A standard MILP solver (e.g., Gurobi
or SCIP) is then used to search for a feasible solution in a
local neighborhood around x̂ by solving the following trust
region problem:

min
x∈Zp×Rn−p

{
c⊤x

∣∣ Ax ≤ b, l ≤ x ≤ u,x1:p ∈ B(x̂,∆)
}
,

(4)
where the trust regionB(x̂,∆) := {x ∈ Rn : ∥x1:p−x̂∥1 ≤
∆} constrains the solver to remain close to the predicted
binary configuration.

3 Motivation
In this section, we motivate our approach by highlighting
two fundamental limitations of conventional methods for
predicting MILP solutions: (1) their tendency to produce
ambiguous logit scores for variables, and (2) their failure
to capture the competitive dynamics within constraints. We
also provide an extensive motivation analysis from both op-
erations research and application perspectives in Appendix
A.

3.1 Inter-Variable Logits Ambiguity
A primary goal of a prediction model is to provide a clear
signal to a solver about which variables to prioritize. How-
ever, we observe that standard models often fail to do so.
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Logits Distribution Visualization. We begin by visual-
izing the logit distributions from a baseline GNN model

trained with the standard Binary Cross-Entropy (BCE) loss.
As shown in Figure 2, the logits produced by PS are poorly
separated. The model assigns similar scores to many vari-
ables that should be distinguished, failing to establish a clear
decision boundary for reliable variable ranking. In contrast,
the logits produced by our method exhibit a much clearer
separation, aligning better with the ground truth.

Quantifying Logit Separability. To quantify this ambi-
guity, we measure the model’s ability to rank variables cor-
rectly. For a given instance, we sample a large number of
positive-negative variable pairs (vi, vj) from a ground truth
solution, where xi = 1 and xj = 0. We then compute the
difference between the predicted scores, ∆ij = x̂i − x̂j ,
where x̂i and x̂j are the predictions for variables vi and vj ,
respectively. A positive difference signifies a correct rela-
tive ranking, while a negative one indicates an error. The
statistics of these differences in Figure 3 reveal that for the
baseline model, a substantial portion of the distribution falls
into the negative region. This quantitatively confirms that the
model is frequently uncertain or even incorrect about the rel-
ative importance of variable pairs, underscoring the need for
better logit differentiation.
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Figure 3: Distribution of the difference between logits cor-
responding to ground truth 1 and 0 from different methods.

Analysis. The standard training objective for MILP so-
lution prediction is the Binary Cross-Entropy (BCE) loss.
This objective encourages the model to independently match
the marginal probability for each variable. However, a high-
quality solution for a MILP problem depends not on individ-
ual accuracies, but on the correct relative ordering of vari-
ables. A solver does not need to know the absolute probabil-
ity of xi = 1; it needs to know whether xi is a better can-
didate than xj . A model trained with BCE can be “correct
on average” yet fail to create a decisive separation between
high- and low-priority variables. This results in ambiguous
logits that offer a weak and indecisive signal to the solver,
motivating our design of a new loss function that explicitly
prioritizes comparative ranking.
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3.2 Neglect of Intra-Constraint Competitions
A second critical limitation of existing methods is their ne-
glect of the competitive relationships inherent in constraints.

Prevalence of Competition in Constraints. Many con-
straints, such as the set-packing constraint

∑
i∈S xi ≤ 1, en-

force mutual exclusivity, where only one or a few variables
can be simultaneously active (i.e., set to 1). To demonstrate
the prevalence of this structure, we analyze the activation
ratio of constraints across standard benchmark datasets, de-
fined as the proportion of active variables within a constraint
in a ground-truth solution. Figure 4 plots the distribution of
these activation ratios. The plot reveals that for the vast ma-
jority of constraints, the activation ratio is extremely low.
This confirms that a ”winner-takes-few” or even ”winner-
takes-one” dynamic is a fundamental and widespread prop-
erty of MILP instances.
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Figure 4: Ratio of variables with value 1 from different prob-
lems. For each problem category, we traverse through all
constraints to count the number of variables taking the value
1 in the ground truth and plot the resulting histogram.

