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Problem Setup

Predict the correct ordering under the

An unordered set of elements, where the true
order is unknown. assumption that it reveals a unique structure.

@ n! possible orderings @ Sorting: monotone sequence
@ Jigsaw: smooth image boundaries
@ TSP: short valid tours

Key Idea

A neural network predicts an ordering; loss is then calculated by measuring the deviation from the
expected strucute.
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Differentiable Permutations

Gumbel-Sinkhorn Temperature Controls Sharpness
Outputs a soft ordering that sharpens into a A single scalar governs how soft or hard each
hard permutation during training. assignment is.

@ Low temperature: commit to one
assignment

@ High temperature: explore more options

@ Fully differentiable
@ Sharpens to hard assignments over time
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@ Some assignments are already decided
@ Others are still uncertain
@ A single temperature cannot serve both

Q = Sinkhorn(f loga) Bo=20
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Our Method

Adaptive Temperature

Each assignment gets its own temperature: confident assignments converge early; uncertain ones
keep exploring.

ACapuve

Agapuve ¥ Adaplive Keassemnly

High B
(Discrete)

Global P

Low B
(Diffuse)

I ConfidentTile
B Ambiguous Tile

5/8



Higher Kendall 7 is better.

Method n=100 n=200 n=300

Global GS 0.74 0.60 0.06
Adaptive GS 0.80 0.67 0.15
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Higher Kendall 7 is better. Higher Kendall 7 is better.

Method n=100 n=200 n=300 Method 5x5 6x6 X7
Global GS 0.74 0.60 0.06 Global GS 0.178 0.256  0.201
Adaptive GS 0.80 0.67 0.15 Adaptive GS  0.199 0.283  0.291

Adaptive control helps most as the permutation becomes larger and more ambiguous.

Method 100 200 500

UTSP 45.08 50.68 66.61
GSUTSP 31.24 3851 5295
+ DV-TA 30.14 37.67 49.06

Relative optimality gap (%); lower is better.
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@ Unsupervised permutation learning: expected structure can be used as a training signal.

@ Adaptive temperature lets confident assignments commit early while uncertain ones keep
exploring.
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Thank You

Thank you!

For more details, check out our paper -
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https://arxiv.org/abs/2605.25551

