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Learning from learning algorithms: Application to attosecond dynamics
of high-harmonic generation
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Using experiment and modeling, we show that the data set generated when a learning algorithm is used to
optimize a quantum system can help to uncover the physics behind the process being optimized. In particular,
by optimizing the process of high-harmonic generation using shaped light pulses, we generate a large data set
and analyze its statistical behavior. This behavior is then compared with theoretical predictions, verifying our
understanding of the attosecond dynamics of high-harmonic generation and uncovering an anomalous region of
parameter space.
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Experiments that study the dynamics of quantum systemsccomplish coherent control over a quantum system to ob-
such as optical studies of atomic and molecular dynamicgain a desirable outcom{@—12], as well as provide informa-
often employ a “pump-probe” configuration where a pumption about the quantum system itself. In past work, we dem-
pulse perturbs a system, and a probe pulse at varying timgnstrated the power of learning algorithms to selectively
delay probes its evolutiofil]. However, this technique cor- optimize the generation of coherent extreme-ultraviolet light
responds to a Slmpllfled case of the more-general “StimuliUSing high_harmonic generatiQHHG) [2] By adjusting the
response” experiment, where by observing the dynamical reyhase of the laser field guided by a learning algorithm, we
sponse of a system to varying stimulus, one can comparganipulated and optimized the quantum interferences that
experiment with hypothesis. Often, in the case where theccur during the HHG process to achieve selective optimi-
physics of a system is relatively simple, a pump-probe exzation of asingle harmonic order. A comparison of theory
periment can provide the most-readily interpretable datawith experiment was used to identify the mechanism behind
However, pump-probe experiments can be difficult to interthe optimization: an optimally shaped light pulse allowed the
pret in the case of a complex quantum system, where the fufhase of the radiating electron wave function to be adjusted
dynamics are not already understood. Therefore devisingn 10—20 attosecond time scales to selectively optimize a
new approaches to uncover and understand the dynamics §hgle harmonic ordef13,14. Both the optimization result
quantum systems is very important, in particular in the cas@self that allowed selective maximization of a particular har-
of complex chemical and biological systems. Another aregnonic, as well as the mechanism behind the optimization,
that requires a more sophisticated approach is the emergifgere not anticipated in advance of the experiment. Therefore
field of “attosecond science” where subfemtosecond electrofew approaches that allow further validation of theoretical

dynamics in atoms and molecules are observed. In this aregyodels used in optimal control experiments are highly desir-
experimental constraints limit the applicability of a straight- gpJe.
forward “pump-probe” experiment, and instead experiments | this work we show that by analyzing the statistical
infer various light source properties and electronic dynamicspehavior of the trial solutions generated during the process of
using various comparisons of experimental observations Withtimizing high-harmonic generation, we can independently
theoretical model$2-5]. corroborate the mechanism behind the optimization, as well
The more general case of a stimulus-response experimegt uncover interesting behavior for a quantum system. The
was discussed by Rabif8] for the case of optically probed |earning algorithm finds and probes an interesting, unex-
quantum(i.e., atomic, molecular, or electronisystems. He  pected, and previously unobserved region of parameter space
suggested that the use of “learning algorithms” could botRyhere a single harmonic order is selectively optimized, and
where the chirps of adjacent harmonics have opposite sign.
All previous work demonstrated adjacent harmonic orders to
*FAX: (303) 492-5235. have similar chirpg15,1§. This anomalous chirp behavior
Electronic address: murnane@jila.colorado.edu found by the learning algorithm leads to an observed anticor-
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relation in intensity between adjacent harmonic orders that Generation

can be used to validate theory through a statistical analysis o 0 30 100
the data set. More generally, our analyfl¥] and recent
parallel work on other systenjd8,19 show that the entire -2
data set acquired during an optimization process is useful fol §
understanding the physical system under investigation. In &g
learning algorithm experiment, the algorithm iteratively per-
forms thousands of experiments and observes the results ¢
each. Thus in the process of training the experimental appa
ratus to optimize a quantum process we acquire a great des.
of information about the dynamics of the quantum system.
An analysis of the optimization pathway itself thus serves to
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in the case of nonperturbative, high-field phenomena that are
not well understood.