Insufficient Differentiation within Constraints. We next
investigate whether baseline models can capture this com-
petitive structure. An effective model should differentiate
between variables within a constraint, assigning high scores
to the few “winners” and low scores to the many “losers.”
We measure this differentiation by calculating the variance
of logits among all variables sharing a constraint. Figure 5
compares the distribution of this intra-constraint logit vari-
ance for the baseline model against our method. The base-
line model’s variance is predominantly low, indicating that
it assigns indiscriminately similar scores to competing vari-
ables. In contrast, our method produces significantly higher
variance, demonstrating a superior ability to distinguish be-
tween winners and losers within a constraint.

Analysis. This failure stems from the core mechanism of
the GNNs commonly used for prediction. Standard GNN
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Figure 5: Distribution of logit variance per constraint. In-
traVarMean first calculates the variance of logits within each
constraint and then computes their average; InterVar calcu-
lates the variance across all logits; Ratio represents the ratio
of IntraVarMean to InterVar.

message passing is designed to smooth and aggregate fea-
tures among neighboring nodes. While effective for tasks
like node classification, this mechanism is fundamentally ill-
suited for modeling competition. By averaging information
from neighbors within a constraint, GNNs tend to homog-
enize the representations of competing variables. This pro-
cess inherently masks their exclusionary relationships, ef-
fectively treating them as collaborators rather than the com-
petitors they are.

4 Methodology
Motivated by the observations in Section 3, we propose
CoCo-MILP, a novel framework that explicitly models
inter-variable Contrast and intra-constraint Competition for
advanced MILP solution prediction.

4.1 Framework Overview
The CoCo-MILP framework is built upon the PS framework,
as introduced in Section 2.3. In the framework, a MILP in-
stance is represented by a variable-constraint bipartite graph,
and a GNN is trained to predict the values of binary vari-
ables. Our analysis in Section 3 revealed two critical weak-
nesses in the standard PS approach: the ambiguous variable
logits and honogenized representations. We attribute these
issues to the inadequate learning objective and the GNN ar-
chitecture neglecting variable competitions.

CoCo-MILP addresses the aforementioned issues with
two core innovations. In Section 4.2, we introduce the Inter-
Variable Contrastive Loss (VCL), which replaces the stan-
dard BCE loss to learn more discriminative variable logits
by focusing on their relative contrast. Then, in Section 4.3,
we introduce the Intra-Constraint Competitive (ICC) GNN
layer. This layer explicitly models the competitive relation-
ships among variables within shared constraints, thereby
counteracting the feature-smoothing effect of standard mes-
sage passing.

24885



4.2 Inter-Variable Contrastive Loss (VCL)
The conventional Binary Cross-Entropy (BCE) loss func-
tion treats the prediction for each variable as an indepen-
dent classification task. This approach disregards the crucial
relational context between variables, leading to the ambigu-
ous logits demonstrated in Section 3. To address this, we
propose the Inter-Variable Contrastive Loss (VCL), which
fundamentally shifts the learning objective from pointwise
accuracy to learning discriminative logits. The goal of VCL
is to structure the embedding space such that the logits of
variables with a ground-truth value of one are systematically
and confidently larger than those with a ground-truth value
of zero.

Our VCL is a composite objective composed of two com-
plementary loss functions: a global multi-sample contrastive
loss and a pairwise ranking loss. For a given MILP instance
I, let our model with parameters θ produce a vector of log-
its z and the corresponding prediction x̂. For a ground-truth
solution x(i), we partition the set of binary variables V0 into
a positive set V+ = {vi | x(i)

i = 1} and a negative set
V− = {vj | x(i)

j = 0}.
First, we introduce the Multi-Sample Contrastive Loss

(MSCL), which is inspired by InfoNCE, which adopts a
global perspective. It encourages the logits of all positive
samples to be collectively larger than the logits of all other
variables in the instance. This is formulated as:

LMSCL(θ | I,x(i)) = − log

∑
vi∈V+

exp(zi/τ)∑
vk∈V0

exp(zk/τ)
, (5)

where τ is a temperature hyperparameter. This loss pushes
the entire group of positive variables away from the entire
pool of variables, promoting a coarse-grained separation.

