Transformer-encoded normalizing flows for IceCube
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Interaction happens...




Interaction happens... A few nanoseconds later..
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Interaction happens... A few nanoseconds later..

Forward (likelihood) models
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Interaction happens... A few nanoseconds later..

Forward (likelihood) models
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Inverse (likelihood-free) modelling
(amortized neural posterior estimation, NN-Regression / Classification, ...)
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Interaction happens... A few nanoseconds later..
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The model: a posterior PDF prediction machine
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Normalizing flows: flexible PDFs

Auxiliary base
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Normalizing flows: flexible PDFs

Auxiliary base Actual PDF
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Normalizing flows: flexible PDFs

Auxiliary base Actual PDF

ol 7 . 1 7))
exact log-probability using inverse p(Z) = polf "(T))-
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Normalizing flows: flexible PDFs

Auxiliary base Actual PDF

efficient sampling via forward f(z)
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Normalizing flows: flexible PDFs

Auxiliary base Actual PDF

PDF with very efficient sampling + analytic log-probability
... ho deep learning yet!
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Conditioning via NN
-> conditional PDF

f(z) depends on parameters “u”: f (z)

Predict u / diffeomorphism via “X”

| Data “x” u = NNe(X)

Auxiliary base \ Actual PDF




The PDF - conditional normalizing flow on sphere
The specific normalizing-flow recipe:

Final PDF:

pu(0) = po(fi ' (0)) - |detJ; *(0)]

mormalizing—flow PDF

| '

-

~

J

STEP 2

19



The PDF - conditional normalizing flow on sphere

The specific normalizing-flow recipe: _g—" modified Jacobian for manifold
Final PDF: pu(e) — po(fu_l(e)) . |detJu_1 (9) ( Normalizing-flow PDF STEP 2
& J
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The PDF - conditional normalizing flow on sphere

The specific normalizing-flow recipe: P

modified Jacobian for manifold

Final PDFY p, (0) = po(£71(6)) - |detJ 1 (6)

Building blocks of PDF are 15 invertible functic f,, ﬁ-

fu(e) — [f¢15 Quinl f¢1] (9)

( Normalizing-flow PDF \ STEP 2

\ _/
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The PDF - conditional normalizing flow on sphere

The specific normalizing-flow recipe: _g—" modified Jacobian for manifold

Final PDF: pu(e) _ po(fu—l(e)) . |detJu_1(9) ( Normalizing-flow PDF '\ 51ep 2
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The PDF - conditional normalizing flow on sphere
The specific normalizing-flow recipe:

&

modified Jacobian for manifold

Final PDFY p, (0) = po(£71(6)) - |detJ 1 (6)
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The PDF - conditional normalizing flow on sphere
The specific normalizing-flow recipe:

Final PDFY p, (0) = po(£71(6)) - |detJ 1 (6)

/ modified Jacobian for manifold

Building blocks of PDF are 15 invertible functic f4, -{—

fu(e) — [f¢15 Quinl f¢1] (0)

Each function block f@,

( Normalizing-flow PDF '\ 51ep 2
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Step 1 - encoding the data
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Step 1 - encoding the data @
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Step 2 - predicting the posterior normalizina flow
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Step 2 - predicting the posterior normalizina flow
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The model: a posterior PDF prediction machine
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Adaptive grid in constant time (extended “all-sky” posterior)

grid defined exact probability
samples by samples on grid

Normalizing flows: sampling + exact log-pdf evaluation simultaneously!
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Adaptive grid in constant time (small localized posterior)

grid defined exact probability
samples by samples on grid

73.2°

Normalizing flows: sampling + exact log-pdf evaluation simultaneously!
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Median

Angular resolution - showers
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Median

Angular resolution - sho

€B-Spline LLH (Taupede2024

Used in most recent shower sample for Galactic Plane
analysis (PoS-ICRC2025-1193 / 2507.08753)
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Throughgoing tracks (>300 m)

—— B-Spline LLH (SplineMPEMax)
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Throughgoing tracks (>300 m)

Used in all Point source results since 2013

€B-Spline LLH (SplineMPEMax
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Starting tracks (>300 m)
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Summary

Transformer Normalizing Flows (TNF) are a suitable model for neutrino

detectors (arXiv:2604.19846)
Explicitly learn full posterior from data: Dy, (9|{T1, 1o, ..., TN})

truth

max
- VMF approx.

