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The Interior Point Method
Problem

We focus on solving the following NLP (1):

min
x∈Rn

f(x)

s.t. h(x) = 0
x ≥ 0

(1)

where the functions f : Rn → R and h : Rn → Rm are all assumed to be
twice continuously differentiable.
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The Interior Point Method
The Classic IPM
By introducing a decreasing sequence of parameters µ converging to zero,
the perturbed Karush-Kuhn-Tucker (KKT) conditions can be represented
as:

∇f(x) + λ⊤∇h(x)− z = 0 h(x) = 0
diag(z)diag(x)e = µe x, z ≥ 0

(2)

A one-step Newton’s method is employed to solve such a system, aiming
to solve systems of linear equations (3).∇2f(x) + λ⊤∇2h(x) ∇h⊤(x) −I

∇h(x)
diag(z) diag(x)


︸ ︷︷ ︸

J

∆x
∆λ
∆z

 = −F(x, λ, z) (3)

The IPM commences with an initial solution (x0, λ0, z0) such that
x0, z0 > 0. At iteration k, the linear system (3) defined by the current
iterate (xk, λk, zk) is solved.
Gao, Xiong, Wang, Duan, Xue, Shi IPM-LSTM NeurIPS 2024 5 / 20
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The Interior Point Method
The Classic IPM

Solving linear systems is the main computational bottleneck.
IPM is difficult to be warm-started.

Can we leverage L2O techniques to expedite IPMs for NLPs?
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The Interior Point Method
Approximating Solutions to Linear Systems
To avoid high computational costs, the least squares problem (4) is
employed to obtain the approximate solution of the IPM linear system.

min
y

1
2

∥∥∥Jky + Fk
∥∥∥2

(4)

This perspective is similar to the inexact IPM1.

Assumption 1
At iteration k, we could identify some yk such that∥∥∥Jkyk + Fk

∥∥∥ ≤ η
[
(zk)⊤xk

]
/n (5)

∥yk∥ ≤ (1 + σ + η)∥F0(xk, λk, zk)∥. (6)

where η ∈ (0, 1) and F0(xk, λk, zk) denotes F(xk, λk, zk) with µ = 0.
1Stefania Bellavia. “Inexact interior-point method”. In: Journal of Optimization Theory and Applications 96 (1998),

pp. 109–121.
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The Interior Point Method
Approximating Solutions to Linear Systems

To satisfy Assumption 1, the approximate solution yk has to be bounded
and accurate enough, regardless of whether Jk is invertible.

Proposition 1
If (xk, λk, zk) is generated such that Assumption 1 is satisfied, let
(x∗, λ∗, z∗) denote a limit point of the sequence {(xk, λk, zk)}, then
{(xk, λk, zk)} converges to (x∗, λ∗, z∗) and F0(x∗, λ∗, z∗) = 0.
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The IPM-LSTM Approach
Architecture
LSTM networks are considered suitable for solving the least squares
problem due to the resemblance between LSTM recurrent calculations and
iterative algorithms.

yt := LSTMθ

([
yt−1, (Jk)⊤(Jkyt−1 + Fk)

])
. (7)

Figure 1: The LSTM architecture for solving the least quares problem.
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The IPM-LSTM Approach
Model Training
Base on the least squares problem, we propose a new self-supervised loss
function:

min
θ

1
|M|

∑
M∈M

(
1
K

K∑
k=1

1
T

T∑
t=1

1
2

∥∥∥Jkyk
t (θ) + Fk

∥∥∥2
)

M

,

where the subscript M indicates that the corresponding term is associated
with instance M. Truncated backpropagation through time is employed to
mitigate memory issues.

Figure 2: An illustration of the IPM-LSTM approach.
Gao, Xiong, Wang, Duan, Xue, Shi IPM-LSTM NeurIPS 2024 11 / 20
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Experiments
Experimental Settings

Datasets:
The dataset used in our work includes randomly generated benchmarks234

as well as real-world instances from Globallib. These benchmarks
encompass convex QPs, convex QCQPs, nonconvex QPs, and simple
non-convex programs.

Baselines:
Traditional optimizer: OSQP, IPOPT.
L2O algorithms : NN, DC3, DeepLDE, PDL, LOOP-LC, H-Proj.

2Jieqiu Chen and Samuel Burer. “Globally solving nonconvex quadratic programming problems via completely positive
programming”. In: Mathematical Programming Computation 4.1 (2012), pp. 33–52.

3Priya L Donti, David Rolnick, and J Zico Kolter. “DC3: A learning method for optimization with hard constraints”. In:
(2021).

4Enming Liang, Minghua Chen, and Steven Low. “Low complexity homeomorphic projection to ensure neural-network
Solution feasibility for optimization over (non-) convex set”. In: (2023).
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Experiments
QP

min
x∈Rn

1
2x⊤Q0x + p⊤0 x

s.t. p⊤j x ≤ qj j = 1, · · · , l
p⊤j x = qj j = l + 1, · · · ,m
xL

i ≤ xi ≤ xU
i i = 1, · · · , n

(8)
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Experiments
QP
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Experiments
Convex QCQP

min
x∈Rn

1
2x⊤Q0x + p⊤0 x

s.t. x⊤Qjx + p⊤j x ≤ qj j = 1, · · · , l
p⊤j x = qj j = l + 1, · · · ,m
xL

i ≤ xi ≤ xU
i i = 1, · · · , n
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Experiments
Simple Non-convex Program
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Experiments
Performance Analysis of IPM-LSTM

(a) Condition (5) (b) Condition (6)
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Figure 3: The performance analysis of IPM-LSTM on a convex QP (RHS).
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Conclusions

Our work can be summarized as follows:
Approximating Solutions to Linear Systems via LSTM.
A new self-supervised loss function.
A new learning-based method based on IPM that can simultaneously
keep feasibility and optimality.
Two-Stage Framework.
Better performance in end-to-end solutions and warm-starting IPOPT.
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