Second, to enforce a more fine-grained separation, we em-
ploy a Pairwise Ranking Loss. This loss focuses on the local
relationship between every individual positive-negative pair,
ensuring a strict margin between their logits. It is defined as:

Lrank(θ | I,x(i))

=
1

|V+||V−|
∑

vi∈V+,vj∈V−

max(0, γ − (zi − zj)),
(6)

where γ > 0 is a predefined margin. This loss penalizes any
pair (vi, vj) where the logit of the positive variable zi does
not exceed the logit of the negative variable zj by at least γ.

The final Inter-Variable Contrastive Loss (VCL) is the
weighted sum of these two components:

LVCL(θ | I) =
N∑
i=1

wi · LVCL(θ | I,x(i))

=
N∑
i=1

wi ·
[
LMSCL(θ | I,x(i)) + λrank · Lrank(θ | I,x(i))

]
,

(7)
where wi are weights for each solution and λrank is a co-
efficient balancing the two objectives. Unlike BCE, which
evaluates each variable in isolation, VCL is relational; its
gradient for any single variable depends on the logits of all

other variables. By combining a global contrastive push with
fine-grained pairwise ranking, VCL produces a much clearer
and more robust ranking signal, which is better aligned with
the needs of downstream heuristics and solvers.

4.3 Intra-Constraint Competitive GNN
Standard GNN message passing tends to smooth features
across connected nodes, an effect that is counterproductive
in the MILP context. As discussed in Section 3, variables
sharing a constraint are not collaborators but competitors.
An effective GNN architecture should therefore not homog-
enize its representations but instead differentiate them to
highlight the most promising candidates for inclusion in a
solution.

To achieve this, we propose that a variable’s representa-
tion should be contextualized by its local competition. In-
stead of learning an absolute embedding, we aim to learn
how each variable’s features deviate from the average fea-
tures of its direct competitors within each constraint. This
relative representation is inherently more discriminative.

We implement this principle with our Intra-Constraint
Competitive (ICC) layer. The ICC layer achieves differen-
tiation through a simple yet effective normalization pro-
cess that follows each standard GNN message-passing up-
date. Let h(l)

j be the embedding of a variable vj after the
lth message-passing layer. The ICC mechanism proceeds in
three steps.

Aggregate Competitor Features. For each constraint ck,
we compute an aggregated message by averaging the em-
beddings of all variables participating in it:

h
(l)

k ←
1

|N (ck)|
∑

vj∈N (ck)

h
(l)
j , (8)

where N (ck) denotes the set of variable nodes connected to

constraint ck. The vector h
(l)

k represents the “average com-
petitor” within that constraint’s neighborhood.

Propagate Competitive Context. The aggregated infor-
mation is propagated back to the variables. Each variable vj
aggregates the “average competitor” representations from all
constraints it participates in:

h
(l)

j ←
1

|N (vj)|
∑

ck∈N (vj)

h
(l)

k , (9)

whereN (vj) is the set of constraint nodes connected to vari-
able vj . The resulting vector hj represents the aggregated
features of the average peer group against which variable vj
competes.

Compute Competitive Deviation The final update is then
performed by subtracting the peer representation from the
variable’s embedding, scaled by a learnable parameter β:

h
(l)
j ← h

(l)
j − β · h(l)

j (10)

This mechanism explicitly calculates the deviation of a
variable’s feature from its competitive baselines. A vari-
able whose embedding is highly distinct from its peers will
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produce a resultant vector with a large magnitude, signal-
ing it as a strong, standout candidate. Conversely, a vari-
able that is feature-wise similar to its competitors will have
its representation pushed towards the zero vector, diminish-
ing its salience. This process directly counteracts the feature
smoothing of standard GNNs and forces the model to learn
embeddings that highlight the “winners” within each local
competition, producing representations that are far more dif-
ferentiated and informative for the final prediction task.

5 Experiments
In this section, we conduct extensive experiments to evaluate
the effectiveness of CoCo-MILP. Our approach achieves sig-
nificant improvements in solving performance on both the
synthetic (Section 5.2) and real-world (Section 5.3) bench-
marks, as well as generalization ability (Appendix E.4).

