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Introduction

Non-equilibrium Transition
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Figure : Illustration of the free energy landscape of biomolecules. Following external stimulation, they move
from one steady-state status to another through non-equilibrium transition.

Single-molecule fluorescence resonance energy transfer (SmFRET) 1s one of the
key techniques for resolving conformational dynamics of biomolecules. Most
studies 1n this field have focused on the dynamic conformational changes of
biomolecules under a stable external environment. However, the response of
many biomolecules to external stimuli, such as illumination at specific
wavelengths, changes 1n 10n concentration, or temperature variation, can drive
their conformational dynamics from one steady state to another, resulting in a
non-equilibrium transition.

Importantly,

such non-equilibrium transitions

do not necessarily occur

instantaneously at the moment of external stimulation. Our project aims to
analyze smFRET trajectories under external perturbations by discretizing or
denoising noisy raw trajectories and 1dentifying the position of the non-
equilibrium transition point.
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Figure: A typical FRET trajectory that contains a non-equilibrium transition, where the data is a mixture of

contributions from two steady-state statuses. The black dashed line represents the position of external
stimulation, while the blue dashed line indicates the position of the non-equilibrium transition.

Classification and Evaluation Criteria

a)
FRET state set before the FRET state set after the
non-equilibrium transition non-equilibrium transition
Scenario A Scenario B Scenario C Scenario D
b)
Scenario A: Symmetric Boundary
A, <2 2<A_, <5
abs. abs
1 1 ) I 1
-5 -2 A +2 +5
c)
Scenario B & D: Right-side Delay
< 2<A. <5
con con
Common State Nonconcurrent State
1 I ; I 1
A -5 -2 0 +2 +5
d)

Scenario C: Left-side Advance
2<A

<5
agg

A, <
agg

Nonconcurrent State

Common State

-5

Pass (P)

Acceptable (A)

,

I

|

; I 1

0 2 s A
A True Transition Position

Failed (F)

Figure: (a) Four scenarios of
state compositions before and
after the non-equilibrium
transition, including the state
sets before and after the non-
equilibrium transition are
completely nonconcurrent
(scenario A); two state sets are
partially overlapped (scenario
B); the state set after (before)
the non-equilibrium transition
is a subset of that before (after)
the non-equilibrium transition
(scenarios C and D,
respectively). (b)(c)(d)Grading
criteria in outcomes in
different scenarios.

Results: Accuracy and Trajectory Error

—-—
Model A1

25

20 A
o &
o o
— 15 - -
X X
1T W
2 :
g 101 .
[+)] (']
= =

5..

0 1 1 L

3 5 7 1
SNR
Model C
25 A
20 4 ©
\
\

2 \ &
o \ o
~ 15 \\ -
X X
w W
g g
& 101 3
(V] (]
= =

5...

25

N
o
1

25 1

20 1

NEW ~-e~ WAVE

-
(2]
1

-
o
1

-4~ 1D-CNN ~-&~ LSTM

Model A2

-i
(6]
1

= %
o
1

Model D
-
1
o
—
e o
\\ \ij
\\ (D
'\ \\ =
\
* \ S
®
=

Mean MSE (x10-3)

25

N
o
1

25 A

20 -

-k
(9]
1

sk
o
1

Model B

-t
w
1

e
o
1

Model E

Figure: Comparison of the mean MSE between the discretized trajectories and the 1deal trajectories across six
kinetic models and five SNR levels. The NEW method achieves consistently low errors, particularly under low-to-
medium SNR conditions, demonstrating improved robustness in discretizing noisy smFRET trajectories.
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Figure: Comparison of non-equilibrium transition-point localization performance between the NEW method and
WAVE across six kinetic models and five SNR levels. The dark segments represent the Pass rate, while the light
segments represent the Accept rate. The NEW method achieves higher or comparable Pass + Accept rates under
most conditions, especially at low SNR, indicating improved robustness in 1dentifying transition points from noisy

smFRET trajectories

Conclusions

The NEW method demonstrates improved performance in both state identificat

trajectory reconstruction. Compared with typical neural-network baselines such as 1D-
CNN and LSTM, the NEW method achieves higher state-number 1dentification
accuracy and lower MSE between the discretized trajectories and the 1deal trajectories,
indicating more reliable recovery of noisy smFRET trajectories. In addition, the NEW
method outperforms WAVE 1n non-equilibrium transition-point localization, especially
under low-SNR conditions, showing stronger robustness 1n analyzing externally

perturbed smFRET data.

Importantly, the NEW method can also be used in a modular manner. Even when
transition-point localization 1s not required, its denoising and discretization components
remain useful for steady-state sSmFRET trajectory analysis, providing accurate state
recovery and improved trajectory reconstruction under noisy conditions.