85.24° 85.24°

85.52° 85.52°

¢ X KA LN AN

(a) Bright horizontal track.
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https://github.com/thoglu/jammy_flows/

Summary

Transformer Normalizing Flows (TNF) are a suitable model for neutrino
detectors (arXiv:2604.19846)

Explicitly learn full posterior from data: pw(OI{Tl, TQ, B TN})

Transformer -> Can respect permutation invariance (Bayesian symmetry)
Normalizing flow -> Flexible PDF (generalizes standard regression)

permute
kL
_ plx1:0)-p(x2;0)-p(x3;0)-....p(0) __ plx1:0)-p(x3;0)-p(x2;0)-...-p(0)
p(0]x) = p(x) = p(x)
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https://github.com/thoglu/jammy_flows/

Summary

- Transformer Normalizing Flows (TNF) are a suitable model for neutrino
detectors (arXiv:2604.19846)

- Explicitly learn full posterior from data: pw(el{Tl, TQ, . ,TN})

Transformer -> Can respect permutation invariance (Bayesian symmetry)
Normalizing flow -> Flexible PDF (generalizes standard regression)

For IceCube + directional application:
- New state of the art in angular resolution: showers and tracks
- Full posterior skymap for astronomy - irrespective of shape+size in 1s
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Summary

- Transformer Normalizing Flows (TNF) are a suitable model for neutrino
detectors (arXiv:2604.19846)

- Explicitly learn full posterior from data: p¢(9|{T1, TQ, . ,TN})

Transformer -> Can respect permutation invariance (Bayesian symmetry)
Normalizing flow -> Flexible PDF (generalizes standard regression)

For IceCube + directional application:
- New state of the art in angular resolution: showers and tracks
- Full posterior skymap for astronomy - irrespective of shape+size in 1s

- Normalizing flow implemented in:
https://github.com/thoglu/jammy flows/ Fail@) = [f¢15 0...0 f¢1] (0)

pdf=jammy_flows.pdf("s2", "fffffffffffffff", options_overwrite=opt_dict)
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https://github.com/thoglu/jammy_flows/

Backup
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Example validation curves

— 102-103GeV —— 10%-10°GeV —— 10°-107 GeV — 10°-10°GeV  —— 10%-10°Gev —— 10°-107 GeV
— 103-10"GeV  —— 105-10°GeV  —— 107 - 108 GeV — 103-10"GeV  —— 105-10°GeV  —— 107 -108 GeV

----- e o —————

validation loss
validation loss
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0.50

(a) Best track model. (b) Best shower model

Model frozen for testing
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Model ID (based on avg. shower test loss]

Showers: test results on ~20 different shower model trainings

® 4<logi(E)<5 5 <logio(E) <6 ® 6<logip(E)<7 ® total

: : : Run No / Max. DOMs / Pos. Enc. / Extra Info
1 , g ) e RN all / none / a) b)
2 | } ’ Feeeeeef all / none / a) b)
34 @ | @ ] 3/ 400 / none / b)
4 1 ] 1@ @ 3 / 200 / rel. / a) b)
5 1 I ® @ L 3 / all / none / b)
6 - - 0: ® le L-oeef 200 / rel. /
71 I e, o @ 1 / 200 / rel. /
8 - 1 ® o R 3 / 200 / rel. / b) «¢)
9 4 I { ] [ @ 1 / 200 / rel. /
10 1 : o! ] : ] 3 f 200 / rel. / b)
11 - : b e ) R - S S -
12 - i 1 e | ® 3 / 200 / none / b)
13 4 I e @ @ 3 / 200 / rel. / b)
14 - : g o 1/ 200 / rel. /
15 - . b o 8 3./ 200 / rel. / b)
16 - i .o e @ 1t 200 / rel. /
17 4 I 3 i ) I R 4 200 / none /
18 - ! $ ° r—=8 3o IPese s pol gy
19 - i i e e ferf all / none  /
20 A t 1 e ® @ 1 / all / abs. /
21 4 : : : e & R 4 200 / ——— / GNN
-4.0 -3.5 -3.0 -2.5 -2.0 -1.5
Test Loss