Code — https://github.com/happypu326/CoCo-MILP

5.1 Experimental Setup
Datasets We evaluate our framework on four well-
established MILP benchmarks frequently used in ML4CO
research: Set Covering (SC), Item Placement (IP), Combi-
natorial Auctions (CA), and Workload Appointment (WA).
These benchmarks cover a wide range of combinatorial
structures, constraint types, and objective complexities. For
SC and CA, we follow standard instance generation proce-
dures from current works (Gasse et al. 2019; Wang et al.
2023; Han et al. 2023; Huang et al. 2024), while IP and WA
are taken from the more challenging tracks of the NeurIPS
2021 ML4CO competition (Gasse et al. 2022). Following
the experimental setting in (Han et al. 2023), we use 240 in-
stances for training, 60 for validation, and 100 for testing.
Please refer to Appendix D.1 for further benchmark details.

Baselines We mainly evaluate our method through two
standard categories. First, we measure the performance
gains by integrating the heuristics learned by CoCo-MILP
into two typical solvers, Gurobi (Gurobi Optimization 2021)
and SCIP (Achterberg 2009). Second, we compare CoCo-
MILP against two representative learning-based baselines:
Predict-and-Search (PS) (Han et al. 2023) and Contrastive
Predict-and-Search (ConPS) (Huang et al. 2024). Both PS
and ConPS follow a two-stage paradigm which first predicts
partial solutions and then finds better primal solutions based
on the Gurobi or SCIP solvers. ConPS extends PS by incor-
porating contrastive learning to enhance predictive quality.
Neural Diving (ND) (Nair et al. 2020a) is another related
baseline with a similar structure to PS, but we do not in-
clude it in our comparison due to its weaker performance
reported in PS. Most importantly, we are aware of recent
stronger baselines, notably Apollo-MILP (Liu et al. 2025b),
which focuses on improving search efficiency without mod-
ifying the training process of PS. Therefore, to demonstrate
the compatibility of our method, we also integrate CoCo-
MILP into Apollo-MILP as a plug-in component and report
the results in Appendix E.5. More experimental details can
be found in Appendix D.

Metrics To evaluate solution quality, we compare the best
objective values (OBJ) obtained by each method within a
1000-second time limit on each test instance. To approxi-
mate the optimal value, we adopt the setting from Han et al.
(2023), where a single-threaded Gurobi is executed for 3600
seconds and its best result is recorded as the best-known so-
lution (BKS). We then compute the absolute primal gap as
gapabs := |OBJ−BKS|, which quantifies how far a solution
is from the BKS. A smaller gapabs reflects higher solution
quality under the same time budget.

Training and Inference Following the setup in PS, all
methods are trained for 1000 epochs on each dataset, with
the best model selected based on validation prediction loss.
To enhance traditional solvers, PS introduces additional con-
straints to confine the solution space within a trust region,
which is controlled by several key hyperparameters. How-
ever, since our benchmarks are more challenging and com-
plex, the hyperparameter settings reported in the original pa-
pers result in poor performance. Therefore, we re-tune the
hyperparameters for all baselines on our benchmarks. The fi-
nal hyperparameters are detailed in Appendix D.3. And the
extensive analysis of these parameters is presented in Ap-
pendix E.2.

5.2 Main Evaluation

Solving Performance Table 1 presents comprehensive re-
sults demonstrating that our method consistently achieves
state-of-the-art performance across all benchmarks. On the
SC benchmark, our method exactly matches the BKS with
a near-zero primal gap, yielding a 93.8% improvement over
vanilla Gurobi. For the industrial-scale IP and WA bench-
marks, our method achieves perfect optimality, fully match-
ing BKS values. Even on the more complex CA benchmark,
our approach narrows the absolute gap by 37.1% compared
to Gurobi. In comparison with learning-based methods, our
model reduces the primal gap by 78.6% against PS and
63.0% against ConPS, underscoring the effectiveness of our
architecture in enhancing traditional solvers.

