
Learning Algorithm Hyperparameters for 
Fast Parametric Convex Optimization

INFORMS 2026 
Assistant Professor at Texas A&M 
Rajiv Sambharya

1

Bartolomeo Stellato Jinho Bok Nikolai Matni George Pappas



Quadcopter trajectory-tracking with optimization
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Model predictive control
optimize over a smaller horizon (T steps), 


implement first action, 

repeat

we need good 

algorithms to enable 


real-time optimization!

optimization

actionscurrent state,

reference trajectory

<latexit sha1_base64="nncBKpkKhAUNL4kMrPS0IQd6xFo="></latexit>

minimize
PT

t=1 kst � sreft k22
subject to st+1 = Ast +But

st 2 S, ut 2 U
s0 = sinit

(if given enough time)
success! failure! 

not enough time to solve
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Real-world optimization is parametric

<latexit sha1_base64="z6sXOdNpP5xzVITV72UMKNt5xZ4="></latexit>x
<latexit sha1_base64="ipZmSKI5BbNJ8lm6vZdFMbxu5FI="></latexit>

z⋆(x)

<latexit sha1_base64="YlnNVGdGv0F0nncgxDZPO/VHDGY="></latexit>

minimize f(z, x)
subject to z 2 ⌦(x)

optimal

solution

problem

parameter

underlying signal

noisy 

measurement

signal processing

thrusts, torques

initial state

decision 
variable <latexit sha1_base64="HHszrE+RviOTa0ZVYIyZQ9yP1LI="></latexit>z

parameter <latexit sha1_base64="z6sXOdNpP5xzVITV72UMKNt5xZ4="></latexit>x
problem

robotics + control

power flow

demand, 

renewable generation

energy



First-order methods can be too slow for real-time applications
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gradient stepprojection

Example: projected gradient descent
<latexit sha1_base64="UMxRktYLBownKaM0QXsKsWZW4RM="></latexit>

zk+1(x) = ⇧⌦(x) (z
k � ✓krf(zk(x), x)| {z })

First-order methods

are popular…

…but can be slow

to converge!

Problem
In many applications, we 


have a budget of iterations

e.g., in robotics, we may only 

have 10ms to solve each problem

<latexit sha1_base64="YlnNVGdGv0F0nncgxDZPO/VHDGY="></latexit>

minimize f(z, x)
subject to z 2 ⌦(x)



Can machine learning speed up convex parametric optimization?

5

Optimization         Machine Learning
<latexit sha1_base64="0MZ9mDhY0ERCMBw8fcs2Rht61Yk="></latexit>

ẑOpt+ML(x)
<latexit sha1_base64="z6sXOdNpP5xzVITV72UMKNt5xZ4=">AAAC9HicZVI9axtBEF1dvhzny07KNEdkQwpH3IkQuzS4UeNgQ2QbLGFm90bSov04787JEsv9grRJly6kzf9Jkf+SO0kQTp7q8d6+mbfM8FxJT0nypxU9ePjo8ZOtp9vPnr94+Wpn9/WFt4UT2BdWWXfFwaOSBvskSeFV7hA0V3jJpye1fjlD56U1X2iR41DD2MiRFEAVdT6/2WknnWRZ8X2QrkGbrevsZrf1d5BZUWg0JBR4f5 0mOQ0DOJJCYbk9KDzmIKYwxutsJnNvQKMfhvkybEMPS4q4arKgvV9oXsb7GmjiNzXuF2Uc73OrslrflGvuIK4ATfT/Fg4N3gmrNZgsDG4xqydYVYa9AVeV2d8W4HCvGaT2krXKN39V0OhoGKTJC0IjmhZu7ZSA+wNdKJLO3lWyRxK2MIQunML8FMjJ+UndNXSTcjMaOAcLT67yTMqQdrrN2cZ+qFMNw8ga8jmKVX8N0tRM6KGaYbUJiD9jgStRoRnTJAxycNJk1d7KkAjdzI2m0JJQl9VBpJvrvw8uup30U+fjedI+7q1PY4u9Ze/Ye5ayQ3bMeuyM9ZlgyL6yb+x7NIt+RD+jX6unUWvtecMaFf3+B0gl+QA=</latexit>x

