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HV100mm PFS1

Motivation §
It is well understood that the phonon energy collection in each 3
individual TES is a function of time as well as the original interaction = 6 é
position E £
> 4 >
% Asan example, we plot the collected energy per TES for a , g
single event in a short time window — focusing on the PFS1
channel only ® | Note the
different
> At early times absorbed energy is dominated by localized energy
high-energy phonons above/below the interaction position scales
> At later times phonons have downconverted and the absorbed ZZ =
energy is spread relatively uniformly throughout the channel iy E
£y 4=
In this talk, we comment on why the current methods of TESSim E 0.3 ,'i_.’ —
produce incorrect output channel signal shapes and discuss the first = 0.2 ?
step to correction by introducing an important quantity for later use -
0.0

Rik Bhattacharyva Prelim



https://tobackgroup.physics.tamu.edu/wp-content/uploads/sites/21/2026/04/Bhattacharyya-Prelim.pdf

The pseudo-TES Model

In the real detector, all TESs in a channel are in parallel

Currently, the simulation groups individual TESs into a set
of pseudo-TESs to reduce computation time and memory
overhead in the ODE solver

% Combine properties of individual TESs into a “big
TES” (e.g. resistance in parallel, mass, and volume)

% The energy in a pseudo-TES at any moment in time g
is equal to the sum of energy in each individual TES >
inside the pseudo-TES at that time

To the right: In the simulation, the TESs are assigned to a
pseudo-TES based on their ID in the mask file

s PFSI1 has 1833 TESs lumped into 49 pseudo-TESs,
giving 37-38 TESs per pseudo-TES

TES Lumping for ODE Solver

HV100mm PFS1
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https://confluence.slac.stanford.edu/spaces/CDMS/pages/314567837/TES+Lumping+for+ODE+Solver

. . HV100mm PFS1 Early times:
Problems with pseudo-TES Model at Early Times Rreal TES Energy Distribution  t=10us + 5us

20 %% § / 10
By lumping TESs into pseudo-TESs, the localized energy deposits 15 8 <
are smeared out and averaged across all TESs in the pseudo-TES 12 f
o . : E E ° 8
For simplicity, pretend the entire PFS1 channel is one pseudo-TES: E o0 = 2 —
. . e ’x/:}’/",.-' s ‘3
s Upper right: True energy distribution in the TESs at an early 10 A '.\.\ o
: z'ﬁ\\‘.‘.%\\?l\’i‘,‘}}:.}*- , &
time Y e \‘;%.:.. |
% Lower right: Corresponding energy distribution of the 0 : . Lump PESI
pseudo-TES into one
. HV100mm PFS1 large
How large of a plﬁobl.em .thls.ls depends on how spread out the pseudo-TES Energy Distribution | pscudo-TES
original energy distribution is 20 : 10
% A bigger problem at early times where energy is localized OBiE
s A smaller problem at late times where the energy distribution is 06%
already roughly uniform 0as -
4 >N
2
We will quantify the impact of this effect in a later talk, but for now e
we describe an idea from Statistical Mechanics to measure how o
spread out the true energy distribution is (for later use) 0.0

TES Lumping for ODE Solver



https://confluence.slac.stanford.edu/spaces/CDMS/pages/314567837/TES+Lumping+for+ODE+Solver

Quantifying the Energy Spread: Shannon Entropy

Wikipedia Article

Shannon entropy (or just entropy) isn’t a quantity we typically use, as it quantifies the unpredictability
of a scenario (i.e. how difficult it is to correctly guess the outcome in advance) — but we will show

why it’s useful

Formula: Entropy = -2 p.log(p,) where p. is the probability of outcome i occurring

To understand what this means, consider a few scenarios where all outcomes have equal probability:

Experiment Coin Flip Rolling d6

Rolling d20

Entropy [nats] 0.693 1.792

2.996

)

available outcomes), the entropy of the
experiment increases

% As things get progressively less certain (more

% As things get more certain (fewer available

outcomes), the entropy decreases

Entropy [nats]

Entropy for Equal Probability Scenarios

20 40 60 80 100
Number of Available Outcomes
5


https://en.wikipedia.org/wiki/Entropy_(information_theory)

See Google slides for GIF

Quantifying Energy Spread with Entropy ¢ = DO &
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For our case, we can use entropy to quantify how the
energy is spread throughout a channel or a

10 ¢
pseudo-TES
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Consider a total energy deposit of E_ where the ith

TES gets energy E.
=127 10.00

Energy

Each TES gets a value, p, such thatp.=E./E _ (i.e.

the fraction of total energy) _20 0.000

Now, we can calculate the entropy of the
channel/pseudo-TES as a function of time where:

(o)]
1

% Entropy maximizes (to /n(nTES)) when the
energy is evenly distributed across all TESs
(dashed horizontal line)

% Entropy minimizes (to exactly 0) when the

energy is only in 1 QET (solid horizontal line) 0 20 40 60 80 100
Time [us] ‘

N

Entropy [nats]J
N

\
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See backups for a conceptual description on how energy distribution can relate to unpredictability


https://docs.google.com/presentation/d/1gpmaK7hdz9p2mqBUMat1Ew0WuivdjtD6ZTRbK3Ns9Pg/edit?usp=sharing

Entropy Values at Late Times

% The plot on the bottom shows the channel entropy, including
later times, where we see that entropy is dropping

% The plot on the top shows the TES energy distribution at a later
time corresponding to the entropy value indicated at the red line

% Even though the energy is fairly uniform, many TESs at this
time don’t absorb energy, so the entropy drops

% As areminder, each pseudo-TES with energy always has an
entropy equal to the maximum possible value for its number of

TESs (max entropy = In(nTES))

(o))
Il

Entropy [nats]
N =Y

> If we consider a channel with 1833 TESs, the channel will

have an entropy = In(1833) = 7.51 nats : : : . : :
0 100 200 300 400 500
Time [us]

o

See backups for side-by-side comparison of energy distribution & entropy at different times 7



Conclusions

X/

¢ We have presented the Shannon Entropy variable as a way of quantifying the spread
of energy across the TESs

¢ We expect that the spread of energy in a pseudo-TES affects the fidelity of how well
the pseudo-TES modeling reproduces the expected results for a real circuit — which in
turn can effect the modeling of the full channel response

> The pseudo-TES model does poorly at early-times when energy is localized

> The pseudo-TES model does better at late times when energy i1s generally
uniformly distributed throughout the channel

¢ We will come back to using this variable in a later talk where we quantify how much
it matters in both pseudo-TES and channel measurements as well as how we plan to
incorporate entropy into TESSim ODE



Backups




Comparing Entropy at Different Times

t = 0.0us = 5.0us
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Relating Energy Distribution and Unpredictability

To help relate the idea of unpredictability to energy distribution, we can think of the energy in each
TES (left) to be the weight for the number of balls in a bag (right)

Even Spread of Energy

N
o

x Most unpredictable orientation — largest entropy
E‘ 1.5
4 Equal chance to pull any color of ball —
= . least likely to guess final color correctly ntropy 386 nats
205
Hgp TES 1 TES:2 TES 3 TES 4
Random Spread of Energy Somewhat unpredictable orientation — medium entropy
=3
% , Higher chance for the ball to be red or
E blue — still relatively unlikely to guess Entropy = 1.082 nats
51! the right color ball
UC'I 0
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All-in-One Spread of Energy
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100% chance for the ball to be red — will
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