| HHG is a co?e're'n:, nonllnear,hoptlcalfprocess'. In HH|G’ a FG. 1. (a) Peak brightness of the 25th, 27th, and 29th, harmonic
arge number of visible-energy photons from an intense aS€ ders from an experiment to selectively optimize the 27th order. A

puls_e are_combined into a Singlg high-energy _phot_on. Th%orrelation map of the 25th and 29th harmonic orders for the first
semiclassical theory of HHG considers an atom irradiated b¥b), second(c), and third (d) fractions of the learning algorithm

an intense, ultrashort light pulse. At intensities approachingyperiment.
10" W cm™?, the optical field is sufficiently strong that the
Coulomb barrier binding the outermost electron to the atonalgorithm fitness function,f=1-(bys+b,g)/2b,, is con-
is suppressed. Electrons can then tunnel through the barriestructed to selectively optimize the 27th harmonic, increas-
leading to field ionization of the atom. This process occurdng the intensity contrast between the 27th and the neighbor-
twice per optical cycle as the optical field strength peaksing harmonic orders. Herg, is the brightness of théth
Once ionized, the electrons oscillate in the light field andharmonic. The correlation between the intensities of the 25th
some fraction of the ionized electrons recollide with the par-and 29th harmonic orders is plotted in Figeh)+1(d) for the
ent ion and recombine with it, releasing their kinetic energyfirst, second, and third fractions of the data set. InitidFyg.
as a high-energy photon. The shape of the driving laser pulsghb)] the pulse shapes that correspond to the trial population
determines the trajectory of the electron as it oscillates in thare random. However, after a few iterations there exists a
laser field, and hence the quantum phase accumulated duripgpulation of shapes that largelgo generate a high-
its trajectory, as well as the interferences that occur betweeharmonic spectrum. Furthermore, the initial pulse shapes
different adjacent electron trajectories. This quantum phasgenerally do not selectively enhance a particular harmonic
in turn determines the harmonic phase and ultimately therder in comparison with the relative harmonic magnitudes
spectrum of the generated high-harmonic radiation. obtained from a transform-limited pulse. In this early stage,
In our experiment, mJ-energy pulses from a 1-kHzthe intensity of all harmonic orders fluctuates together; i.e.,
repetition-rate laser systeff20] were focused into a 175 the intensities are correllated. However, by the end of the
-um-diameter argon-filled hollow waveguide. This creates eoptimization procesgFig. 1(d)], the intensity of the 27th
phase-matched comb of harmonics containing the 23rd—31starmonic has been enhanced, and the intensities of the 25th
orders[21]. The waveguide geometry creates an extende@nd 29th harmonics are strongiyticorrelated
region of high laser intensity and long coherence length to We can quantify this relationship by using Spearman’s
efficiently generate the high-harmonic radiation, which is ob-rho—a correlation function that enumerates correlated trends
served using a spectrometer—x-ray charge-coupled devida pairwise data[23]. If both monotonically increase, the
camera system. A deformable mirror pulse shg@@t and  correlation is 1, while if one increases and the other de-
an evolutionary strategy algorithm were then used to selecreases, the value is (&nticorrelated cageThe value of
tively optimize the 27th harmonic, while simultaneously sup-Spearmann’s rho for the first four iterations of the learning
pressing the 25th and 29th orders. The optimum pulse shapdgorithm is +0.80 and +0.54 for the first six generations,
is found after about 100 iterations of the learning algorithm,indicating the neighboring harmonic orders exhibit a strong
each of which consists of about 100 trials. positive correlation. This positive correlation between the
Although the learning process is fundamentally “trial andneighboring harmonic orders indicates that the brightness of
error,” this does not mean that the pathway the learning alboth of the neighboring harmonic orders either increase or
gorithm takes toward optimization is a random one. In pardecrease in response to pulse shape perturbations. However,
ticular, there are very significant changes in the statisticahs the algorithm progresses, it begins to find pulse shapes
behavior of the “optimum” solution as the optimization pro- that exhibit the desired harmonic-order selectivity, and this is
ceeds, reflecting the guidance provided by the learning algaalso accompanied by changes in the statistical correlations of
rithm. Figure 1a) shows the peak intensity of the 25th, 27th, the HHG spectra, in which the 25th and 29th order harmon-
and 29th harmonic orders for the optimal pulse shape fronics become anticorrelated. This indicates that the learning
each iteration of the learning algorithm, where the learningalgorithm has found a different region of parameter space for
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FIG. 2. (a) Correlation of the 25th and 29th experimental har- Time (fundamental field optical cycles)
monic brightness as a moving windo@@5 generations wideis
scanned along algorithm generatigtr&angles and the correspond- FIG. 3. Physical mechanism behind the anticorrelated intensity

ing average fitness valugoints. (b) Correlations plotted vs the pehavior observed for neighboring harmonic orders with small
average fitness value for the data(&), where the color is graded pyse shape perturbations about the optimal pulse shape for selec-
from dark to light for high to low confidence in the correlation e optimization of the 27th order. Black points: calculated distri-
result. bution of the harmonic emission phases for each recollision event
for an optimal pulse shape that can select a single harmonic order.
In this case, the target harmonic order phases are well aligned
a(?naximum harmonic intensiyywhile neighboring orders have op-
posite signs of curvaturgielding lower intensity harmonigsGray