Parameter
<latexit sha1_base64="z6sXOdNpP5xzVITV72UMKNt5xZ4="></latexit>x

Only Optimization<latexit sha1_base64="z6sXOdNpP5xzVITV72UMKNt5xZ4=">AAAC9HicZVI9axtBEF1dvhzny07KNEdkQwpH3IkQuzS4UeNgQ2QbLGFm90bSov04787JEsv9grRJly6kzf9Jkf+SO0kQTp7q8d6+mbfM8FxJT0nypxU9ePjo8ZOtp9vPnr94+Wpn9/WFt4UT2BdWWXfFwaOSBvskSeFV7hA0V3jJpye1fjlD56U1X2iR41DD2MiRFEAVdT6/2WknnWRZ8X2QrkGbrevsZrf1d5BZUWg0JBR4f5 0mOQ0DOJJCYbk9KDzmIKYwxutsJnNvQKMfhvkybEMPS4q4arKgvV9oXsb7GmjiNzXuF2Uc73OrslrflGvuIK4ATfT/Fg4N3gmrNZgsDG4xqydYVYa9AVeV2d8W4HCvGaT2krXKN39V0OhoGKTJC0IjmhZu7ZSA+wNdKJLO3lWyRxK2MIQunML8FMjJ+UndNXSTcjMaOAcLT67yTMqQdrrN2cZ+qFMNw8ga8jmKVX8N0tRM6KGaYbUJiD9jgStRoRnTJAxycNJk1d7KkAjdzI2m0JJQl9VBpJvrvw8uup30U+fjedI+7q1PY4u9Ze/Ye5ayQ3bMeuyM9ZlgyL6yb+x7NIt+RD+jX6unUWvtecMaFf3+B0gl+QA=</latexit>x
<latexit sha1_base64="OPo/izYpTf5ZHR7i4ik7M9z+62U="></latexit>

ẑOpt(x)

Only Machine Learning<latexit sha1_base64="z6sXOdNpP5xzVITV72UMKNt5xZ4=">AAAC9HicZVI9axtBEF1dvhzny07KNEdkQwpH3IkQuzS4UeNgQ2QbLGFm90bSov04787JEsv9grRJly6kzf9Jkf+SO0kQTp7q8d6+mbfM8FxJT0nypxU9ePjo8ZOtp9vPnr94+Wpn9/WFt4UT2BdWWXfFwaOSBvskSeFV7hA0V3jJpye1fjlD56U1X2iR41DD2MiRFEAVdT6/2WknnWRZ8X2QrkGbrevsZrf1d5BZUWg0JBR4f5 0mOQ0DOJJCYbk9KDzmIKYwxutsJnNvQKMfhvkybEMPS4q4arKgvV9oXsb7GmjiNzXuF2Uc73OrslrflGvuIK4ATfT/Fg4N3gmrNZgsDG4xqydYVYa9AVeV2d8W4HCvGaT2krXKN39V0OhoGKTJC0IjmhZu7ZSA+wNdKJLO3lWyRxK2MIQunML8FMjJ+UndNXSTcjMaOAcLT67yTMqQdrrN2cZ+qFMNw8ga8jmKVX8N0tRM6KGaYbUJiD9jgStRoRnTJAxycNJk1d7KkAjdzI2m0JJQl9VBpJvrvw8uup30U+fjedI+7q1PY4u9Ze/Ye5ayQ3bMeuyM9ZlgyL6yb+x7NIt+RD+jX6unUWvtecMaFf3+B0gl+QA=</latexit>x
<latexit sha1_base64="o9H+St03/se4VeMzLsaPNEZryUg="></latexit>

ẑML(x)

Goal: Do mapping quickly and accurately
Optimal solution

<latexit sha1_base64="ipZmSKI5BbNJ8lm6vZdFMbxu5FI="></latexit>

z⋆(x)

<latexit sha1_base64="YlnNVGdGv0F0nncgxDZPO/VHDGY="></latexit>

minimize f(z, x)
subject to z 2 ⌦(x)



Offline
Data collection
Training


Parameters
<latexit sha1_base64="z6sXOdNpP5xzVITV72UMKNt5xZ4="></latexit>x

Learning to optimize
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Learned optimizerUnseen 

parameter

Online evaluation
Deploy

High-quality 

solution

<latexit sha1_base64="z6sXOdNpP5xzVITV72UMKNt5xZ4="></latexit>x

Optimal 

solutions

Solve
<latexit sha1_base64="ipZmSKI5BbNJ8lm6vZdFMbxu5FI="></latexit>

z⋆(x)

