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Abstract—Linear programs (LPs) are typically solved with
iterative algorithms such as simplex or interior-point methods,
which enforce feasibility and optimality but treat each instance
independently. End-to-end neural solvers instead aim to map LPs
directly to solutions in a single forward pass, yet most require
large datasets of optimal solutions or rely on classical solvers
during training. We present a fully self-supervised framework
that predicts primal-dual LP solutions without ground-truth
supervision. First, we introduce BiJEPA, a joint-embedding
predictive pretraining objective for bipartite variable—constraint
graphs. By predicting global embeddings from masked local
views, BiJEPA enables large-scale pretraining on unsolved LPs.
Second, we fine-tune a bipartite graph neural network (GNN) us-
ing a differentiable residual loss based solely on LP structure via
the Karush-Kuhn-Tucker conditions. Across four LP families,
our method learns an end-to-end solver with low optimality gaps,
demonstrating that optimization structure can replace external
supervision when training neural LP solvers.

I. INTRODUCTION

Mathematical optimization—especially linear programming
(LP) and mixed-integer programming—supports resource al-
location, scheduling, routing, and large-scale decision-making
across science and industry. Classical solvers based on sim-
plex, interior-point methods, and branch-and-bound offer
strong guarantees [1], [2], but typically solve each instance
independently. In many applications, related instances recur
with shared structure (e.g., daily logistics, repeated plan-
ning, or low-latency embedded decision-making), motivating
approaches that exploit experience across instance distribu-
tions [3]. Neural methods provide a complementary route:
instead of re-solving each instance, a model can map problem
data directly to candidate solutions. Existing ML—optimization
work largely falls into two categories. ML-augmented solvers
accelerate components of classical pipelines (e.g., branching
or cut selection) while keeping the solver in the loop [4],
[5]. End-to-end approaches instead predict solutions directly
from instance features [6], [7], enabling fast inference but
raising the question of how to obtain reliable learning signals.
Many methods require large supervised datasets of solved
instances or rely on penalty-based objectives that may not
enforce feasibility or optimality and still depend on solvers
for repair or verification [5].
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This paper explores the problem of learning to solve LPs
without solution labels. Optimization problems already contain
rich internal structure—objectives, constraints, and optimality
conditions—that can serve as supervision. This aligns with the
broader Al theme of learning from environmental structure
rather than external labels, in the case of LPs the Karush—
Kuhn-Tucker (KKT) conditions characterize optimal primal—
dual solutions under mild assumptions [8]. Training a model
to output variables satisfying these conditions allows the LP
itself to provide the learning signal. We propose a fully self-
supervised pipeline combining two complementary signals.
First, we introduce BiJEPA, a graph adaptation of Joint
Embedding Predictive Architectures for the bipartite variable—
constraint structure of an LP [9]. BiJEPA pretrains a bipartite
GNN encoder by generating masked views of an instance and
predicting a global embedding from heavily masked local con-
texts. Because this objective depends only on the LP descrip-
tion, it enables large-scale pretraining on unsolved instances
and yields permutation-invariant representations transferable
across families and sizes. Second, we train a solver head
using a differentiable KKT residual loss, inspired by KKT-
Net objectives [10], which penalizes violations of feasibility,
complementary slackness, and stationarity. This stage remains
label-free: the loss is computed solely from (A, b,c) and the
network outputs, without requiring solver-generated solutions.
This work makes the following contributions: we propose
BiJEPA for LP graphs, a self-supervised pretraining objective
for bipartite LP graphs that learns transferable, permutation-
invariant representations by predicting global embeddings
from masked local views; we train bipartite GNN solvers using
a differentiable KKT residual objective, enabling unsupervised
learning of primal-dual solutions and evaluating the approach
across multiple LP families and sizes, including an analysis of
the benefits of BIJEPA pretraining in low-compute fine-tuning
regimes.

