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Abstract

Single-molecule spectroscopy is a powerful method for studying 
the physics of molecular systems, particularly biomolecules, such 
as proteins and nucleic acids. By avoiding ensemble averaging, 
single-molecule techniques can resolve structural distributions and 
fluctuations even for complex and conformationally heterogeneous 
systems; they also reveal the close link between biological function and 
the statistical mechanics of the underlying processes. The combination 
of single-molecule fluorescence detection with Förster resonance 
energy transfer has become an essential tool for probing biomolecular 
dynamics on timescales ranging from nanoseconds to days. This 
Review briefly outlines the state of the art of single-molecule Förster 
resonance energy transfer spectroscopy and then highlights some 
of the most important physics-based developments that are expected 
to further expand the scope of the technique. Key areas of progress 
include improved time resolution, access to nonequilibrium dynamics 
and synergies with advances in data analysis and simulations. These 
developments create new opportunities for attaining a comprehensive 
understanding of the dynamics and functional mechanisms of biological 
processes at the nanoscale.
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The development of single-molecule spectroscopy in the con-
densed phase in the 1990s12,13 soon enabled its application to bio
molecular systems14. The fundamental ability to avoid signal averaging 
over large ensembles of molecules provided the opportunity of 
resolving structural and dynamic heterogeneity and addressing the 
properties of molecules within complex environments. The resulting 
close relation to the concepts of statistical physics triggered extensive 
synergies among experiment, theory and simulations in this field 
of single-molecule biophysics15. One particularly successful single-
molecule technique is based on the distance-dependent energy trans-
fer between two suitably chosen fluorophores that are covalently 
attached to the biomolecule of interest16. Overlap between their emis-
sion and absorption spectra leads to the resonant and radiationless 
transfer of electronic excitation energy from the donor to the acceptor 
fluorophore (Box 1). The 1/r6 distance dependence of the rate of energy 
transfer makes the process a sensitive ‘spectroscopic ruler’17 on the 
nanometre-length scale, ideal for probing changes and fluctuations in 
the structures of biomolecules. The theoretical framework that is now 
used was completed by Theodor Förster in the 1940s18, so the process 
is commonly referred to as Förster resonance energy transfer or FRET. 
Experimental measurements of FRET on biomolecular systems were 
pioneered in the 1950s to 1970s17, and the first single-molecule FRET 
experiments were demonstrated in 1996 (ref. 16), followed by a wave of 
developments and applications to biomolecular systems19,20.

Single-molecule spectroscopy has since become an important 
technique for obtaining information on the structure and dynamics 
of biomolecules, often in close integration with other methods20–23. 
Many of the challenges in applying the technique are in the chemistry 
and biology required (i) to prepare and specifically label the molecules 
of interest24,25, (ii) to enhance the photophysical and photochemical 
properties of fluorophores26,27 and (iii) to perform the measurements 
in the context of entire cells or organisms28. In this Review, however, 
we will focus on the advances in single-molecule FRET that have been 
enabled primarily by developments from the physics side, including 
some of the most important current challenges, and future directions 
that we consider particularly promising.

Nanoscale dynamics across 12 orders 
of magnitude in time
Biomolecular dynamics occur across a vast range of timescales, from 
the femtosecond vibrations of individual covalent bonds to the life-
time of an organism, corresponding to 24 orders of magnitude in time. 
Covering this considerable range inevitably requires multiple methods, 
many of which focus on a relatively narrow window in time. Part of the 
versatility of single-molecule FRET is that it has provided access to 
dynamics over a large range, from nanoseconds to days20,29,30. Before 
we go into the most recent developments in the field, we will briefly 
summarize the current state of the art, especially the timescales that are 
currently accessible, illustrated with examples and the corresponding 
techniques in Fig. 1.

The detection method is a key factor defining the time resolution 
of the measurement. Two types of detectors are predominantly used 
for recording the fluorescence signal from single molecules31,32: highly 
sensitive electron-multiplying charge-coupled devices or complemen-
tary metal-oxide-semiconductor cameras, often in combination with 
total internal reflection microscopy; and single-photon avalanche 
diodes (SPADs), usually in combination with confocal detection. 
The advantage of camera-based imaging is that many molecules can be 
observed simultaneously, but they need to be anchored to the surface 

Key points

	• The functions of biological macromolecules depend on changes 
in their conformations across 24 orders of magnitude in time.

	• Single-molecule Förster resonance energy transfer can be used 
to probe biomolecular dynamics on nanometre-length scales across 
timescales from nanoseconds to days.

	• An important challenge is to increase the time resolution for 
measurements of rapid dynamics and nonequilibrium processes.

	• Nanophotonics, microfluidic mixing and advances in data analysis 
and molecular simulations are particularly promising strategies for 
extending the scope of single-molecule Förster resonance energy 
transfer.

Introduction
The complexity of living organisms is remarkably difficult to compre-
hend in its entirety. However, at the level of the individual biological 
macromolecules, there has been tremendous progress in the under-
standing of the physical mechanisms that enable their diverse functions. 
Advances in X-ray diffraction and its application to nucleic acids and 
proteins in the 1950s triggered a revolution in biology because it allowed 
the details of their 3D structures to be elucidated with Ångström resolu-
tion1. This information has been central to uncovering the inner workings 
of these remarkable molecular machines that ultimately underlie virtu-
ally all biological functions, which range from information storage and 
reproduction to chemical catalysis, molecular transport, cellular signal 
processing and cognition. On the basis of the structures of approximately 
105 biological macromolecules experimentally determined to date2 and 
the enormous amount of DNA sequence information gathered over the 
past 20 years3, recent advances in machine learning4 now provide us with 
a virtually complete protein structure inventory of life as we know it.

However, although many aspects of biomolecular function can 
be conjectured from these structural models, molecular function 
almost invariably requires molecular motion5–7. Classical examples 
include the changes in the structure of enzymes going through their 
cycles of catalysis; of membrane proteins as they enable transport 
of ions or molecules across lipid bilayers; or of large assemblies of 
proteins and nucleic acids involved in the replication of DNA or the 
synthesis of new proteins8. Similarly, the formation of the well-defined 
3D structures of many proteins and nucleic acids requires the process 
of folding9,10 that starts from a linear chain of amino acids or nucleo-
tides. Additionally, more than half of all human proteins contain large 
regions that do not form a well-defined structure, and some proteins 
are entirely disordered11. Understanding the functional mechanisms 
of these systems thus requires detailed knowledge of how molecules 
can change their shapes or conformations. Key questions are: which 
interactions are involved, and how are they coupled? Which sequences 
of events lead from one conformation to another? How heterogene-
ous are these conformational ensembles? What are the timescales on 
which these conformational dynamics occur? How do dynamics relate 
to function? And how are they linked to nonequilibrium processes? 
Elucidating these aspects of biomolecular dynamics is a key challenge 
in biological physics, and the development of physical methods is at 
the heart of progress in this field.

http://www.nature.com/natrevphys


Nature Reviews Physics | Volume 6 | October 2024 | 587–605 589

Review article

of a microscope cover slide. The time resolution is limited by the frame 
rate of the camera, typically 10–100 Hz, but with the latest generation 
of scientific complementary metal-oxide-semiconductor cameras, 
submillisecond time resolution has been achieved33,34. SAPDs provide 
much higher time resolution, limited essentially by the photon timing 
jitter35 of ~50 ps, but because of the point-like detection, individual 
molecules must be monitored sequentially, either immobilized on a 
surface or freely diffusing in solution. With this high time resolution, 

SPADs enable time-correlated single-photon counting and thus access 
to the complete photon statistics down to the picosecond range31. With 
pulsed laser excitation, time intervals between excitation and emis-
sion — and thus fluorescence lifetime decays — can be acquired36, which 
are typically in the range of a few nanoseconds. It is these photophysi-
cal processes of FRET and the rotational motion of the fluorophores 
that limit the shortest timescales accessible for probing biomolecular 
dynamics. The longest timescales over which individual immobilized 