driving HHG. We can observe this transition by calculating
Spearmann’s rho for a moving window across the data set
shown in Fig. 2a) (triangley; note that the window width of
15 was chosen FO maximize the average C_or]fldence Of,th oints: a slight perturbation in the laser pulse shape has little effect
statistical analys_|$most of the statistics e_xhlblted a confi- oo ihe target harmonic. However, the higli8th) harmonic order
dence of>90% in the calculated correlation vajuacross  gmission from each recollision event becomes more in phase, which
the data set. After only-ten generations, the data become i jead to an increase in intensity, while the lower harmonic order
anticorrelated. This anticorrelation is accompanied by an ing2sth will decrease in intensity. This will result in an anticorrela-
crease in the fitnesfFig. Za), pointg, indicating that the tion in the brightness of neighboring harmonic intensities in re-
harmonic selectivity is associated with the anticorrelated besponse to pulse shape perturbations around the optimal pulse shape.
havior. This relationship between the correlation and fithess
is better elucidated by plotting their relationship, as shown ircycles that contribute to the harmonic. This increases the
Fig. 2b), where the color is graded from dark to light for intensity of the 27th order. On the other hand, simulations
high to low confidence in the correlation result. We see aalso predict that for the same optimized pulse shape, the
steady change in the correlation from positive to negativeadjacent 25th and 29th harmonic orders are generated with a
values that coincides with an increasing fithess value. phase variation of hundreds of attoseconds and eptosite

The discussion above shows that as the learning algorithrohirp. These calculations are shown in FiglbBack points.
finds pulses that preferentially enhance the 27th harmonic, The ability to enhance HHG using shaped light pulses via
the intensity fluctuations of the 25th and 29th harmonic or-lAPM is consistent with our understanding of the physics of
ders due to perturbations of the trial pulse shapes becomdHG. During the leading edge of a transform-limited laser
anticorrelated The algorithm was very effective at increas- pulse, the increasing laser intensity leads to the generation of
ing the intensity of the 27th harmonic by nearly an order ofharmonics with increasing values of negative chirp, as a re-
magnitude, by means of a process we have termed intrasult of the intensity-dependent phase acquired by the propa-
atomic phase matching APM), described elsewhergl4]. gating electror{15,14. This chirp can be partially compen-
As explained above, the HHG emission phase is determinesited for by adjusting the chirp of the laser. However, only
by the quantum phase that the electron wave packet accumby finding a nonlinearly chirped laser pulse using the learn-
lates during its free trajectory in the laser field, and dependig algorithm can a relatively flat harmonic phase and sig-
on the integral history of the amplitude and phase over thaificant enhancements of the harmonic intensity be obtained
fraction of the driving laser pulse when the electron is free[2,13,14. Moreover, because the harmonic phase increases
Thus, by controlling the laser pulse shape with sub-opticalslightly from harmonic to harmonic, the optimal laser pulse
cycle sensitivity, we control the recollision times of the elec-can achieve selective optimization of a single harmonic or-
tron wave function during different half cycles of the laserder. Finally, since the harmonic chirp varies monotonically
pulse. This controls the phase of the harmonic emission fromwith increasing harmonic order, if one harmonic is optimized
each half cycle. A properly sculpted driving pulse will ensurefor flat phase, then adjacent harmonics will have opposite
that the 27th-harmonic radiation generated in each half-cyclehirps. As a result, small variations in laser pulse cliap a
of the driving field interferes constructively for theten half ~ result of small variations in laser phase about the optimal
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pulse shape to select a single harmonic ordan lead to an Population Member
anticorrelated intensity behavior for the adjacent harmonic 0|77 251100 200 300
orders. Thus the data of Figs. 1 and 2 further validate the
IAPM mechanism. )
The physical mechanism behind the anticorrelated behav:
ior for the adjacent harmonic orders is show in Fig. 3, which
shows the harmonic phases corresponding to the optima
pulse (black points as well as those corresponding to an
example perturbatioggray point3 about the optimal point.
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phase for the 25th order will move the timing of that recol- L0
lision event moren phase for the 29th order, and vice versa 25'™ Harmonic Brightness (arb. units)
as indicated in Fig. 8gray point3. Therefore, the intensities
of the 25th and 29th orders should be anticorrellated, for FIG. 4. (@) Peak brightness of the 25th, 27th, and 29th, harmonic
some small pulse shape perturbations about the optimal poiﬂfd,er? from a learning algorithm simu!ation designed to selectively
for selective enhancement of the 27th order. Thus a statisticgPtimize the 27th harmonic. A correlation map of the 25th and 29th
analysis of the data can validate the mechanism for optimir'2/monic orders for the firgb), secondc), and third(d) fractions
zation. This behavior was not known or predicted previously;Of the learning algorithm simulation.
but rather was discovered by the optimization process, both _ _ _ _
experimentally and theoretically, and validated by the statisdata set. The anticorrelated behavibrg. Xa), triangleg, is
tical behavior of the data. Previously, there was no mechagvident in the simulation as the optimization proceeds, and is
nism for selective optimization of a single harmonic order, oragain accompanied by an increase in the fitrfésg. Ya),
for imparting different phases and chirps on adjacent harPoints, indicating selectivity of harmonic orders occurs for
monic orders, or for observing anticorrelated intensity bePulse shapes that exhibit anticorrelated behavior. The rela-
havior. tionship between the correlation and fitness for the simulated
We also carried out numerical simulations of the learningdata is shown in Fig. (), where again the color is graded
experiment and performed identical statistics on the simufrom dark to light for high to low confidence in the correla-
lated data, in order to show that both experiment and theor}ion result. The agreement between the statistical behavior of
reproduce the same statistical behavior and to further valiexperiment and theory in Figs. 2 and 5 demonstrates the use
date the IAPM mechanism. Our numerical models for highof learning algorithms to uncover interesting and unexpected
harmonic generation are described elsewHdd. Figure dynamics in complex quantum systems. _
4(a) shows the calculated peak intensity of the 25th, 27th, When comparing experiment and theory from Fig)2
and 29th harmonic orders for each trial pulse shape from
each iteration of the learning algorithm simulation. The cor- Window Number
relation between the 25th and 29th harmonic orders from the 107 10 20