“Total” = average over individual log-energy results
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Showers: test results on ~20 different shower model trainings

® 4<log(E)<5 5 <logio(E) <6 ® 6<logp(E)<7 ® total

‘ Best run 3

1 ]
— T i I RUTT NG @A DOMS ™7 TUS T LIC. 7 CACTa LiTa
a gl- 53 e RO 4 all / none / a) b)
o - ?_l |‘ ' g, s acc 7 none /7 .a) D)
% 31 R 1@ ® 3/ 400 / none / b)
9 44 1 @ 1 ® @ 3 / 200 / rel. / a) b)
v 54 1 &) @ @ 3 / all / none / b)
S 6- : o o le 3 form 208 —FOL——F
o 71 - ® o @ 1/ 200 / rel- /
% 8- I o o - - 200 / rel. / b) «¢)
o 91 | ol @ e ; Y. 200 / pelwf
> 10 4 : o o Lo CYSERY 200 / rel. / b)
o 77 . b e e L S " S M N———
5 12 I 1 0@ O Buieigf 200 / none / b)
o 13- ] ) @ = - 200 / T — b)
¢ 14 4 : e e -® L 200/ rel——f
© 15 - . b e I e -1 |: SN S Y WS b)
e %g_ 1 ) “' i ) 1 72 aAnn yi el 7
[m) B I 5 @ . .
= 181 ! ¢ o e Baseline GNN worse over all energies
19 4 ® ) e
3 20 4 : : : [} 2 o 1 2 all / abs /
=11 : ! | ) & Gt o NO— R GNN
-4.0 -35 -3.0 -25 -2.0 ~1.5

Test Loss

“Total” = average over individual log-energy results
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. ® 2<loglE)<3 ® 4<logylE)<5 ® 6<logl(E)<7 ® total | 1
Throughgoing tracks 3 <logio(E) <4 5 <logio(E) <6 7 <logyo(E) <8 Test loss
| : :: : Run No / Weighting / Max. DOMs / Pos. Enc. / Extra Info
14 L J - , @ 3 / Si+1idat / all / / d) D)
2 [J L ] 19 R X o 3 T 4 all / / a) b)
31¢-@ » e g / si+:{at / aﬁ / / b) <)
4 4 12 1o 1® / si+flat / a /
5 o e le 3/ si+flat / all / “ : ”
64 1o ® e e IR SRR PR R LS Better than SpllneMPE
7 ) e e le R A= S 1 £ S AR 1 N F
. 8- e ne ¢o R detay . i -3 S all / 7 b) |
v g i 3 / 5] L all L / h)
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(Bu_\'(‘s theorem with I.I.D. data]
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Data factors:
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Figure 9: Coverage split up in different deposited energy bands.

(b) Throughgoing tracks (at least 300m distance
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counts

deviation [o]

Shower zenith / azimuth (Zoe’s shower
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deviation [o]

Track zenith / azimuth (northern track
sample)
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Loss function - standard cross entropy of the posterior

e < . AL il L5 Neural Poste-
(/) . a'lg lljl(./}ll DKL (1)('1’7 9) (1(.1,) (11/; (()|1)) [ rior Estimation ]
_ 1‘5(;17’ 0) 1) PDF —> norn‘lalizil%g flow
= arg 1inin [Ef)(:l;ﬂ) log 2) single fit, no iterative proce-
P q(llf)qw (9 I .'17) vdure
. ~ Amortized neural
= al‘g 1111 [E[)(.LO) [DKL (1)(9|I) Ql/) (0’1))] + COIlSt posterior estimation
(4 with normalizing flows
= argmin E;, ¢)|— log q,(0|x drop terms constant in 1)
g D ]’(199) [ g qw( I )] ( I L/ ’ affine normalizing flow with
N identity scaling
1 Y
~ arg i N E D log qw (HL |:I“’i) = arg min ‘CNPE (‘/)) . Supervised learning of
Wb W parameters (MSE-loss)
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Avg. runtime per event [s]
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Timing (Showers)
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