Box 1 | History and principle of Förster resonance energy transfer
 

Arguably, the first observation of non-radiative resonance energy 
transfer dates back to Heinrich Hertz: producing oscillating 
fields with a dipole antenna, Hertz observed sparks across a gap 
in a nearby resonant receiver. In the 1920s, Cario and Franck226 
performed pioneering measurements of energy transfer between 
atoms in mixtures of mercury and thallium vapour. They observed 
the emission spectrum of thallium while illuminating the vapour 
mixture at a wavelength where only mercury absorbs. The results 
can be interpreted in terms of the rate of energy transfer, kT, 
between a donor (mercury) and an acceptor (thallium), and the 
spontaneous decay rate of the donor, kD, owing to radiative and 
non-radiative relaxation modes in the absence of the acceptor. 
The probability, or efficiency, of energy transfer can then be 
expressed as:

E
k

k k .T

D T
=

+

The quantitative use of E requires us to compute kT, the rate at 
which the combined state of donor and acceptor fluorophores, 
D and A, changes from |D* A〉 to |D A*〉, in which * indicates the excited 
state. The dipole–dipole interaction between the two fluorophores 
separated by the distance vector r, with dipole moments µD and µA, 
is described by the energy term VDA = 1/(4πε0εr)[(µD · µA)/r3 –(µD · r) 
(µA · r)/r5]. First attempts to describe the phenomenon quantum 
mechanically were made by Kallmann and London227, as well as by 
Perrin228, but they used a formalism appropriate only for coherent and 
reversible transfer, which predicted a 1/r3 dependence that was not 
in agreement with experiments on the concentration dependence of 
fluorescence depolarization.

A complete description of Förster resonance energy transfer 
requires quantum electrodynamics229, but sufficiently accurate 
results can be obtained with a semiclassical approach using 
perturbation theory in the weak coupling regime230. The key steps 
towards the explanation of the phenomenon were made in the 
1940s by Oppenheimer231 and Förster to explain photosynthesis. 
Oppenheimer, inspired by the analogy with nuclear decay via internal 
conversion, correctly derived the transfer rate including incoherent 
processes but did not publish the results until 1950 (ref. 232). Förster, 
in his papers of 1946 (ref. 233) and 1948 (ref. 18), accounted for 
the rapid decoherence234 of the fluorophores in solution (~1014 s−1) 
relative to the transfer rate (~108 s−1) owing to the interactions of the 
fluorophores with the environment and vibrational motions235, which 
effectively produce a continuum of states, as evidenced by the broad 
emission and absorption spectra of fluorophores in the condensed 

phase at ambient temperature. As a result, Fermi’s golden rule can be 
used to calculate the transfer rate:
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in which ⟨ ⟩* *VDA D ADA∣ ∣  is the transition matrix element (using the 
point-dipole approximation) that corresponds to VDA, and ρeff is 
the effective density of final states.

The dependence of kT on the relative orientation between µD and 
µA can be combined into the parameter κ, resulting in VDA = 1/(4πε0n2) 
κ |µD||µA|/r3; with the refractive index =n εr of the medium, kT becomes

* *
k

π
ħ

κ
r πε n

ρ
2 D D A A

(4 )
.T

2

6
D

2
A

2

0
2 4 eff

µ µ
=

⟨ ⟩ ⟨ ⟩∣ ∣ ∣ ∣ ∣ ∣ ∣ ∣

Of great practical use has been Förster’s demonstration18 that 
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⟨ ⟩ ⟨ ⟩  is proportional to the overlap integral, 
∫J f λ ε λ λ λ( ) ( ) d0 D A

4=
∞ , between the normalized fluorescence emission 

spectrum of the donor, fD(λ), and the absorption spectrum of the 
acceptor, εA(λ), times ΦD, the quantum yield of the donor, divided by 
the donor lifetime in the absence of the acceptor, τD=1/kD. On the basis 
of these relations, Förster was able to predict the transfer rate, with no 
free parameters, from the spectra of the fluorophores measured 
independently. The resulting expression for the transfer efficiency in 
terms of the Förster radius, R J
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constant), and the distance between the fluorophores, r, yields
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This is the equation most commonly employed to infer distance 
information from measured values of E. For more details on the 
history of the theoretical developments, see the excellent review 
by Clegg236.
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molecules can be monitored continuously are limited by photobleach-
ing; at sufficiently low excitation rates, observation times of minutes 
are commonly reached. Although strategies for extending these obser-
vation times have been suggested, for example, by replacing the labels 
continuously37, longer timescales have mostly been probed on freely 
diffusing molecules, so that not one individual molecule is monitored 
as function of time. Instead, the temporal evolution of population 
distributions is reconstructed from the signal from many individual 
molecules (see Probing nonequilibrium dynamics)29.

Accurate single-molecule FRET measurements require at least 
two detectors, one each for the emission wavelength ranges of the 
donor and the acceptor dyes. Instruments with four or more detec-
tion channels are commonly employed in confocal instruments38, for 
instance, to monitor emission from more than two dyes in multicolour 
FRET, which can provide information on multiple distances simultane-
ously39,40; to separate photons by polarization, which affords important 
information on the rotational mobility of the fluorophores and thus 
the validity of rapid averaging over donor–acceptor orientations that 
greatly simplifies the analysis38,41; or to eliminate detector dead times 

and artefacts from breakdown flashes and afterpulsing42 in rapid cor-
relation analysis43. This multiparameter fluorescence detection38 offers 
complementary information beyond simple fluorescence intensities 
from donor and acceptor, including fluorescence lifetimes, polariza-
tion, molecular brightness, diffusivity and so forth, as described in 
many detailed reviews on the topic20,38,44–46. One important challenge, 
and a focus of this Review, has been to probe rapid dynamics with FRET, 
in the time range covering much of the interesting molecular dynamics.

Resolving rapid dynamics
To conceptualize biomolecular dynamics, let us consider a process 
such as the conformational change of a protein, its folding or a bind-
ing reaction. A complete description of this process would require 
knowledge of the detailed forces and motion of all atoms of the system, 
including the solvent, as a function of time. However, experiments can 
only provide information on a small fraction of all degrees of freedom. 
It is thus instructive to choose a simplified description, for instance, 
in terms of diffusion on a free-energy surface15,47. The free energy is then 
represented as a function of a small number of reaction coordinates 

Timescale of the process (s)
b

a

Fluorescence correlation spectroscopy

Fluorescence lifetime/anisotropy 

Chain dynamics

Molecular rotation

Folding/binding Phase separation/aggregation

Conformational dynamics

Time-resolved burst variance analysis

Fluorescence time traces

Photon distribution analysis

Recurrence analysis

Microfluidic mixing/dilution

T-jump Manual mixing

10–9 10–6 10–3 100 103

Fig. 1 | Timescales of biomolecular dynamics probed with single-molecule 
Förster resonance energy transfer. a, Currently available single-molecule 
Förster resonance energy transfer methods cover more than 15 orders of 
magnitude in time and allow a wide range of biomolecular dynamics to 
be investigated. Essentially, all timescales above the lower limit set by the 

photophysics of the fluorophores can be probed with the available range of 
experiments and analysis methods. Arrows indicate interconversion between 
states or configurations. b, The approximate time ranges accessible with 
different techniques45,210,223–225 (many of which are mentioned in the text) are 
indicated as horizontal bars.
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that reflect the process of interest, and the dynamics are approximated 
in terms of diffusive motion on this free-energy surface. Chemical 
kinetics is concerned with the interconversion rates between meta-
stable states, which are related to the dwell times (or waiting times) 
in the minima of the free-energy surface. A physically more complete 
picture of the dynamics additionally includes an explicit description 
of the relaxation within the individual free-energy minima, and of the 
actual process of crossing the free-energy barrier when a transition 
occurs, the transition paths15,48,49 (Box 2 explains these aspects in detail). 
Whenever these processes lead to changes in intra- or inter-molecular 
distances, they can in principle be probed with single-molecule FRET 
experiments. As inter-dye distance changes result in anticorrelated 
emission probabilities of donor and acceptor, distance dynamics 
can be reliably distinguished from other sources of emission fluctua-
tions45, such as quenching by nucleotides and aromatic amino acids, 
or triplet blinking26.