II. RELATED WORK
A. ML based solvers for Linear Programs (LPs)

In recent times, several works emerged focusing on com-
bining neural networks with KKT conditions. Wu et al. [11]



used the KKT conditions explicitly as (boundary) conditions
for a first-order ODE (dynamic system). The idea is that
this dynamic system converges, as ¢ — 00, to a state that
satisfies the KKT conditions. It is claimed that the solution
can thus be found. However, for each LP, a new neural
network must be trained, which makes the method very slow
and computationally intensive. Chen et al. [12] provide an
attempt at modeling an LP as a bipartite GNN. Their goal
is to generally study solution methods for LPs via bipartite
GNNs, where the main challenge remains how to determine
reliably the objective values and solutions from the network.
Qian et al. [13] provide an explanation of how GNNs can be
used to solve LPs. Concretely, the Message Passing steps in
the GNN are viewed as the steps of an interior-point algorithm.

B. ML based approaches for Mixed Integer Linear Programs
(MILPs)

Scavuzzo [14] reviewed the current literature on the use of
Machine Learning for MILP and categorized the approaches
into three main groups:

1) Primal heuristics: A GNN is used to solve a (sub)part
of the problem, corresponding to stable variables. The sub-
problem with the remaining variables is then solved by a
solver (usually SCIP). It has been established that for many
binary MILPs, in numerous feasible solutions, certain variables
consistently take the same values in all (or in most) feasible
solutions. These are called stable variables. Several GNN-
based approaches predict stable variables, after which the
remaining subproblem is passed to a solver. Ding et al. [15] use
a supervised attention-based GNN trained with binary cross-
entropy to identify these variables, followed by a SCIP local-
branching step. Nair et al. [4] extend this idea with a two-part
architecture—Neural Diving and Neural Branching—where
the former is a refined variant of Ding et al.’s primal heuristic
with an adjusted probability loss. The Neural Branching GNN
aims to predict which variables will undergo Full Strong
Branching, so that the root search tree remains as small as
possible. Imitation learning is used here, following the expert
policy from SCIP. With respect to the contribution discussed
in this paper, these approaches are only semi end-to-end in
the sense that part of the MILP is determined by the neural
network, but a solver is still needed to complete the solution.

2) Branch and Bound: These methods are not end-to-end
but guide solver decisions with branch and bound. Gasse et
al. [16] use a bipartite GNN trained via imitation learning to
predict branching variables from SCIP expert data. Zarpellon
et al. [17] instead model the search tree itself, claiming better
generalization across problem classes. Lin et al. [18] follow
this tree-based approach using a transformer with multitask
learning, supervised by SCIP.

C. End-to-End Methods for both LP and MILPs

End-to-end ML methods for LPs and MILPs try to solve
the problem by specifying an appropriate loss or approach to
the solution. Tang et al. [6] propose a network that solves the
LP relaxation and then applies a constraint layer to project

the output onto integer values, training with an objective plus
a penalty loss for inequalities. Lee et al. [7] instead use
reinforcement learning, where actions adjust variable values;
their method first rewards reducing constraint violations to
reach feasibility, and then rewards improving the objective
while maintaining feasibility.

III. METHODS
A. Graph Neural Networks

We use GNNSs to encode optimization instances of varying
sizes. MLPs flatten the problem data into a single fixed-length
vector, instead GNNSs represent each instance as a graph whose
nodes and edges reflect the problem’s structure as can be
seen in figure 1. A typical example in the LP context is the
bipartite graph representation, which treats decision variables
and constraints as two distinct sets of nodes.