<latexit sha1_base64="YlnNVGdGv0F0nncgxDZPO/VHDGY="></latexit>

minimize f(z, x)
subject to z 2 ⌦(x)

Goal: solve the problem 

within a budget of     iterations

<latexit sha1_base64="OQ8TV42a1LqMf/Eabg2EnTHD3no="></latexit>

K

Candidate 

solution

Learn

Loss

Training 

parameter

Training

learnable optimizer
<latexit sha1_base64="x/xB9rYw3yF1PFIXwK3v9ewK508="></latexit>

with weights ✓
<latexit sha1_base64="z6sXOdNpP5xzVITV72UMKNt5xZ4="></latexit>x

iterations of a
<latexit sha1_base64="LSILlaikax+HjXIUi9RSiUNQby8="></latexit>

K
<latexit sha1_base64="5fyDDuXqRTmIGvk0Mpd+RgSRe6o="></latexit>

zK✓ (x)



Can we learn powerful optimizers with limited training data?
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data expensive to get (e.g., robotics) • problems often high-dimensional (10000+ variables)  

learning warm starts

Baker 2019; Finn et al. 2017; Chen et al. 2018; Chen et al. 2022;

Sharony et al. 2024; Sambharya et al. 2024

learn a high-quality initial point from data
learning algorithm steps

Gregor and LeCun 2010; Ichnowski 2021; Venkataraman and Amos 2021; 

Banert et al. 2024; Saravanos et al. 2024; King et al. 2024

learn the update function from data

limitation: these methods are 

data-hungry since they 


require learning many weights

existing methods: learning to optimize

approach: learn 

the step sizes!

<latexit sha1_base64="03IEkqxua9GiVVwx/0d0gJg0meQ="></latexit>

✓ = ✓0, . . . , ✓K�1

very low number of weights
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Threshold to 

guarantee 


convergence 


We learn spiky 

step sizes!

Learned step sizes converge faster by many orders of magnitude!
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Learning step sizes 

can be powerful

10000 training instances 10 training instances
This is a highly 


data-efficient approach

Learned 
warm starts
Nesterov

Nearest neighbor 

warm start

Sambharya et. al 2024

Learned 

step sizes
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5 orders 

of magnitude

reconstructed 

signalsignal reconstruction

noisy 

measurement

<latexit sha1_base64="aCSh9zhVQTYm9sIxfiDYOLuC1Q0="></latexit>

minimize (1/2)kAz � xk22 + �kzk1
<latexit sha1_base64="8zFr+07097/HmFuHhHoLP4/eE3I="></latexit>

x ∈ R1000
<latexit sha1_base64="qsduMRdl2HWyhZhCqV4f5CmwVwg="></latexit>

z?(x) 2 R2000



Model predictive control of a quadcopter
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actions current state,

reference trajectory

<latexit sha1_base64="K4a4CNeT5JkDMuOn2ghbN6u8HnI="></latexit>

minimize
PT

t=1 kst � sreft k22
subject to st+1 = Ast +But

st 2 S, ut 2 U
s0 = sinit

with learning, we 

can track the 

trajectory well

learned 

20 iterations

previous solution

 80 iterations

nearest neighbor

 80 iterations

quadratic program
<latexit sha1_base64="3adCqgOloVmR73MUfG8fRAUnZM8="></latexit>

z⋆(x) ∈ R1750
<latexit sha1_base64="Dt2LxH5CcS+JLQNKuEeDDKTCdM4="></latexit>

x ∈ R44



We adapt our method to obtain worst-case guarantees
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PEP


Drori, Teboulle, Hendrickx, Glineur, 

Taylor, Ryu, Grimmer, and many more

Regularized training to control 
<latexit sha1_base64="Tp3CfV+hhut+EWD8ti/BTKpbmbU=">AAACH3icjVDLSgNBEJz17fqKevSyGAQVCYlI9CjowYuoYIyQjdI76WyGzMwuM71CWPIfXvVnvIlX/8WDk8dBRcGCgaKqu6e7olQKS+XyuzcxOTU9Mzs37y8sLi2vFFbXbmySGY41nsjE3EZgUQqNNRIk8TY1CCqSWI+6JwO//oDGikRfUy/FpoJYi7bgQE66C2NQCrZD6iDBzn2hWCmVhwj+JkU2xuV94SNsJTxTqIlLsLZRKafUzMGQ4BL7fphZTIF3IcaGoxoU2mY+3LofbDmlFbQT456mYKh+7chBWdtTkatUQB370xuIv3mNjNpHzVzoNCPUfPRRO5MBJcEggqAlDHKSPUeAG+F2DXgHDHByQfm+H56iu8bguZt8kaIBSsxuHoKJldB9d10c7g3Y/+K62S9VqqXq1UHx+Gwc3BzbYJtsm1XYITtmZ+yS1Rhnhj2yJ/bsPXkv3qv3Niqd8MY96+wbvPdPl72jKA==</latexit>