A powerful way of analysing photon time series from single-
molecule FRET experiments is the use of hidden Markov models50–53 
(see Box 3 and the section on Advances in data analysis and modelling), 
which have enabled dynamics to be resolved down to the microsecond 
range30,48. Another widely employed approach for measuring distance 
dynamics is fluorescence correlation spectroscopy54–56 (FCS), a versa-
tile and virtually model-free way of analysing photon statistics across 
a wide range of timescales. By combining FCS with single-molecule 
FRET and fluorescence lifetime information, the dynamics of individual 
subpopulations of molecules can be resolved45,56–58. On the basis of the 
known distance dependence of FRET (Box 1), correlation functions can 
be quantitatively related to distance dynamics, using either analyti-
cal models or simulations. An example in which such measurements 
have been important to probe very rapid molecular motion is the 
chain dynamics of unfolded and intrinsically disordered proteins45 
(Box 2). Reconfiguration times — the relaxation times of end-to-end 
distance correlation functions — for chain lengths of about a hundred 
residues range from tens to hundreds of nanoseconds45,59. Some dis-
ordered proteins even remain disordered when bound to their inter-
actions partners60,61, which can lead to a moderate62 or pronounced63 
slowdown of their dynamics.

The fastest molecular motions we can detect with single-molecule 
FRET combined with correlation analysis are limited by photophysics64. 
This limit arises because the fluorescence fluctuations in the range 
of the excited-state lifetimes of the dyes are dominated by the elec-
tronic transitions between ground and excited states, which lead to the 
photon antibunching characteristic of individual quantum systems65 
(Box 2 and Fig. 2c). As a result, measuring distance dynamics faster than 
~10 ns has been challenging, because the components of the correla-
tion functions related to distance dynamics are difficult to separate 
from photon antibunching. An additional factor essential for the time 
resolution is the photon detection rate from individual molecules. 
Values above 105 s−1 are often difficult to achieve because of limitations 
in detection efficiency and rapid photobleaching at high excitation 
rates, so the probability of observing photons separated by submicro-
second time intervals is low. Correspondingly, accumulating sufficient 
photon statistics for quantifying submicrosecond distance dynamics 
can require very long measurements of 10 h or more45, and dynamics in 
the low nanosecond range have essentially been impossible to probe. 
Examples of dynamics expected in this range are the chain reconfigu-
ration of short polypeptides or oligonucleotides; higher relaxation 
modes of longer chains; loop regions in folded proteins; or the actual 
motion of fluorophores attached to a biomolecule.

Similarly, for experiments aimed at resolving transition paths 
between metastable conformational states of molecules (Box 2), the 
relatively low fluorescence emission rates48 have limited the time reso-
lution of single-molecule experiments. Transition paths are of great 
interest, because they contain much of the key information on the 
molecular mechanisms underlying conformational changes or folding 
processes66. However, the experimental observation of transition paths 
is challenging, for two main reasons. First, for activated processes, 
these events are rare, because the molecule spends most of its time 
in the free-energy minima and only rarely jumps across the barrier, so 
most of the signal collected reports on the relaxation dynamics dur-
ing the waiting times within the minima. Second, transition paths are 
short — often in the microsecond range48 — so that very high photon 
rates are required even to estimate just the duration of the transition. 
In practice, this means that the transitions from many single-molecule 
FRET recordings, with only a few photons per transition, have had to 
be combined in a maximum-likelihood analysis67 to obtain transition 
path times. Resolving individual transition paths on the microsecond 
timescale with, say, 100 photons during the transition would require 
the photon detection rates to be enhanced by about two orders of 
magnitude.

Plasmonic enhancement of fluorescence for FRET
Arguably, the most promising strategy towards single-molecule FRET 
experiments with higher time resolution is the plasmonic enhance-
ment of fluorescence in the near field of metal nanostructures (Fig. 2). 
For an emitter near a metal nanoparticle, two contributions are impor-
tant to consider68. The first is the Purcell effect69 of the environment 
on the local density of optical states70, which changes the emission 
rate, as described by Fermi’s golden rule71: if an emitter is placed near 
a metal nanoparticle, coupling of the external electromagnetic field 
with the surface plasmon modes of the conduction electrons provides 
additional radiative decay channels for the emitter that reduce its fluo-
rescence lifetime72,73 — a process analogous to FRET to an acceptor 
fluorophore that can itself be used for sensitive distance measure-
ments74–77. The second contribution is that the excitation of localized 
surface plasmon resonances in nanoparticles by incident light can 
lead to pronounced field enhancements close to the surface of the 
particle or nanostructure, resulting in the concentration of electro-
magnetic fields into subdiffraction volumes78. The electric field in these 
small volumes can be intense, leading to the formation of plasmonic 
hotspots with field enhancements by orders of magnitude. Placing a 
fluorophore into such a hotspot can thus greatly increase the efficiency 
of excitation.

The influence of plasmonic enhancement on fluorescence has 
long been recognized79, and many geometries of nanocavities and 
nanoantennas have been proposed to concentrate the local field most 
effectively68,80. One challenge is that the geometric effects on the fluo-
rophore are highly dependent on its distance from the nanoparticle 
surface, and optimal enhancement with constant efficiency requires 
precise positioning of the molecule in the hotspot. An elegant solu-
tion to this problem is the use of DNA origami for the self-assembly of 
scaffolds that enable the positioning of individual molecules relative 
to plasmonic nanoparticles with nanometre precision81–83 (Fig. 2a). 
On the basis of such self-assembled nanoantennas, enhancement of 
individual fluorophores by more than two orders of magnitude have 
been achieved. The technique also shows great promise in terms of 
monitoring distance dynamics with much higher time resolution when 
combined with single-molecule FRET on immobilized molecules82,84.
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Box 2 | Dissecting biomolecular dynamics with single-molecule Förster resonance 
energy transfer
 

We use the term ‘dynamics’ to describe all molecular motion in 
the system of interest. Experiments, however, only provide limited 
information on a few degrees of freedom, so how can we describe 
biomolecular dynamics based on this information with simple 
quantitative models?

One approach, originally developed for chemical reactions, and 
widely used for describing biomolecular dynamics, is to employ 
kinetics as described by the reaction rate or master equations. 
This approximation is suitable for processes characterized by a 
few metastable states separated by high barriers, which results 
in a separation of timescales between the rapid conformational 
dynamics within the metastable states on the one hand and the much 
slower rates of crossing the barriers on the other. In this description, 
the dynamics within states are ignored, and the barrier crossing 
process is assumed to be instantaneous. The underlying cooperative 
transitions thus lead to long waiting times in the minima that are 
exponentially distributed. These dwell time distributions and the 
corresponding rate coefficients can be inferred from single-molecule 
recordings51,146 (see the figure and Box 3).

There are, however, many processes that do not involve clearly 
separable states, for instance, the fluctuations within a metastable 
state, such as the conformational ensemble of an unfolded protein. 

A simple description of such overdamped dynamics involves the 
timescale of these fluctuations and their amplitude about a mean 
value, which can be represented in terms of diffusion in a potential 
of mean force (see the figure) with a shape inferred from experimental 
data or simulations. Even rapid conformational fluctuations down to 
the nanosecond range can be resolved with fluorescence correlation 
spectroscopy45,237 (see the figure).