min 50x1 + 30zs + 20z3  s.t.
ar: | 20 +azs | [>60 » L
5

ag ;| 1z|+|2x2|+|5xs|> 40
Fig. 1: A small LP (left) with its coefficient matrix A in the
middle. Rows (constraints) become red nodes a;,as, while
columns (variables) become blue nodes x1,z2,x3. Edges
represent nonzero A;;.
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To construct the bipartite graph, one set of nodes corre-
sponds to the constraints (rows of A) and the other set cor-
responds to the decision variables (columns). An edge exists
between a constraint node and a variable node if and only
if the corresponding coefficient in A is nonzero. Each node
then holds features (e.g., objective coefficients c;, right-hand
sides b;, or bounds), and during message passing, constraints
pass information to variables and variables pass information
back to constraints. This two-way flow of information helps
the network learn to minimize violations, guide feasibility, and
push solutions toward optimality. Since GNNs process nodes
based on their connectivity rather than relying on a specific
node ordering, the architecture is invariant under permutations.
This is especially useful for LPs, where the labeling or order
of constraints and variables should not affect the solution.
Whereas MLP inputs must be ordered in some way (and
shuffling the input could produce different outputs), GNNs
aggregate messages from neighbors in a symmetric fashion
(e.g., summation or averaging), ensuring the model’s output
remains consistent regardless of how the problem is indexed.

B. BiJEPA: Joint Embedding Predictive Pretraining for Bi-
partite LP Graphs

In our task to learn bipartite graphs, we introduce a pretrain-
ing stage inspired by Joint Embedding Predictive Architectures
(JEPAs) [9]. The goal is to learn node representations that
capture the structural relationships between constraints and
variables in the bipartite graph, before training the solver
heads, so fewer instances are needed to get good results.



1) Graph views via masking: Let an LP instance be repre-
sented as a bipartite graph G = (V,,V,, E), where constraint
nodes ¢ € V, carry features u; (e.g., right-hand side or derived
statistics), variable nodes j € V, carry features v; (e.g.,
objective coefficient and bounds-related features), and edges
(,7) € E carry edge features e;; corresponding to the nonzero
coefficient A;;. To form multiple views of the same instance,
we mask a random subset of constraint nodes, variable nodes,
and edges. Importantly, we do not remove nodes (i.e., we
do not sample subgraphs), so node identities and ordering
remain consistent across views. Masking is implemented by
replacing the corresponding embedded features with learnable
mask tokens:

if ¢ is masked (constraint)
otherwise

(O]

if j is masked (variable)
j, otherwise

and the same goes for masked edges with token t.. This
preserves the bipartite connectivity and makes view-to-view
prediction well-defined at the node level. We generate two
types of views: (i) global views that are lightly masked (high-
information, used as targets), and (ii) local views that are
heavily masked (low-information, used as contexts).

2) Node embedding and predictive alignment: Let fy be
the bipartite GNN encoder. For a masked view G*), we
compute node embeddings Z*) = f,(G*)) € RVN*P where
N = |V.| +|V,| and Z®) is formed by concatenating the
constraint-node and variable-node embeddings (this matches
our implementation, where constraint embeddings and variable
embeddings are projected and concatenated). Following the
JEPA principle of predicting in embedding space (rather than
reconstructing raw inputs), we use the average embedding of
the global views as a target representatlon Given ng global
views, the target center is Z = ;= Y 77, Z(9).

For each view (global or local) we encourage its embed-
dings to match Z. We use a mean-squared error in embedding
space:

s = 1 3 w12 - 21,

where )V denotes the set of all views (global + local).

3) Collapse prevention via distribution regularization:
Predictive alignment alone can lead to representation collapse,
where the model produces degenerate solutions and all em-
beddings become nearly constant. Past work prevents this
collapse with mechanisms such as stop—gradient targets or
teacher—student updates [9]. Balestriero et al. introduce a rep-
resentation regularizer L, (SigReg) that promotes isotropic,
non-collapsed embeddings by encouraging the empirical em-
bedding distribution to match a reference distribution (stan-
dard normal) under random one-dimensional projections. The
combined BiJEPA loss uses only one scalar hyperparameter
A € ]0,1] to trade off prediction alignment and regularization
strength. The final BiJEPA pretraining objective is

