SR
,i.yESé’Eéés'.“NFé’é%ﬁTéﬁﬁ IBM Research

Quantum Doubly Stochastic Transtformers

Spotlight

Advances in Neural Information Processing Systems (NeurIPS) 2025

Jannis Born - Filip Skogh - Kahn Rhrissorrakral - Filippo Utro - Nico Wagner - Aleksandros Sobczyk

IBM Research | © 2025 IBM Corporation



Right-stochastic attention can destabilize Transtormer training

» Entropy collapse acmL 2023), Rank collapse mveurtps 2022), Token unitormity acmi 2021), Eureka Moments acmL 2024)
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Linking attention with quantum computing

» Sinkhorn’s algorithm is approximative, non-parametric, iterative and not gradient-friendly

> Doubly stochastic matrices (DSM) can be obtained with quantum circuits (. U ® U is a DSM)
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» Requiresonly = 4 log,(n) qubits and lacks a classical analogue
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'tized optimization of Optimal Transport maps through a novel variational circuit



Quantum Doubly Stochastic Transtformer (ODSFormer)

Scaled dot-product attention

» Replace sottmax in Transtormer

attention with QontOT v "
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Expressivity of ditferent doubly stochastic activation tfunctions

» Brute-force analysis over discretized grid of Projecting from discrete 4x4 unit hypercube to Birkhoff polytope
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Quantum Doubly Stochastic Vision Transtormer

In simulation, even with tfew circuit layers a Vision Transtormer can be outpertormed
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Quantum circuit layers Quantum circuit layers

» Circuit is used statically (no online training)

» Circult limits DSM sizes to powers of 2

IBM Research | © 2025 IBM Corporation



Quantum Doubly Stochastic Vision Transtormer

MedMNIST benchmark

» ODSFormer best model for 5/7 datasets

» No other doubly stochastic transtormer Improves

over standard VIT
» Up to 240k samples, up to 200k model parameters

» Small images (28x28)
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Table 3. Test accuracy for different MedMNIST datasets across
five attention types in a 2-layer ViT. QontOT uses 16 circuit layers.

MedMNIST .
dataset Softmax Softmax,- QR QontOT Sinkhorn
OCT 644, ., 436439 625109 61.640 95.1455
Pneumonia | 84.2.0s 84.7190 84.3.07 86.1.79 83.04q5
Tissue 6[].[]:{:[]_2 49.4:|:1_g 59.{]‘:|:[|_1 60.6:|:g_ 1 56.9:{:2,5
Ol‘gﬂﬂﬂ 78.8:|:D_5 73.6:|:1_7 7&4;&9_5 81.2:&[]_3 77.0:&2,5
OIgE.IlC 79.8:{:[]_5 71.7:|:?_3 79.6:|:[|_3 82.71[}_5 79.7:{:1_5
OrganS 644106 593100 62.6108 68.1.5 63.94009
Breast 79.619 ¢ 78.219 9 813,59 &80.0L171 80.1:ipsg
Mean 73.0 65.8 72.5 74.3 70.8




ODSFormer on a compositional vision task
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» (lassical ViTs are unstable to train —

especially in compositional tasks

» More stable training - Earlier Eureka
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ODSFormer on a compositional vision task
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» (lassical ViTs are unstable to train —

especially in compositional tasks

» More stable training - Earlier Eureka
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Quantum hardware experiments with 1-layer ODSFormer

Compare exact DSM to Error mitigation: Oubits 14 14
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Thank you tor your attention!
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1. NTL consistently improves perrormance on mathematical tasks

Table 1: Validation accuracy of L-layered ViT on FashionMNIST and MNIST for different attention methods.
QontOT uses 16 circuit layers. Mean/std computed from 5 trainings.

FashionMNIST MNIST
L | Softmax Softmax, - QR QontOT Sinkhorn | Softmax Softmax_- QR QontOT Sinkhorn
1 86.5i0_2 75-3ﬂ:4.6 87.1;&0,3 85.6i0.1 84.2i3_5 89.1112_5 66.7:&22_5 96-6ﬂ:0.1 93.9i0.1 94'3ﬂ:2.0
2 889401 84.6421 893.,; 90.0402 89.1407 | 98.1+03 93.0+46 98.3.,; 9844101 98.2403
31894, ,5 863+27 894 . ,; 903101 894, .5 | B6,.,,; 977407 986,.,; 987101 98.6 4
4 189.7,. 05 871412 89.5+401 903101 891411 | 988401 979407 98.7.,5; 988+01 9794116
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From NTL to general world knowledge

4 N

Training with cross entropy
— — Observation: NTL only requires a pairwise distance

all mistakes a_re equally bad matrix between a subset of vocabulary tokens

o /

- Frequently violated:

- Image recognition

— Idea: Leverage NTL to induce domain-specitic

- lecul tel i .
molecule or protein generation knowledge when training your LM

- numbers or units In text
- Spherical coordinates

- Algorithmic design (e.g., trigonometric
functions)
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What if distributions are not 1D?

 Beyond 1D, Wasserstein Distance Is not differentiable
- Entropic regularization
» Sinkhorn’s iterative matrix balancing algorithm

* Slow and poor gradient tlow

» Result: Wasserstein Distance rarely used in ML
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