With these two concepts, we can describe both the fluctuations 
within states and the rates of the rare transitions between them, but 
what about the actual barrier crossing process across the transition 
state? In contrast to simple kinetics, in which these transitions are 
treated as instantaneous jumps, their actual duration is of course 
finite. In fact, these transition paths are often the most interesting 
part of the process, because this is when the cooperative changes in 
conformation that define the detailed molecular mechanism actually 
occur66. Transition paths are challenging to probe, as they are short, 
rare events, and the times at which they occur are stochastically 
distributed. However, single-molecule FRET provides the opportunity 
to resolve transition paths48 (see the figure).

The combination of rate-based kinetics, conformational 
fluctuations and transition paths allows many aspects of biomolecular 
dynamics to be described quantitatively. For dynamics on much 
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In a complementary approach, nanoapertures in a thin metal 
film deposited on glass have been employed as zero-mode wave-
guides (ZMWs)85. As the name indicates, these waveguides provide 
no modes for the propagation of light owing to their subwavelength 
size86. Instead, incident light forms an evanescent field with a steep 
amplitude decay in the tens to hundreds of nanometre range (Fig. 2b). 
The combination of the evanescent field depth with the small diameter 
of the aperture of ~100 nm yields effective observation volumes of atto-
litres, orders of magnitude smaller than diffraction-limited confocal 
volumes85,87. The resulting ability to perform single-molecule measure-
ments at much higher concentrations of fluorescent samples has led 
to important technological developments, such as high-throughput 
DNA sequencing in large arrays of ZMWs in which individual DNA 
polymerase molecules are immobilized88.

ZMWs have also been employed for the enhancement of single-
molecule fluorescence87,89. The application to single-molecule FRET, 
however, had been questioned because of the complex influence of 
the extreme field confinement on the decay rates and the quantum 
yields of the donor and acceptor and the transfer rates between them. 
In addition, the presence of field components in all spatial directions in 
the ZMW (Fig. 2b) is expected to lead to deviations from the canonical 
distance dependence of FRET90. Recent systematic results as a function 
of ZMW diameter demonstrate the feasibility of single-molecule FRET 
measurements on freely diffusing90–92 and immobilized93 molecules; 
the plasmonic enhancement increases the fluorescence detection 
rate by up to an order of magnitude and extends the accessible dis-
tance range by several nanometres. Although the accuracy of FRET 
measurements for obtaining absolute distance information may be 
compromised, the deviations from the r6 dependence (Box 1) seem to 
be moderate for donor–acceptor distances near the Förster radius90,94. 
However, assessing the quantitative implications of such effects will 
be an important aspect of future research.

The enhancement of fluorescence emission rates in ZMWs is 
expected to be particularly useful for improving measurements of 
very rapid dynamics or short events, because the probability of record-
ing photons at high rates is increased. A recent example is the meas-
urement of nanosecond FCS (nsFCS) on freely diffusing molecules 
in ZMWs, in which an increase in the signal-to-noise ratio by almost 
an order of magnitude reduced data acquisition times from ~10 h to 
tens of minutes94 (Fig. 2c). nsFCS measurements also benefit from the 

reduced fluorescence lifetimes owing to the increased local density of 
optical states in the ZMWs, which improves the separation of timescales 
between photon antibunching and rapid distance dynamics. This effect 
has enabled measurements of distance dynamics by FRET down to a few 
nanoseconds94, a regime that has previously been difficult to access.

Plasmonic enhancement is also a promising strategy for single-
molecule FRET measurements with high time resolution on immo-
bilized molecules, for instance, with molecules placed at optimal 
positions relative to nanoantennas using DNA origami82. An applica-
tion of great current interest is the measurement of transition path 
times15,48,49,95 (Box 2), whose durations in the microsecond range have 
been measured with single-molecule FRET for some protein folding48 
and binding reactions96–98. For resolving transition paths in more detail, 
however, an enhancement of photon rates by at least one or two orders 
of magnitude will be required; nanoantennas provide a promising 
strategy towards this goal84 (Fig. 2a).

Nanophotonics thus offer great opportunities for advances in 
probing rapid biomolecular processes, but many open questions 
remain. One challenge is a more quantitative understanding of the 
complex combination of contributions that influence single-molecule 
FRET near metal nanostructures, including (i) the Purcell effect and its 
influence on fluorescence lifetimes and quantum yields; (ii) the strong 
field enhancement near the localized potential gradients at the edges 
of nanoapertures (Fig. 2b); (iii) changes in the fluorescence collec-
tion efficiency owing to the altered emission patterns of dipoles near 
nanostructres68,87; (iv) the modulation of the dependence of FRET on 
the relative orientation of donor and acceptor owing to electric field 
components along all three directions of space99; (v) the averaging over 
the heterogeneous diffusive paths in and out of the nanoaperture and 
(vi) nonlinear photophysical effects. The example of ZMWs illustrates 
that even very simple geometries can be powerful, but advanced geom-
etries provide many further opportunities68,80,100. Another challenge is 
that the potentially very high photon rates may require new detector 
technology with short dead times, such as single-photon detectors 
based on superconducting nanowires101.

Perturbation techniques for  
nonequilibrium dynamics
In most ensemble measurements, information on dynamics is obtained 
by synchronizing the molecular ensemble by means of a perturbation 

shorter timescales, it may be important to additionally consider 
contributions from inertial motion or quantum effects.

The figure illustrates these aspects of dynamics for the example  
of protein folding, where the equilibrium between the folded (F) and 
unfolded states (U) of a protein is probed with single-molecule FRET.  
A two-state trajectory (part a) and the corresponding photon emission 
from donor (green) and acceptor (red) (part b), with the resulting 
exponential dwell time distributions identified with the Viterbi 
algorithm238 (part c). A 1D free-energy surface of the process 
(TS, transition state) (part d), with the diffusive dynamics on this 
potential near a transition (orange segment: transition path) (part e).  
f, Rapid distance dynamics in the unfolded state can be probed with 
nanosecond FCS (nsFCS; donor and acceptor autocorrelations:  
green and red, respectively; cross-correlation: blue; fits: black lines). 

τcd, the mean correlation time of the chain dynamics, is obtained from 
fitting the curves. g, Time-resolved recording of photon emission 
during a transition (example using 30 MHz average count rate, a regime 
that is starting to come into reach84) can be used for a likelihood-based 
analysis of transition path times (part h)67. ΔlnL is the difference 
between the log-likelihoods for a model that assumes a virtual 
intermediate (I) mimicking a transition state of finite lifetime and for  
an instantaneous transition, yielding in this example a most likely 
transition path time, τTP, of ~1 μs (orange: results from 10 individual 
photon time traces; black: sum). The data shown were simulated based 
on a two-state Markov model (parts a and b), or in terms of diffusion on 
a free-energy surface by discretizing the potential and using a discrete 
random walk with microscopic rate coefficients (e–g). Note that higher 
photon rates were used for simulating part g than for part b.

(continued from previous page)
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Box 3 | Single-molecule fluorescence time traces analysed as continuous-time hidden 
Markov processes
 

Time traces of fluorescence photons collected from single molecules 
are often analysed using hidden Markov models. The underlying idea  
is that the observed molecule is a dynamic system visiting different 
states that represent local minima in the corresponding free-energy 
landscape (Box 2). For example, a change in conformation or the binding 
to a target corresponds to the spontaneous crossing of an energy barrier 
between corresponding minima. Neglecting the dynamics within the 
states and the details of barrier crossing (Box 2), we can describe 
the dynamics as stochastic jumps between states with exponential 
distributions of the times between them. Such a continuous-time Markov 
process can be represented by a kinetic scheme of the kind shown in the 
enclosed illustration. Using the kinetic rate matrix K, we can describe  
the stochastic time evolution of the system by t e( ) (0)tp pK= , in which 
p t( ) is the probability vector for being in states S S S, ,1 2 3 at time t.