Lpisepa = (1 = A) Lpred + A Lsig 3)

where A € [0, 1] balances predictive alignment and repre-
sentation regularization. This pretraining stage uses only LP
instances (no optimal solution labels) and produces an encoder
that is subsequently used by the solver trained with a KKT-
based loss

C. KKT Loss Representation for End-to-End LP Solving

After pretraining, we train the model to output primal and
dual variables by minimizing a differentiable surrogate of
the Karush—-Kuhn-Tucker (KKT) conditions [8]. Under mild
regularity conditions, any primal-dual solution satisfying KKT
is guaranteed to be optimal. By minimizing a loss function that
measures violation of KKT conditions, we provide a signal
to our network: the loss is zero if and only if the output
represents an optimal solution for the given LP. This allows
us to train the network in an unsupervised way. The KKT
objective residual becomes the loss signal so we have no need
for explicit solution labels. This enables end-to-end learning
without requiring ground-truth optimal solutions as labels.

1) LP form and network outputs: We consider the linear
program

T+
m1n c x st
zER

where A € R™*" b € R™, and ¢ € R™ In our
bipartite representation, each variable node j produces a scalar
prediction #; (primal variable), and each constraint node i
produces a scalar prediction i (dual multiplier). To enforce
dual feasibility, we parameterize A with a nonnegative softplus
activation, so A > 0 by construction.

2) Differentiable KKT residuals: For inequality constraints
Axz < b, the KKT conditions consist of: (i) primal feasibility
Ax < b, (ii) dual feasibility A > 0, (iii) complementary
slackness A; (b; — aj z) = 0 for all i, and (iv) stationarity
of the Lagrangian, ¢+ AT\ = 0.

Primal feasibility. Let the constraint violation vector be
gp = AZ —b € R™ We penalize inequality violations with the
squared ReLU penalty:

Az <b 4

1
Ly = — [ReLU(g,) I3 ®
m

Dual feasibility. The dual variables are parameterized to be
nonnegative using a softplus activation, so no extra penalty is
needed. But for completion if \ were unconstrained, we again
could use the squared ReLU penalty:

L4 = % HReLU(—J\)Hz ©)

Complementary slackness. Let the slack be s = b — Az.
Complementary slackness is enforced by
1 .
L.=—|A®s|3 scR™ @)
m
where ©® denotes element-wise multiplication. Intuitively, if
a constraint is inactive (s; > 0), then the loss encourages

)\ — 0, while for active constraints (s; = 0), )\Z is free to
take values required by stationarity.



Stationarity. The Lagrangian gradient residual is rs = ¢ +
AT\ € R™. So to enforce stationarity, the loss becomes:
1
E —

s = —
m

3) KKT loss: We combine the losses into:

Hc+AT;\||Z ®)

LKKT(aqp,a9,a3,aq) = @1Lp +@2La + azlec + sl ©)

The loss is minimized when feasibility, complementary
slackness, and stationarity are simultaneously satisfied. Under
standard regularity assumptions, any primal-dual pair (&, )
achieving LxxT =~ 0 corresponds to an optimal solution
of (4) [8], [10].

D. Dataset generation

To train and evaluate our GNN encoder, we need a large
collection of feasible, bounded LP instances with varying
sizes, together with a consistent graph representation. We
therefore generate instances from 4 combinatorial optimization
classes and convert them into LPs by relaxation.

1) Problem families and size control: We used Ecole [19]
to generate instances from the following problem classes:
Independent Set (IS), Set Cover (SC), Combinatorial Auction
(CA), Capacitated Facility Location (CFL). Across all fami-
lies, we generate instances for multiple size settings (in our
experiments, the number of variables n € {10, 50,200}), and
we store each instance on disk as a . 1p file.