�(✓)
Performance estimation problem (PEP)
Differentiable optimization

Differentiable optimization

Amos, Agrawal, Kolter, Boyd

gap: learned optimizers lack 

worst-case guarantees

Train for a strong form of robustness:

Level of robustness

<latexit sha1_base64="Kf2TVqsGeusngvQyBwWgP2vpkJ4="></latexit>

r(zK✓ (x), x)  �(✓)kz0(x)� z?(x)k2 8x 2 X

worst-case guarantees for all parameters in a set
<latexit sha1_base64="9bul3N28VN9waIbFOY+u/uwB9aQ=">AAACHXicbVBLS8NAGNz4rPUV9eglWAQPJSQS2noreOmxgn1AEspmu2mXbh7sboQS8ke8+Fe8eFDEgxfx37hJU9DWgYVh5vt2Z8eLKeHCML6Vjc2t7Z3dyl51/+Dw6Fg9Oe3zKGEI91BEIzb0IMeUhLgniKB4GDMMA4/igTe7zf3BA2acROG9mMfYDeAkJD5BUEhppFqpU1xis4nnpoZuFKgbutW0zJtWfalkTgDFFEGaDrNspNaWurZOzJLUQInuSP10xhFKAhwKRCHntmnEwk0hEwRRnFWdhOMYohmcYFvSEAaYu2kRLNMupTLW/IjJEwqtUH9vpDDgfB54cjLPyFe9XPzPsxPht9yUhHEicIgWD/kJ1USk5VVpY8IwEnQuCUSMyKwamkIGkZCFVmUJ5uqX10n/WjcbeuPOqrU7ZR0VcA4uwBUwQRO0QQd0QQ8g8AiewSt4U56UF+Vd+ViMbijlzhn4A+XrB6o6nps=</latexit>X

Performance metric: e.g.,
<latexit sha1_base64="yiJlmxYzpSzqIr1PdtKBTImaG/0=">AAACIXicbZBNS0JBFIbn2rd9WS3bDGmgUHKvi2oTCG2ENgZZglcvc8dRB+d+MHNuqDf/Spv+SpsWRbSL/kyj3UVqLww8vOcczpzXDQVXYJpfRmppeWV1bX0jvbm1vbOb2du/U0EkKavRQASy7hLFBPdZDTgIVg8lI54r2L3bv5rU7x+YVDzwb2EYsqZHuj7vcEpAW07mIifzI8eGHgPSus4PCieDAr7E9uOMeYpHLVsBkZrtx1bJKeWcTNYsmlPhRbASyKJEVSfzabcDGnnMByqIUg3LDKEZEwmcCjZO25FiIaF90mUNjT7xmGrG0wvH+Fg7bdwJpH4+4Kn7dyImnlJDz9WdHoGemq9NzP9qjQg6F82Y+2EEzKe/izqRwBDgSVy4zSWjIIYaCJVc/xXTHpGEgg41rUOw5k9ehLtS0Tornt2UsuVKEsc6OkRHKI8sdI7KqIKqqIYoekIv6A29G8/Gq/FhfP62poxk5gDNyPj+AbEroWU=</latexit>

r(zK✓ (x), x) = kzK✓ (x)� z?(x)k22

we adapt our training loss

to obtain them
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Learning robust hyperparameters for sparse coding