The goal of the analysis is to find the most appropriate kinetic 
model, K, that describes the experimental data. The time trace can 
be formalized as a sequence of observations, τ c τ c τ c( , , , , , , )T T1 1 2 2z = … .  
Here, τk are the interphoton times, and ck symbolizes the ‘colour’ of 
the kth photon detected; for FRET measurements, ck is either D or A. 
The system is a hidden Markov model because a single observed 
photon does not unambiguously reveal which state the molecule 
is in. Instead, we only know the probabilities of detecting a donor 
or acceptor photon and of not detecting any photon for a given 
time interval while the molecule is in a certain state. For example, 
we might know the mean donor and acceptor photon rates; assuming 
exponentially distributed interphoton times for each state, one can 
then calculate the probability P( | )z K  of the time trace z, given a 

hypothetical rate matrix K. This calculation turns out to be extremely 
useful, because Bayes’ theorem relates this probability to the more 
interesting posterior probability, K zP( | ), for a hypothetical K given 
the evidence z, by = ⋅K z z K K zP P P P( | ) ( | ) ( )/ ( ). In the theory of Bayesian 
inference, P( | )z K  is called the likelihood (here now viewed as a 
function of K instead of z), P(K) is the prior probability, and P(z) is 
the marginal likelihood. Maximum-likelihood estimation is a powerful 
method for finding the most probable K of the posterior probability 
distribution K zP( | ) by maximizing the computable likelihood P( | )z K  
with respect to the model parameters (assuming P(K) = const).

Gopich and Szabo146 showed that the likelihood for the time trace 
of donor and acceptor photons can be calculated elegantly and 
without the need for time binning from

z K N pK N








P e11( | ) ,T

k

T

c
τ

1

( )
eqk

k∏=
=

−

as illustrated for the time trace in the figure. Simply put, the term 
−e τ( ) kK N  describes how the state probabilities evolve during the 

intervals τk, in which no photons are detected, and the matrices ck
N  

reflect the probability that in the next moment a photon of colour ck 
is detected. The equation is very powerful for the photon-by-photon 
interpretation of photon time traces in terms of kinetic models. 
For binned time traces, such as those recorded in total internal 
reflection microscopy, the more familiar techniques for discrete-time 
hidden Markov models must be used50–52, which typically make the 
simplifying assumption that emissions and transitions occur only 
at the boundaries (or midpoints) of the time bins.
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and monitoring its relaxation to equilibrium, for example, by laser-
induced temperature jumps or rapid mixing102. A notable strength of 
single-molecule measurements is that dynamics can often be quantified 

from equilibrium or steady-state experiments15 (Box 2). However, 
even in single-molecule experiments, it remains indispensable for 
many questions to apply perturbations for probing nonequilibrium 
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Fig. 2 | Nanophotonic enhancement of fluorescence for single-molecule 
spectroscopy. a, Illustration of a DNA origami nanoantenna with 100 nm 
gold nanoparticles that enable positioning of a biomolecule for fluorescence 
enhancement. Zoom: acceptor-labelled single-stranded DNA (ssDNA) hybridizes 
with a donor-labelled docking site. Fluorescence time traces show enhanced 
donor (blue) and acceptor (red) fluorescence during a binding event with high 
count rates (from ref. 84). b, Scanning electron microscope image of aluminium 
ZMWs with different diameters, and numerical calculations of the electric field 
intensity enhancement inside a 110-nm ZMW for 557-nm donor excitation (green) 
and 590-nm donor dipole radiation (red/yellow; from ref. 90). c, Left: schematic 

of confocal measurements of a peptide labelled with Alexa 488 and 594 in 
a ZMW. Right: fluorescence traces of donor and acceptor emission without 
(grey) and with ZMW (green, red) illustrate the fluorescence enhancement of 
molecules diffusing through the nanoapertures. The average count rates per 
molecule (CRMs) are indicated. Overlay of donor (green) and acceptor (red) 
fluorescence autocorrelations and donor–acceptor cross-correlations (blue) 
from measurements of the peptide without ZMW (top) and with ZMW (bottom) 
after 7 h of data acquisition (inset in part a after 20 h and in part b after 0.2 h 
of data acquisition) illustrates the gain in signal to noise (from ref. 94). ZMW, 
zero-mode waveguide.
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dynamics. Take, for instance, a protein that, at equilibrium, spends 
most of its time in the folded state; say, on average it unfolds every 
10 s but remains in the unfolded state for only a millisecond before it 
folds again. Satisfying the sampling rate requirements for both states 
is essentially impossible with current fluorophores: for an excitation 
rate sufficiently high to enable the reliable detection of the millisecond 
dwells, photobleaching would occur on a timescale much shorter than 
10 s; for an excitation rate low enough for monitoring the 10-s dwell 
times, the millisecond dwells will largely remain undetected. Even 
larger differences in the forward and backward reaction rates are not 
uncommon in biomolecular systems, resulting in processes that are 
effectively only observable in nonequilibrium measurements. Such 
experiments typically involve preparing the system in the less stable 
state, for instance, using solution conditions that favour its population, 
and then switching to the conditions of interest and monitoring the 
kinetics of interconversion. Slow kinetics on a timescale of seconds and 
above can be monitored by manual mixing or with simple flow cells, 
but for higher time resolution, dedicated instrumentation is required.

A versatile method for resolving rapid nonequilibrium processes in 
combination with single-molecule FRET is microfluidic mixing29,103,104. 
Most designs used to date are based on hydrodynamic focusing105,106. 
In contrast to turbulent mixing, which is the dominant mechanism 
at high Reynolds numbers107, hydrodynamic focusing can be used to 
form fluid jets with a width of a micrometre or less, a length scale over 
which mixing is entirely diffusive106. An added advantage is that such 
laminar fluid dynamics at very low Reynolds numbers are amenable 
to an accurate description in terms of the Navier–Stokes equation106, 
which enables precise device design based on finite-element calcula-
tions108,109 (Fig. 3a). Mixing times down to a few microseconds have been 
achieved105,110,111. However, detecting a sufficient number of photons 
from a single fluorescent molecule to assess transfer efficiencies and 
distances takes at least hundreds of microseconds at the count rates 
commonly attained; to enable correspondingly long residence times 
in the confocal volume, the mixing devices for single-molecule FRET 
thus typically work in the low millisecond regime and above108,109,112–115.

The basic idea of continuous-flow microfluidic mixing experi-
ments is to rapidly mix different solutions to trigger the reaction of 
interest, such as the association of two molecular binding partners or 
the refolding of a protein. The confocal observation volume is placed at 
different positions along the observation channel to monitor different 
times after mixing, from which the kinetics of the process can then be 
reconstructed (Fig. 3b,c). The upshot is that detailed single-molecule 
FRET measurements become feasible for states far from equilib-
rium108,109,112–115. An example is the dynamics of compact unfolded states 
and other conformational intermediates that are hardly populated 

at equilibrium. By rapidly diluting a solution of a protein unfolded at 
high concentrations of denaturant, these configurations can be inves-
tigated at short times after mixing, before folding to the native state 
takes place59,116–118 (Fig. 3b,c). Another example is the formation of tran-
sient states in association reactions, such as the intermediate of the 
intrinsically disordered protein α-synuclein during the binding to 
detergent micelles114. Recent device designs enable dilutions by up 
to five orders of magnitude within a few milliseconds, which allows 
low-affinity biomolecular complexes to be probed before they dissoci-
ate119,120, and double-jump mixing devices that combine two consecu-
tive rapid mixing steps separated by an intermediate delay channel121 
for probing multistep reactions.

