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Motivation

LLMs are increasingly used
in HPC and scientific
workflows

Code generation +
automation + numerical
pipelines

But reliability is not only
about correctness of code

deep learning systems

Floating-point errors still
propagate in:

scientific computation
pipelines

reduced precision hardware
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Problem

Key question: How do numerical errors
propagate through deep networks?

errors
accumulate
across layers
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e RelU
e sigmoid
e tanh

e ELU
e softmax

e absolute error
e relative error

[Goal: guantify numerical sensitivity of nonlinearities ]

Prep'rirft: Iieyha-Cruz, M. L., Ruiz-Rohena, K., Guel, Y. I., Salgado, H., Taldir, L., Ramos, E. P, ... & Volkova, A. (2025). Contribution to Error Analysis of Deep Neural Networks:5SCase of the
Activation: Functions. Available at: https://inria.hal.science/hal-05367563/
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Activation functions behave like numerical Activations are not just ML components
operators They define numerical stability of the system

ReLU - piecewise linear - stable

sigmoid / tanh = nonlinear amplification
ELU = hybrid behavior

saoftmax = coupled vector instability



Activation Absolute Error Bound Relative Error Bound

_ ) N [ReLU 71z = max(0,2) | [ReLU(z + Bz) - ReLU(z)] < 15, For any perturbation 3,
Uncertamty Modellng ApproaCheS Exact piecewise characterization: if = and = + Az are ; g LR
in the same region, Ay = Az (if = > 0) or Ay =0 |ReLU(z + 4) — ReLU(x)| < |4].
(if z < 0). When the relative ratio is defined,
Ay B 1 I
m < 7| (z>0).
Undefined at =z = 0.
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) that
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/ tanh
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o S . . . . ya .
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TABLE I: Absolute and relative error bounds for common activation functions.

Softmax interdependent error across dimensions

Softmax | Absolute Error Bound Relative Error Bound

s(z); Ford € R, 8 < ;suchthat [§;] <dforalliina | LeceRY, &< . Letz,cand Z€RY suchthatV i
vector 4, 0,....N — 1 |s¢| € £ and T = x¢(1 + £¢). Let y = s(z)
and j = s(Z). Vi=0,...N -1, -

s(z+d), - s(z),| <4.44458.
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<& ‘t,“‘l“ ¢
W

with £, ¢ such that ¥ (i, ) € [0, N — 1],
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TABLE II: Absolute and relative error bounds for the softmax function (vector-to-vector).



From Error Analysis to Uncertainty
Propagation
* Current direction
Instead of propagating single values
x = f(x)
we propagate interval representations of uncertainty
[X—,x+] = f([x—,x+])
* Using:
* interval partitioning,

* polynomial approximations of nonlinear activation functions,
- and bounded uncertainty propagation.



Outlook

Towards Uncertainty-Aware Learning

* Traditional deep learning

"

e Uncertainty-aware learning
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Interval-Based
Approach

i Safety over precision -

i Integration with ML pipelines -

10



Outlook

One Computer Science Problem, Three

Clinical Testbeds

éRequiere A Si
resucitaciéon/reanimacion @
inmediata?
l No

SEs una situacion de alto riesgo? B
o
<Tiene deterioro neurolégico agudo

somnolencia, estupor o coma ? DECALOG® IMSS

Clinical testbeds

o
MEXICO
éTiene dolor severo, Modelo de Triage del IMSS B 'O m
dificultad respiratoria severa?
l No

¢Cudntas acciones diagndsticas o
terapéuticas necesita el paciente?
ninguna una varias

Signos vitales en zona de riesgo C de
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DDH (Diagnosis)

Relapsed NHL
(Treatment)
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Conclusion

The main contribution is not the application
itself, but the framework for understanding
numerical reliability in neural computation.

We should not only think about whether models
are accurate, but also whether their
computations are numerically stable and
uncertainty-aware.
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Merci
D) D E D
Thank You

| prefer true but imperfect
knowledge, even if it leaves much
indetermined and unpredictable, to
a pretence of exact knowledge that
is likely to be false.

-Friedrich Von Hayek,
Nobel Price lecture, 1974

13