2) Relaxation to a standardized LP form: The generated
instances originate as MILPs (binary/integer variables and
potentially additional constructs). Since our method focuses
on LP solving with a KKT-based loss, we convert every
generated model into a linear program and enforce a consistent
minimize objective direction by applying an LP relaxation
routine that removes integrality constraints and by transform-
ing maximization problems in minimization ones through
negating all objective coefficients and flipping the model sense
obtaining a problem with the same form as in equation (4).
This ensures that all components (graph construction, KKT
loss computation, and metrics) operate on a single canonical
LP format.

3) Bipartite graph extraction and feature design: Each
LP file is converted into a bipartite graph as described in
Section III-A. We parse the . 1p file with a modeling toolkit
and construct a set of variable nodes V,, (one for each decision
variable), a set of constraint nodes V. (one per linear constraint
with at least one nonzero coefficient), and an edge set E that
contains an edge (4, j) whenever A;; # 0. Each edge stores
the signed coefficient value A;; as its attribute. To ensure
deterministic indexing across runs and consistent alignment
between solver outputs and graph nodes, variables are ordered
by name and constraints are ordered first by their number of
nonzeros and then by a stable identifier.

a) Variable-node features.: For each variable x;, we
compute a 6-dimensional base feature vector v; =
[c;, avgeoef (), deg(j), maxcoef(j), mincoef (5),I{j; € Z}
where deg(j) is the number of incident nonzeros, and the
coefficient statistics are computed over the incident edges.

b) Constraint-node features.: For each constraint node
i, we compute u; = |avgcoef(i), deg(i), rhs(i), sense(i)]
where sense(z) € {0,1,2} encodes <, >, and = constraints,
respectively.

c) Positional features: Although message passing is per-
mutation invariant, in practice it can be beneficial to provide
a weak, deterministic “identity” signal. We therefore add a
positional encoding to variable nodes by lexicographically
ranking variables using their base features (objective coeffi-
cient, coefficient statistics, degree, and integrality flag). We
then encode each variable’s rank quantile as a fixed-length
binary fraction (12 bits) and append these bits to v;. This
yields optimization variable feature vectors of dimension 6412
when positional features are enabled.

d) Instance-wise normalization.: To keep feature mag-
nitudes comparable across sizes and families, we apply per-
instance min-max normalization to node features (feature-
wise). When positional bits are enabled, we normalize only
the first 6 real-valued features and keep the bit features binary.

4) Sparse <-form for KKT residual computation: In addi-
tion to the bipartite graph used by the GNN, we construct a
sparse matrix representation (A, b, ¢) used by the KKT loss in
Section III-C. Since our KKT formulation assumes inequalities
of the form Ax < b, we convert the parsed constraints into a
unified <-only system:

o Equalities are split into two inequalities (a 'z < b and

—a'z < —b).
e > constraints are multiplied by —1 to obtain < con-
straints.

« Finite variable bounds are added as additional inequality
rows (z; < uj; and —x; < —¢5).
Storing A in sparse COO format allows efficient computation
of Az and AT\ via scatter operations, matching the sparse
bipartite structure used during message passing.

a) Stored artifacts.: For each instance we store (i) the
relaxed .1p model, (ii) a serialized graph bundle containing
sparse A, bipartite edge indices/attributes, and node features,
and (iii) for val/test, the solver-produced optimal objective
and primal solution. This design makes data loading indepen-
dent of the original modeling stack and enables fast iteration
during training and evaluation.

IV. EXPERIMENTAL RESULTS

A. Baselines for comparison

MLP baseline (MLP-BL) [10] This baseline follows the
fully-connected approach of KKT Nets: the LP instance is
represented as dense tensors (A, b,c¢) Training is driven by
the KKT-based loss.

GNN baseline (GNN-BL) This is a variant of our bipartite-
graph solver trained from scratch without any self-supervised
pretraining. Each LP is encoded as a bipartite graph with con-
straint nodes and variable nodes, and edges corresponding to
nonzeros of A. All parameters (numeric embeddings, message
passing layers, and prediction heads) are optimized end-to-end
using the same KKT-based loss used across all variants.