There are still many opportunities for combining microfluidics 
with single-molecule spectroscopy. One promising strategy is the use 
of droplet microfluidics122, in which rapid mixing is enabled by cha-
otic advection within aqueous droplets formed in an oil phase moving 
through a narrow serpentine channel123. Yang et al.124 recently showed 
that this approach is amenable to single-molecule FRET, with dead times 
in the range of a few milliseconds (Fig. 3d–f). The droplets represent 
individual picolitre containers lined with stabilizing surfactants to 
minimize surface adhesion of biomolecules both to the channel walls 
and to the oil–water interface. The surfactants enable the investigation 
of even very delicate proteins whose surface adhesion is too pronounced 
for laminar-flow microfluidics. Moreover, the position-to-time conver-
sion of measurements along the observation channel is simplified, given 
the known droplet velocity and the absence of Taylor dispersion — the 
combined effect of diffusion and shear flow on the dispersion of the mol-
ecules along the channels in laminar-flow designs125,126. As the droplets 
do not exchange components with the exterior as they travel through the 
device, the observation time can be extended to hours or days with long 
observation channels or storage arrays127. Other promising future devel-
opments include the combination with advanced detection modalities127 
such as three-colour FRET119,128,129, temperature control108,130,131, rapid 
laser-based triggering techniques or the downstream addition of rea-
gents by picoinjection132 for monitoring multistep reactions. Integrating 
ZMWs133 or other nanophotonic devices with microfluidic mixing may 
allow us to take advantage of the microsecond mixing times attainable 
with hydrodynamic focusing110 and nonequilibrium single-molecule 
FRET at concentrations up to the micromolar range.

An orthogonal approach for enabling nonequilibrium single-
molecule FRET measurements is the use of rapid temperature jumps, 
for instance, by infrared laser excitation of an overtone of the vibra-
tional OH stretch mode of water134–136. By heating a small volume, an 
increase in solvent temperature on the millisecond timescale has been 
achieved135,136 (Fig. 3g–i). This elegant technique has been used to 

Fig. 3 | Nonequilibrium single-molecule dynamics. a, A concentration 
profile from 3D finite-element calculations of the millisecond mixing process 
in a laminar-flow mixer based on diffusion108. The relative concentration of 
molecules entering from the side channels is colour-coded from 0% to 100%. 
b, Illustration of microfluidic mixing and single-molecule Förster resonance 
energy transfer (FRET) measurements along the observation channel. Upon 
rapid dilution of the unfolded protein ClyA with buffer solution, the protein 
rapidly collapses, followed by slow refolding to the native state118. c, Examples 
of transfer efficiency histograms measured at different times in the observation 
channel. d, Schematic of a droplet-based microfluidic mixing device. The zoom-
in depicts an optical microscope image with regions indicated corresponding to 
sample delivery, droplet formation, mixing, deceleration, and droplets moving 

along the observation channel124. e, Schematic cross-section of the observation 
channel, showing a surfactant-stabilized water droplet in oil containing 
fluorophore-labelled protein molecules (not to scale) passing through the laser 
focus (excitation beam indicated in green). f, Example of millisecond protein 
association kinetics of the highly charged, disordered proteins ProTα and H1 
at different H1 concentrations124. g, Left: schematic representation of a laser 
temperature jump apparatus136. The infrared (red) and excitation laser (green) 
foci are aligned coaxially, with the measured radial intensity profile at the focus 
of the infrared heating laser. Right: the steady-state temperature rise (ΔT) as 
a function of incident laser power, and the heating and cooling times of IR are 
experimentally measured. h, Laser-induced T-jump allows single-molecule FRET 
measurements of DNA double helix melting135. PDMS, polydimethylsiloxane.
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characterize conformations involving high activation barriers, such as 
the kinetically trapped complex between two RNA hairpins135, and the 
kinetic mechanism of DNA double helix dissociation136. Notably, as only 
a small volume is heated, efficient heat dissipation also enables micro-
second drops in temperature to be implemented131. Developments of 
this kind will thus increasingly enable the study of conformational 
states that are so high in free energy that they cannot be observed in 
equilibrium measurements.

Advances in data analysis and modelling
Although developing new experimental techniques will be essential 
for extending the scope of single-molecule spectroscopy, going from 
measurement to conceptual insight requires the quantitative analysis 
of the data and their interpretation in terms of mechanistic physical 
models. In the case of single-molecule FRET, this means interpreting 
a recording of individual photon arrivals in terms of conformational 
states, their relative populations and their interconversion dynamics 
(Box 2). Methods for data reduction and analysis in single-molecule 
experiments have a long history137,138, and a plethora of techniques 
and software packages for analysing the rich information contained 
in single-molecule FRET measurements19,38,46,139 have been developed 
see FRET community and refs. 20,140. We will not review the impres-
sive range of established techniques; instead, we will briefly outline 
some general principles and then focus on a few key developments 
and future directions that seem particularly promising for enhancing 
the accessible time resolution and the analysis and interpretation of 
experiments on complex biomolecular systems.

To take full advantage of the information and time resolution 
contained in single-molecule fluorescence experiments, and to avoid 
limitations from time binning, the data are best analysed on a photon-by-
photon basis53. Time-correlated single-photon counting measurements 
typically provide for each detected photon its absolute arrival time, the 
time between exciting laser pulse and emission, its emission wavelength 
range (that is, whether it was emitted by the donor or the acceptor) 
and its polarization38,141. Arguably, the most versatile framework cur-
rently in use for solving the — often challenging — inverse problem of 
such single-photon recordings is based on likelihood functions, which 
can be applied to both fluorescence time traces from immobilized 
molecules and fluorescence bursts from freely diffusing molecules53. 
The likelihood function is essentially (up to a proportionality factor) 
the joint probability of observing a given photon sequence as a func-
tion of the model parameters, most commonly formulated in terms of 
hidden Markov models30,50–53. The model parameters can be inferred 
by maximizing the likelihood (or log-likelihood) function (Box 3), and 
their uncertainties can be estimated from the Hessian of the likelihood 
function at the maximum142,143. Many of the established single-molecule 
analysis methods can ultimately be reduced to this approach.

Applying likelihood-based approaches requires choosing a model. 
In view of the complexity of biomolecular systems, the number of poten-
tial models is vast. Arriving at a physically plausible model thus often 

needs complementary information. In the case of single-molecule FRET 
experiments on biomolecules, important information includes the 3D 
structures of the biomolecules and the known attachment points and 
chemical structures of the FRET dyes21; complementary results from 
different types of measurements, for example, other spectroscopic tech-
niques60,144; effects of photon statistics and the instrumentation on the 
measurements, such as crosstalk between the detection channels and 
the instrument response function; and other imperfections, especially 
fluorescence background or further sources of noise. This information 
may help to narrow down the number of states observed in the FRET 
measurements to a reasonable range that can then be included in the 
hidden Markov models, whose parameters — especially the state-specific 
emission distributions and the transition rate coefficients between 
states — are inferred by likelihood maximization, ideally in a global 
analysis together with other available observables145. If several models are 
plausible, identifying the most suitable yet parsimonious one can be chal-
lenging. For models with the same number of parameters, the maximum 
values of the respective likelihood functions can provide an indication53. 
For models with different numbers of parameters, quantities such as the 
Bayesian or Akaike information criteria, which penalize overfitting, can 
be consulted53,145, but these heuristics are not always conclusive. Other 
useful ways of differentiating models are the recolouring of the observed 
photon sequences based on the model53,146 or simulations of photon 
emission and comparison with the experimental data147.