entire set of simulated data is plotted in Figgh)44(d) for o
the first, second, and third fractions of the data set. These§ g
data demonstrate that the statistical changes in the 25th ang o

29th harmonic intensities are similar to that observed experi-©
mentally. Note that because of the different number of theory v_Correlation
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ssom1,] 98eIoAy

=
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data points, different initial conditions, noise levels and mu- R

tation rates in the experiment and theory, the appearance ¢ O‘SM ' o é)
Figs. 1 and 4 are somewhat different. This is also expectecg | v = &
because the theoretical phases that are added to the pulse cE | o - -]
be more varied than the experimental values, because of thg g
imperfect nature of the pulseshaper that likely limits the © =
available pulse shapes to those with relatively low-order 10 . — j 10“’%

phase variations. This will lead to a more pronounced anti
correlation behavior for the experimental data, since many

high-order phase variations will not lead to flatter phase for G, 5. () Correlation of the 25th and 29th theoretical harmonic
One_hal’m(_)ﬂic and thus will not exhibit any anticorrelation in brightness as a moving window is scanned a|ong a|gorithm genera-
the intensities. tions (triangley and the corresponding average fitness value

Figure %a) shows the moving window Spearmann’s rho (points. (b) Correlations plotted vs the average fitness value for the
for the simulated data; note the window width of 100 wasdata in(a), where the color is graded from dark to light for high to
chosen to maximize the average confidence value across th@v confidence in the correlation result.

Average Fitness (arb. units)
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and %b), the dark data points should be used. These are thievels, mutation rates, and accessible pulse shapes are not the
data points for which there is a high degree of confidence isame for theory and experiment.

the correlation result. Experimentally in Fig(k?, the 25th In conclusion, this analysis represents a different demon-
and 29th harmonic orders start out slightly correlated, andyration of extracting the temporal dynamics of a high-field
become strongly anticorrelated. Theoretically in Figb)5 uantum process by studying the ensemble behavior of the

the 25th and 29th harmonic orders start out correlated, an . . ; . o
become anticorrelated. The difference between theory angopulatlons involved in a learning control optimization pro-
experiment at the start of the optimization can be explaine&edure' Analyses of thg complete data sets were .used to
by varying initial conditions, and small positive correlations StUdy the global behavior of the attosecond dynamics and

could be due to overall pulse duration and intensity fluctua€ontrol of free electron wave packets and to validate the
tions. At the end of the optimizatiafwhich can occur over a mechanism behind selective optimization of high-harmonic
different number of iterations for theory and experiment generation. Moreover, the learning control algorithm auto-
when the fitness is high indicating selective optimization, themates the study of the parameter space, and selects an inter-
25th and 29th harmonics show anticorrelated behavior foesting and useful region for investigation.

both theory and experiment for those poitdark) that have

a high degree of confidence in the correlation results. Thus The authors gratefully acknowledge support for this work
there is good agreement between theory and experimerffom the National Science Foundation and from the Chemi-
even in the detailed statistical behavior of the optimization.cal Sciences, Geosciences and Biosciences Division of the
One would not expect perfect agreement because the noieffice of Basic Energy Sciences, U.S. Department of Energy.
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