Primal Gap as a Function of Runtime As shown in Fig-
ure 6, our method demonstrates strong convergence across
all benchmarks. Although the initial gap reduction appears
less sharp, this is primarily due to the scaling of the x-axis.
In practice, CoCo-MILP is able to reach high-quality solu-
tions within the first 100 seconds. This behavior is attributed
to the more accurate variable selection in our method. The
fixed variables predicted by CoCo-MILP provide a better
starting point for the solver, enabling more efficient local
search. In contrast, baseline methods often make early deci-
sions based on pointwise training losses, which can misiden-
tify key variables and lead to premature convergence toward
suboptimal solutions. The consistently better final objective
values achieved by CoCo-MILP further support its advan-
tage in both convergence speed and solution quality. In ad-
dition, we provide the results obtained with the SCIP solver
for comparison, as presented in Appendix E.3.
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CA (BKS 97524.37) SC (BKS 125.05) IP (BKS 11.16) WA (BKS 703.05)

Obj ↑ gapabs ↓ Obj ↓ gapabs ↓ Obj ↓ gapabs ↓ Obj ↓ gapabs ↓
Gurobi 97228.93 295.44 125.21 0.16 11.43 0.27 703.47 0.42
PS+Gurobi 97286.29 238.08 125.17 0.12 11.40 0.24 703.47 0.42
ConPS+Gurobi 97315.83 208.54 125.18 0.13 11.36 0.20 703.47 0.42
CoCo-MILP+Gurobi 97338.64 185.73 125.06 0.01 11.26 0.10 703.14 0.09
Improvement 37.1% 93.8% 63.0% 78.6%

Table 1. Performance comparison on four MILP benchmarks (CA, SC, IP, and WA) under a 1000-second time limit. ‘↑’ indicates
higher is better; ‘↓’ indicates lower is better. Bold denotes the best result. All improvements are reported as gapabs relative to
Gurobi.
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Figure 6: The average primal gap of each method over 100 test instances as a function of solving time. All methods are
implemented using Gurobi, with a time limit of 1000 seconds.

BKS Gurobi PS ConPS CoCo-MILP

ex1010-pi 233.00 239.00 241.00 239.00 237.00
fast0507 174.00 174.00 179.00 179.00 174.00
ramos3 186.00 233.00 225.00 225.00 224.00
scpj4scip 128.00 132.00 133.00 133.00 131.00
scpl4 259.00 277.00 275.00 275.00 273.00

Table 2. The best objectives found by the approaches on each
test instance in MIPLIB. We obtain the BKS from the web-
site of MIPLIB. The ML approaches are implemented using
Gurobi with a time limit set to 1000 seconds.

5.3 Evaluation on Real-world Benchmark
To further evaluate CoCo-MILP’s applicability, we conduct
experiments on the MIPLIB dataset (Gleixner et al. 2021).
Following (Wang et al. 2023; Liu et al. 2025b), we focus on
the IIS subset of MIPLIB, which contains six training in-
stances and five testing instances. The complete information
about the MIPLIB benchmark, please refer to Appendix D.1.
All methods are trained identically, and their performance is
reported in Table 2. We also evaluate CoCo-MILP on addi-
tional challenging subsets of MIPLIB and report the results
in Appendix E.1.

5.4 Ablation Study
To evaluate the contribution of each component in CoCo-
MILP, we compare the full model with four ablated vari-
ants: (i) Replacing the VCL loss with LBCE; (ii) Removing
the ranking terms; (iii) Removing the MCSL terms; (iv) Re-

SC (BKS 125.05)↓ CA (BKS 97524.37)↑
CoCo-MILP w.i. LBCE 125.25 97240.00
CoCo-MILP w/o Lrank 125.21 97272.41
CoCo-MILP w/o LMSCL 125.19 97217.40
CoCo-MILP w/o LICC layer 125.18 97315.96
CoCo-MILP 125.06 97338.64

Table 3. Ablation studies. The ML approaches are imple-
mented using Gurobi with a time limit set to 1000 seconds.
‘↑’ indicates that higher is better, and ‘↓’ indicates that lower
is better. We mark the best values in bold.

moving the ICC layers in the GNN. As shown in Table 3,
omitting either the VCL loss or ICC layers significantly de-
grades performance, confirming that these design elements
play a critical role in CoCo-MILP’s effectiveness.

6 Conclusion

In this paper, we identifies key shortcomings in existing
learning-based methods for MILP solvers and introduces
CoCo-MILP as a solution. Our approach directly addresses
these limitations by incorporating explicit mechanisms for
inter-variable contrast and intra-constraint competition. Em-
pirical evaluations show that CoCo-MILP surpasses other
ML-based baselines in performance, demonstrating not only
higher accuracy but also strong potential for practical, real-
world deployment.
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