A solution to the current limitations in model selection may 
be Bayesian nonparametrics148, a branch of statistics that is only start-
ing to be applied in the physical sciences149. With this approach, not 
only can the parameters of specific preselected models be inferred — or 
‘learned’ — but ideally also the structure of the model itself and the num-
ber of states149–153. An interesting example of this approach is the recent 
analysis of freely diffusing molecules that enables both the diffusion 
coefficients and the number of molecules contributing to emission to 
be estimated from a small fraction of the data required for traditional 
FCS154. Related developments have been suggested for single-molecule 
FRET150,152,153. Bayesian nonparametrics also allow measurement uncer-
tainties to be propagated rigorously to the uncertainties of the inferred 
parameters. However, quantifying the requisite measurement uncer-
tainties with sufficient precision often remains challenging22. A further 
current limitation in Bayesian nonparametrics is that sampling the 
parameter distribution requires computationally expensive numerical 
schemes, which has limited their application to small data sets. Probing 
highly heterogeneous systems involving large amounts of data thus 
continues to benefit from strategies based on the computationally 
more efficient likelihood maximization155, as recently demonstrated for 
protein oligomerization and aggregation in combination with FRET156.

Another promising research direction is the use of deep learn-
ing for single-molecule data analysis and modelling157. Recently, first 
deep-learning-based approaches have been developed for the automa-
tion of single-molecule localization as well as fluorescence time trace 
selection and analysis158–163 (Fig. 4a). Especially for large data sets with 

Fig. 4 | Data analysis and simulations. a, Overview of data extraction, evaluation 
and analysis using deep-learning-assisted single-molecule imaging analysis163. 
Single-molecule data are identified, extracted, classified into categories and 
the kinetics and state information evaluated, including the interconversion 
rates between underlying states163. b, Example of the direct comparison 
between simulations and the experiment (Fig. 2c) by generating fluorescence 
correlation curves based on simulations. Top: nanosecond fluorescence 

correlation spectroscopy data generated based on the MD simulations with 
resulting fluorescence intensity correlation times, τcd. Bottom: snapshots of the 
configurations of a disordered peptide labelled with donor (green) and acceptor 
(red) and inter-dye distance distribution from all-atom molecular dynamics (MD) 
simulations. The agreement with the experimental result (Fig. 2c) indicates that 
current MD force fields can provide realistic representations of the polypeptide 
chain dynamics94. FRET, Förster resonance energy transfer.
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thousands of traces, manual selection becomes prohibitive. Neural 
networks trained with large experimental and/or simulated data sets 
based on Markov state models can greatly accelerate the selection of 
time traces to eliminate recordings that exhibit undesired contribu-
tions, such as sample aggregation, uncorrelated donor–acceptor 
signal, photochemical artefacts or low signal to noise. Automated 
classification not only accelerates throughput but may also increase 
reproducibility by reducing user bias. Deep neural networks can further 
be used to rapidly analyse single-molecule FRET data, including the 
number of states, interconversion kinetics and trace-specific correc-
tion factors for direct acceptor excitation, crosstalk and detection effi-
ciencies, even for three-colour FRET experiments163 (Fig. 4a). An added 
advantage is that the number of states required for describing the 
data and their connectivity do not have to be preselected if either 
the training set is sufficiently comprehensive163 or unsupervised learn-
ing is used161,164, thus providing a powerful way of identifying candidate 
models. Deep-learning-based methods so far have been based on time-
binned data, but the extension to single-photon data might open up 

an opportunity for optimizing the analysis of very fast processes or 
very large data sets for which likelihood-based and nonparametric 
techniques are not computationally feasible. The increasing availability 
of entry-level platforms for training deep learning networks165 is likely 
to accelerate this process.

Combining single-molecule FRET 
and molecular simulations
Many questions, however, are difficult to formulate in terms of descrip-
tions as simple as Markov state models, and more detailed molecular 
models are required, such as atomistic or coarse-grained simulations. 
An exciting development of the past decade is the increasing overlap 
between timescales accessible in molecular dynamics simulations and 
biophysical experiments166, including single-molecule spectroscopy. 
Comparing absolute timescales of biomolecular dynamics between 
experiment and simulation usually requires atomistic molecular 
dynamics simulations, including an explicit representation of the sol-
vent. Atomistic detail helps account for all internal degrees of freedom, 

Glossary

Bayesian nonparametrics
A type of statistical models and 
methods characterized by large 
parameter spaces, such as unknown 
numbers of microstates and their 
connectivity, and by the construction of 
probability measures over these spaces.

Chemical kinetics
Description of the time dependence 
of the interconversion between 
thermodynamic states and microstates 
of a system in terms of rates.

Coarse-grained
In modelling complex systems or in 
renormalization, coarse-graining refers 
to the procedure in which two or more 
microscopic entities are replaced with a 
single entity to reduce the complexity or 
resolution of the model.

Droplet microfluidics
A method to manipulate discrete, 
typically picolitre volumes of 
fluids in immiscible phases. For 
biomolecules, aqueous droplets in 
oil are commonly used.

Ensemble average
The mean value of some observables 
obtained from simultaneous 
measurements of all members of a 
statistical ensemble. Single-molecule 
spectroscopy overcomes ensemble 
averaging.

Fluorescence correlation 
spectroscopy
(FCS). Statistical analysis of 
fluctuations in fluorescence intensity 
or count rates via time correlation. 
FCS is a broadly applicable 
way of assessing biomolecular 
dynamics over a broad range of 
timescales.

Förster resonance energy 
transfer
(FRET). Non-radiative transfer of 
excitation energy between two 
molecular entities separated by 
distances considerably exceeding 
the sum of their van der Waals radii 
in the very weak dipole–dipole 
coupling limit.

Hydrodynamic focusing
A technique used in microfluidics, 
in which several fluid streams are 
combined in microfluidic channels 
to form a layer or jet that is so thin 
that it exchanges its solutes very 
rapidly with the neighbouring 
streams by diffusion.

Local density of optical states
Measures the availability of 
electromagnetic modes at a given 
point in space and governs the 
deexcitation of a quantum emitter.

Multiparameter fluorescence 
detection
Simultaneous acquisition of multiple 
fluorescence observables, such as 
wavelength, count rate, lifetime and 
anisotropy, as a function of time in 
a single measurement.

Nanosecond FCS
(ncFCS). Variant of FCS that enables 
dynamics in the submicrosecond range 
to be measured by using a Hanbury 
Brown and Twiss configuration of 
single-photon detectors.

Photon antibunching
Special distribution of time delays 
between photons that is characteristic 
for the emission of a single quantum 
emitter. Photon antibunching is detected 
as an anticorrelated component in 
fluorescence correlation spectroscopy 
on timescales comparable to the 
fluorescence lifetime.

Reaction coordinate
A quantity used to describe the progress 
of a reaction, often chosen to reflect a 
change in experimental signal. In the 
context of Förster resonance energy 
transfer experiments, the reaction 
coordinate would typically be related 
to an intramolecular or intermolecular 
distance change.

Reconfiguration times
Relaxation time of the correlation 
function of a point-to-point distance 
within a molecule, most commonly 
a polymer chain.

Simulation-based inference
Emerging family of methods that 
infer the model parameters when the 
likelihood is intractable by integrating 
simulations with machine learning.

Single-molecule 
spectroscopy
Methods that enable the physical 
properties of individual molecules 
to be measured.

Time average
The mean value of some observables 
obtained from measurements of an 
individual member of the ensemble 
as a function of time, for example, as 
a result of time binning. Single-molecule 
spectroscopy overcomes time 
averaging for processes that can be 
resolved with the time resolution of 
the specific measurement.

Transition paths
The successful reactant-to-product 
crossing of the free-energy barrier 
separating two free-energy minima. 
Transition paths are rare events with very 
short duration and thus challenging 
to resolve experimentally.
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enabling a faithful description of dissipative forces such as friction in 
terms of random collisions and interactions at the molecular level. 
Such simulations are now feasible up to the millisecond range, and 
the force fields have reached a level of accuracy that allows processes 
such as the folding of small proteins to be simulated in remarkable 
agreement with experimental data167,168. Even the routinely accessible 
microsecond range provides ample opportunity for comparisons with 
the rapid dynamics that can be measured with single-molecule FRET, 
including transition path times of protein folding169, polypeptide chain 
dynamics94 and biomolecular phase separation170, to name but a few.