TABLE I: Optimality gap (%) in the Combinatorial Auction
problem after E fine-tuning epochs for n = 10.

TABLE III: Optimality gap (%) in the Combinatorial Auction
problem after E fine-tuning epochs for n = 200.

Method E=1 2 5 10 20 30 50

Method E=1 2 5 10 20 30 50

MLP-BL 128 +£8.2 103+£7.8 356£16.9 29.1+12.9 27.5+12.1 28.8+£11.8 22.4+10.8
GNN-BL 22.24+16.4 20.1 £15.8 18.14+14.3 17.3£13.2 18.2+14.1 16.8+13.1 16.9+13.4
GNN-FE 24.0+17.9 20.3+£15.9 19.6 £15.4 19.24+15.2 19.0+14.9 189+ 15.1 19.0£15.1
GNN-FF 19.6+14.9 19.5+14.8 17.94+14.5 17.5+14.1 17.1+134 16.7+13.2 17.0+13.3

TABLE II: Optimality gap (%) in the Combinatorial Auction
problem after E fine-tuning epochs for n = 50. .

Method E=1 2 5 10 20 30 50

MLP-BL 36.24+18.6 102485 31.24+9.1 174+6.2 124+£6.5 131458 11.1+£52
GNN-BL 31.34+17.9 32.0+£17.6 20.84+14.0 22.0£13.7 11.7£84 9.1+£70 93+7.0
GNN-FE 33.5+19.4 15.0+£11.2 24.8+13.3 20.8+12.6 17.3+11.5 15.9+£10.9 18.6 £11.6
GNN-FF 15.54+11.7 11.9+94 11.2+86 21.3+£10.5 11.3£81 9.6+£73 99+7.3

GNN frozen encoder (GNN-FE) We initialize the bipartite
GNN encoder from a BiJEPA pretraining checkpoint (Sec-
tion III-B) and then freeze the entire encoder (no gradient
updates). Only the downstream prediction heads that map
embeddings to (#,\) are trained with the KKT loss. This
isolates the benefit of pretraining from any further feature
adaptation.

GNN full finetune (GNN-FF) We initialize the encoder
from the same BiJEPA checkpoint as GNN-FE but finetune all
parameters (encoder + prediction heads) using the downstream
KKT loss. Compared to GNN-FE, this allows the encoder to
adapt its features to the specific structure of the KKT objective
and typically yields the fastest convergence in early training.

B. Experimental Setup

We consider instances of three sizes: n € {10,50,200}
variables. Results are reported on a held out test set as the
mean value of the relative optimality gap, as defined below:

2|cT£+bT;\

Gap(i,;\) = (10)

\chc|+‘bT§\|+€

where c is the objective function & is the predicted primal
variable vector A is the predicted dual variable vector and b is
the right-hand-side.

C. Compute-limited fine-tuning: budget sweep

We train all GNNs and MLPs jointly on the four problem
families, but focus evaluation on the Combinatorial Auction
instance, where GNN methods require more fine-tuning epochs
than MLPs. To assess the data-efficiency gains from BiJEPA,
we fine-tune each model for £ € 1,2,5,10,30,50 epochs
under identical settings. Tables I-III reveal a clear distinc-
tion between low- and high-budget regimes. With limited
fine-tuning, the pretrained full-finetuning model (GNN-FF)
provides strong warm starts on larger instances: for n=50 it
attains 11.20% at E=5 vs. 20.82% for GNN-BL (Table 1I),
and for n=200 it reaches ~ 11.8% by E€5, 10 while GNN-BL
remains at 18-26% (Table III). With enough training, however,
the baseline continues improving and eventually achieves the
best final performance on larger sizes (e.g., 9.09% at E=30 for
n=>50 and 7.08% at E=50 for n=200). The frozen-encoder
variant (GNN-FE) plateaus early, indicating that updating

