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Motivation

Combinatorial Deep Learning
optimization



Goal

Include combinatorial block in architecture

Network layers

Network layers




Approaches

* GNNs: Mimic combinatorial solver for graph problems
with message passing [1]
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Network layers Graph neural network Network layers

* Drawback: Suboptimal from combinatorial perspective



Approaches

* Softened solver: Design differentiable softened versions
of solvers [2, 3]

Network layers Softened combinatorial solver Network layers



Approaches

* Blackbox Differentiation: Blackbox backprop [4, 5, 6],
differentiable perturbed optimizers [7]

Network layers Blackbox combinatorial solver Network layers

* Drawback: Commit to specific combinatorial problem




Our Approach

* CombOptNet: ILP solver as differentiable layer
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Integer Linear Programs
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Integer Linear Programs

Knapsack as ILP =
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* Express NP-hard problems as ILPs

* Learning constraints = learning combinatorial nature




ILP

y(A,b,c) =argmin y - ¢
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Architecture subject to Ay < b
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constraints

Network layers CombOptNet Network layers

* Generality: Aspires universal combinatorial expressivity

* Competitive combinatorics: SOTA ILP solver (Gurobi [8])



How? — The Difficulty

Small perturbation typically does not change solution
True gradient exists but is uninformative

Cost:
* Well-studied [4, 7, 9, 10, 11]
Constraints:

* Mostly unexplored
* Difficult (no active constraints)
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ILP

y(A,b,c) =argmin y - ¢
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How? — Components
subject to Ay < b

* Decomposition of incoming gradient into integer basis
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* Attainable update targets



ILP
How? — Components Y(A,b,c) = argmin y e

subject to Ay < b
* Gradient of geometry-aware mismatch function

* Generalizes concept of active constraints

* Precise definitions & algorithm on poster



Experiments — Knapsack

* Dataset:
[ The Mace of Invisibility | Natural language B
' (19 pounds, $358) | | opbedding | € = [ Z0]
list of : embedding vectors
10 items The S " A
e Singing Axe i KNAPSACK 3 % _
(21 pounds, $163) solver y =10, %’ 1]
- selected items
. ' . da, db
Architecture: (o) L |
— > A > Q\:,yw
€T —> constraint de Y a L(y, y*)
embedding gy ¢ e
vectors cost

ILP

y(A,b,c) =argmin y - ¢
yey

subject to Ay < b



Experiments — Knapsack

* Results:

—— CombOptNet
—— MLP
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ILP
Experiments — Keypoint Matching y(A,b,) = argmin y - ¢

subject to Ay < b

* Dataset:
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ILP
Experiments — Keypoint Matching y(A,b,) = argmin y - ¢

subject to Ay < b

* Dataset:

Constraints (A, b) learnable
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Experiments — Keypoint Matching

Method 4x45x56%x67x7

* R Its:
esuits CombOptNet 83.1 80.7 78.6 76.1
BB-GM 4.3 82.9 R&0.5b 79.8

* Examples:
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