To directly compare with the experimentally observed statistics 
of photon emission, simulations must include the FRET dyes explic-
itly171. A Monte Carlo scheme based on the distance between donor and 
acceptor, their relative orientation at every time step and the known 
photophysics of the FRET process can then be used172,173. Note that a 
faithful representation of the interactions of the fluorophores with 
the biomolecule usually requires the dedicated optimization of force 
field parameters, for example, by direct comparison with time-resolved 
fluorescence anisotropy measurements174–176. Figure 3b shows a recent 
example of combining single-molecule spectroscopy with molecular 
dynamics simulations: Nüesch et al.94 used plasmonic enhancement 
in ZMWs to increase the time resolution of nsFCS in the low nano
second range to measure the chain dynamics of short peptides (Fig. 2c). 
They compared the resulting correlation functions with microsecond 
molecular dynamics simulations of the system including fluorophores 
(Fig. 3b). The agreement between measured and simulated distance 
distributions and dynamics suggests that the accuracy of such simu-
lations has reached a stage where they enable a quantitative mecha-
nistic interpretation of single-molecule FRET experiments, including 
the influence of the fluorophores. Experimental benchmarking of 
simulations has in turn developed into an essential strategy for force 
field optimization174,177–180 and the reweighting of subtrajectories from 
extensive molecular dynamics simulations181,182.

Such simulations have thus become an important strategy 
for providing a physical model and a mechanistic interpretation 
of single-molecule FRET experiments. For many biomolecular sys-
tems, however, fully atomistic simulations are not feasible even 
with the world’s most powerful supercomputers, either because of 
the large size of the molecules or the long timescales of interest. In 
such situations, coarse-grained models, in which faster degrees of 
freedom are effectively integrated out, provide a valuable alterna-
tive183,184. In a popular type of model, several atoms are combined 
in a single bead; the bead sizes and chain connectivity are defined 
based on the known chemical structure; and non-covalent interac-
tions are described by combining Debye–Hückel-type electrostatics, 
Lennard–Jones-type short-range potentials and structure-based 
potentials62,185–187. The simulations are computationally much cheaper 
and thus allow the dynamics of even large biomolecular complexes to 
be sampled efficiently63,188,189; moreover, the simplicity of the model 
enables the optimization of the potential based on direct comparison 
with experimental data187,190,191, for instance, by globally adjusting the 
energy scale of the short-range interactions to match experimen-
tally observed transfer efficiencies62,188,192. Although this approach 
yields physically plausible conformational ensembles, the removal of 
molecular degrees of freedom and the softer interaction potentials 
compared with all-atom representations lead to lower frictional forces 
and reduced barrier heights, which distort the relative timescales of 
different dynamical processes193. Experimental and simulated dynam-
ics can be compared semi-quantitatively by the empirical rescaling of 

time192,194, but the development of more sophisticated approaches for 
coarse-grained biomolecular dynamics is an important direction of 
future research193.

Simulation-based inference195 is an exciting emerging combination 
of simulations and machine learning. As we have seen, various meth-
ods are available for simulating the behaviour of biomolecules and 
generating synthetic data, including photon emission, and comparing 
them directly with single-molecule FRET measurements. Ideally, this 
comparison should enable the parameters of the simulation model to 
be learnt based on a likelihood function. However, in contrast to simple 
Markov state models, the likelihood functions are often not tractable, 
because they are only implicitly encoded by the model and essentially 
correspond to an integral over all possible trajectories given a set of 
parameters. Recent developments in simulation-based inference may 
change this situation by incorporating surrogate models based on deep 
neural networks, active learning — the idea of continuously using the 
acquired knowledge to guide sampling — and the modification of 
the simulation code during the inference workflow195. First applica-
tions to single-molecule data are the simulation-based inference of 
molecular potentials from force spectroscopy196 and the classification 
of diffusive trajectories of protein molecules in neurons197. Applying 
these ideas to more complex molecular simulation models may soon be 
within reach, which could have a profound impact on how we establish 
detailed models of biomolecular dynamics based on single-molecule 
FRET and other experiments.

Conclusions and outlook
Single-molecule FRET now has a firm place in the repertoire of biological 
physics, but even after almost 30 years since its inception16, the method 
continues to enable new developments and synergies. These develop-
ments have enabled us to probe the nanoscale motions of biomolecules 
across a vast range of timescales, from nanoseconds to hours or even 
days. Advances in nanophotonics have started to facilitate access to the 
nanosecond range and may soon enable us to resolve even rapid rare 
events, such as transition paths across free-energy barriers. A growing 
tool box of physics-based techniques allows us to extend biophysical 
investigations to processes out of equilibrium. Impressive advances 
in data analysis techniques enable an increasingly rigorous and com-
plete interpretation of multiparameter fluorescence data. Molecular 
simulations have been reaching the level of accuracy required for 
predictive power, and the increasing overlap between the timescales 
of simulations and experiment provides the exciting opportunity of 
direct comparison between the two. Finally, recent breakthroughs in 
deep learning are likely to yield unexpected new analysis techniques 
and novel ways of linking simulation and experiment.

In this Review, we have only been able to touch on some of the 
exciting research directions that are currently being taken, but 
many other promising recent advances would be worth mentioning. 
Among these are combinations of FRET with powerful complemen-
tary techniques, such as optical or magnetic tweezers for monitoring 
forces49,198 and FRET on single molecules simultaneously199; anti-
Brownian electrokinetic trapping for observing individual molecules 
for minutes without surface-tethering200,201; techniques for high-
pressure studies202,203; new detector technologies such as SPAD204 
and nanowire arrays for multifocal detection; the integration of fluo-
rescence detection with interferometric scattering205; temperature-
cycle microscopy, in which the sample is switched between the solid 
and liquid state by laser temperature jumps and rapid freezing on 
the microsecond timescale206; innovative strategies for increasing 
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the fluorescence detection efficiency from single molecules, such 
as optofluidic antennas207; the combination of FRET with optical 
super-resolution techniques208; and approaches that enable single-
molecule FRET inside live cells28,209. Clever data analysis methods 
also continue to be advanced, such as the powerful extension of burst 
variance analysis to a time-resolved variant for probing microsecond 
and millisecond dynamics210; the quantitative analysis of steady-state 
kinetics far from equilibrium211; the detection of non-Markov dynamics 
based on information theory212; or the systematic and global analysis 
of transfer efficiencies, fluorescence lifetimes, photon distribution 
analysis and correlation functions213,214.

Achieving the goal of understanding biomolecular dynamics will 
of course also benefit from single-molecule approaches other than 
FRET215. Examples are the use of processes that affect the fluorescence 
signal but are unrelated to Förster transfer, such as changes in quantum 
yield when certain fluorophores interact with the surface of a biomol-
ecule (termed protein-induced216 or photoisomerization-related fluo-
rescence enhancement217). Fluorescence quenching by photoinduced 
electron transfer, which requires van der Waals contact between two 
chromophores, can be used to probe short-range dynamics218,219. 
Another exciting opportunity is the use of complementary methods 
that enable distance measurements at the nanometre scale, such as 
cryogenic localization microscopy220 or MINFLUX221. Finally, there is a 
broad range of elegant single-molecule force spectroscopy methods 
to probe the mechanical properties of individual biomolecules49,198. 
In summary, there is ample opportunity for using experimental and 
theoretical physics to advance our capabilities of probing the behav-
iour and function of biomolecules at the single-molecule level. These 
advances will not only allow us to understand molecular dynamics 
in increasingly complex biological systems and environments but 
also hold great promise for extending the scope of single-molecule 
techniques to other areas of soft-matter physics, such as synthetic 
polymers and colloids222.

Published online: 12 September 2024
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