MLP-BL 45.0+26.7 19.1+£3.6 15.5+6.7 21.7+7.6 19.8+8.6 23.4+89 21.6+89
GNN-BL 19.1£9.8 19.3+£10.4 2594+11.0 18.0+£9.4 17.4+6.5 7.7+49 7.1+£46
GNN-FE 21.7+£98 253+77 206+79 263+77 19.7+£74 2414+£75 224+7.3
GNN-FF 19.3+8.7 194485 11.84+6.5 11.8+6.6 14.1+£6.3 182+6.6 16.9+6.7

LSNE 20 (PCASO, pool=concat) LSNE 20 (PCASO, pool=concat)

Fig. 2: t-SNE visualization (PCA-50 pre-reduction) of pooled
not pretrained (left) and pretrained (right) embeddings. Points
are colored by problem family (CA, IS, CFL, SC). The
representation yields well-separated clusters across families.

only the prediction heads is insufficient to further reduce
gaps. if fine-tuning compute is limited, BiJEPA pretraining
yields strong early performance on medium/large instances,
achieving low double-digit gaps within < 5 epochs for n=>50
and < 10 for n=200. With sufficient downstream data, longer
training allows the baseline to match or surpass pretrained
models and obtain the best final gaps.

D. Plotting embedding space

Figure 2 shows a 2D t-SNE projection of the pretrained
graph embeddings (after a PCA reduction to 50 dimensions).
We visualize pooled embeddings obtained by concatenating
a constraint- and variable-pooled representation for each in-
stance (pool=concat). The four LP families (CA, IS, CFL, SC)
form clearly separated clusters, indicating that the pretrained
encoder captures strong, problem-type specific structure in the
latent space. You can see that the CA, IS and SC clusters have
a spherical, Gaussian-like distribution, which is consistent with
the effect of the SIGReg regularization. The visualization pro-
vides evidence that the learned representations are discrimina-
tive enough to separate different LP families and that BiJEPA
does not suffer from representation collapse but instead pushes
respresentations towards an isotropic distribution.

E. Warm-starting a classical LP solver

We additionally investigated whether the solution predicted
by our learned solver can be used to warm-start a classical
LP solver. Concretely, for each validation instance we first
predict a primal solution & and provide these values as an
initial point to the downstream solver. We compare against
the solver’s default initialization, and report wall-clock solve
time and iteration counts (median/P50 and P90).

Unfortunately, in our current settings, warm-starting yields
negligible improvements. Across the validation set, both the
median and P90 solve times remain essentially unchanged



when initializing the solver from (z, 5\) rather than using
the solver’s internal defaults. In absolute terms, the largest
instances considered in our experiments are solved in ap-
proximately ~20,ms regardless of initialization, and the tail
behavior (P90) similarly shows no meaningful improvement.

This is due to the fact that our instances of size 200 are
still relatively small-sized LPs for which modern solved have
already been optimized. An important direction for future
work will therefore be to identify relevant approaches towards
scaling up the size of the problems to thousands of variables.

V. LIMITATIONS

The results and experiments presented in this contribution
have a number of limitations. First of all the LP instances are
relaxed versions of synthetically generated MILPs. Secondly,
due to scalability limitations, we used relatively small models
and problem instances. These limitations all present opportu-
nities for future work as discussed in Section VI.

VI. CONCLUSION AND FUTURE WORK

In this contribution We presented BiJEPA, a GNN solution
trained with KKT loss and joint embeddings of a bipartite
graph that represents variables and constraints of an opti-
mization problem. Training with BiJEPA and KKT allow our
GNNs to learn representations of optimization problems, and
as a consequence a direct mapping to a feasible solution, even
when the network is trained with heterogeneous problems at
the same time. Future work can branch in multiple directions.
One aspect that seems relevant to the optimization is how
to sample the instances during the training of the GNN, a
different batching and shuffling strategy may allow learning
better weights with the GNN model. Finally, studying the
properties of the manifold generated by the GNN, may allow
to discover further terms to be added to the KKT conditions
to speed up the learning process.
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