We can train while 

maintaining robustness

Learned step sizesNesterov
Learned step sizes 


- robust

<latexit sha1_base64="O5eEI+S+BJGKhe68hbaiwavC5Ow=">AAAB9XicbVBNS8NAEN3Ur1q/qh69BIvgqSQi1YtQ8NJjBfsBTSyb7aZdursJuxMlhP4PLx4U8ep/8ea/cdPmoK0PBh7vzTAzL4g50+A431ZpbX1jc6u8XdnZ3ds/qB4edXWUKEI7JOKR6gdYU84k7QADTvuxolgEnPaC6W3u9x6p0iyS95DG1Bd4LFnICAYjPXhjLAS+8ZgMIa0MqzWn7sxhrxK3IDVUoD2sfnmjiCSCSiAcaz1wnRj8DCtghNNZxUs0jTGZ4jEdGCqxoNrP5lfP7DOjjOwwUqYk2HP190SGhdapCEynwDDRy14u/ucNEgiv/YzJOAEqyWJRmHAbIjuPwB4xRQnw1BBMFDO32mSCFSZggspDcJdfXiXdi7rbqDfuLmvNVhFHGZ2gU3SOXHSFmqiF2qiDCFLoGb2iN+vJerHerY9Fa8kqZo7RH1ifPxAkkkM=</latexit>� = 1<latexit sha1_base64="41VkBToxVayoDCIZ46tbSTTjHqM=">AAAB83icbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqheh4KXHCvYDmlA22027dHcTdjdCCf0bXjwo4tU/481/46bNQVsfDDzem2FmXphwpo3rfjuljc2t7Z3ybmVv/+DwqHp80tVxqgjtkJjHqh9iTTmTtGOY4bSfKIpFyGkvnN7nfu+JKs1i+WhmCQ0EHksWMYKNlXx/jIXAd27dcyvDas2tuwugdeIVpAYF2sPqlz+KSSqoNIRjrQeem5ggw8owwum84qeaJphM8ZgOLJVYUB1ki5vn6MIqIxTFypY0aKH+nsiw0HomQtspsJnoVS8X//MGqYlug4zJJDVUkuWiKOXIxCgPAI2YosTwmSWYKGZvRWSCFSbGxpSH4K2+vE66V3WvUW88XNearSKOMpzBOVyCBzfQhBa0oQMEEniGV3hzUufFeXc+lq0lp5g5hT9wPn8ACImQaA==</latexit>

� = 0.10
<latexit sha1_base64="VyqaR+1SVE3XfbJKBPgo74JQ3M4=">AAAB83icbVDLSgMxFM3UV62vqks3wSK4KjMi1Y1QcNNlBfuAzlDupJk2NMkMSUYoQ3/DjQtF3Poz7vwbM+0stPXA5R7OuZfcnDDhTBvX/XZKG5tb2zvl3cre/sHhUfX4pKvjVBHaITGPVT8ETTmTtGOY4bSfKAoi5LQXTu9zv/dElWaxfDSzhAYCxpJFjICxku+PQQi4c+uuVxlWa7YvgNeJV5AaKtAeVr/8UUxSQaUhHLQeeG5iggyUYYTTecVPNU2ATGFMB5ZKEFQH2eLmOb6wyghHsbIlDV6ovzcyEFrPRGgnBZiJXvVy8T9vkJroNsiYTFJDJVk+FKUcmxjnAeARU5QYPrMEiGL2VkwmoIAYG1Megrf65XXSvap7jXrj4brWbBVxlNEZOkeXyEM3qIlaqI06iKAEPaNX9Oakzovz7nwsR0tOsXOK/sD5/AEIiJBo</latexit>

� = 0.01
Robustness


Level
(most robust) (least robust)

reconstructed 

signalsignal reconstruction

noisy 

measurement

<latexit sha1_base64="aCSh9zhVQTYm9sIxfiDYOLuC1Q0="></latexit>

minimize (1/2)kAz � xk22 + �kzk1
<latexit sha1_base64="8zFr+07097/HmFuHhHoLP4/eE3I="></latexit>

x ∈ R1000
<latexit sha1_base64="qsduMRdl2HWyhZhCqV4f5CmwVwg="></latexit>

z?(x) 2 R2000
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Conclusion
Traditional view

One-size fits all
New view
Task-specific + trainable

Learning to 

optimize

We evaluate and train for robustness using PEP

Only learning the hyperparameter sequence dramatically improves performance

Very low amount of training data needed

Takeaways from this talk specifically

Learning Algorithm Hyperparameters for  
Fast Parametric Convex Optimization
R. Sambharya, B. Stellato
SIAM Journal on Mathematics of Data Science, 2026

Learning Acceleration Algorithms for Fast Parametric  
Convex Optimization with Certified Robustness
R. Sambharya, J. Bok, N. Matni, G. Pappas
Arxiv, 2025

rajivsambharya.github.io
INFORMS Computing Society 
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