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Description	

The	Institute	of	Photonic	Sciences	(ICFO)	is	offering	a	postdoctoral	position	to	a	well-
qualified,	highly	motivated	and	dynamic	young	scientist	who	wishes	to	enhance	his/her	
scientific	career	in	a	friendly	and	stimulating	environment.		

The	successful	candidate	will	be	joining	the	Quantum	Optics	Theory	group	led	by	Prof.	
Dr.	 Maciej	 Lewenstein.	 The	 group	 has	 experience	 in	 quantum	 many	 body	 physics,	
quantum	optics,	classical	and	quantum	machine	learning.		

The	candidate	will	be	working	on	the	project	“Exploring	quantum	phases	of	matter	with	
quantum	simulators	and	machine	learning”,	which	is	led	by	Dr.	Alexandre	Dauphin	and	
funded	by	the	La	Caixa	foundation.	The	project	will	focus	on	(i)	studying	phases	of	matter	
with	quantum	simulators	and	machine	learning,	(ii)	quantum	machine	learning	on	Noisy	
Intermediate-Scale	Quantum	devices	and	quantum	simulators.		

Requirements	&	Conditions	

Candidates	 must	 hold	 an	 internationally-recognized	 Ph.D.-equivalent	 degree	 (or	
evidence	of	its	completion	in	the	nearest	future)	preferably	in	quantum	physics.	

The	candidate	should	have	a	proven	track	record	of	top	level	research	during	the	PhD	
studies.	 Positively	 valued	will	 be	 the	 experience	 in	 the	 points	 (i)	 and	 (ii)	mentioned	
above.	 Particularly	 desired	 is	 an	 experience	 in	 numerical	 methods	 and	 (quantum)	
machine	learning.	

ICFO	is	an	equal	opportunity	employer.	Candidates	are	selected	exclusively	on	merit	and	
potential	 on	 the	 basis	 of	 submitted	 application	 material.	 No	 restrictions	 related	 to	
disabilities,	citizenship	or	gender	apply	to	ICFO	positions.	ICFO	abides	by	the	principles	
of	openness,	efficiency,	transparency,	supportiveness,	and	international	comparability	
as	stated	in	the	European	Charter	for	Researchers	and	the	European	Code	of	Conduct	
for	the	Recruitment	of	Researchers.	

	

therefore a bulk property; although it has strong influences in
properties of systems where it arises, its detection in current
experimental architectures remains challenging.

In the following, we show that information on such topological
invariant is hidden in the subleading terms of the mean
displacement mh i, when the initial wavepacket is localized on a
single site. This extends a previous result showing that, in the same
conditions, the ballistic terms of higher moments of the walker’s
displacement feature discontinuities at topological phase transi-
tions46. Let us consider the evolution of a wavepacket c0j i initially
localized at site m! 0, and whose polarization is characterized
by the expectation values of the three Pauli matrices,
s! c0h jr c0j i! rh ic0

. The mean displacement of the wavepacket
after t timesteps is given by (see Supplementary Note 1 for details)
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The term in square brackets in equation (6) is proportional to
G?h ic0

, the projection of the initial polarization on a direction
orthogonal to vG, and contains a ballistic term L(t) (which grows
linearly with t) and a subleading part S(t).

The vector identifying the specific direction of G? in the plane
orthogonal to vG, and the explicit functional forms of L(t) and
S(t), are non-universal features that depend on the specific
protocol (or timeframe) and have no particular relevance for our
discussion. The second term in equation (6), which is weighted by
Gh ic0

(the projection of the initial polarization along vG), is the
subleading chiral term SG that may be written as (see
Supplementary Note 1 for details)
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In the limit t-N, SG becomes proportional to the Zak phase, as
the oscillatory correction quickly averages to zero (see Fig. 1c).

The above analysis shows that information on the Zak phase is
contained in the mean displacement of the walker, and it may be
extracted by fitting mh i at long times, isolating in turn the second
term of equation (6). A related result for the case of a non-
Hermitian QW initialized on a chiral eigenstate (that is, an initial

condition such that G?h ic0
!0) was demonstrated theoretically in

ref. 52 and verified experimentally in ref. 29. However, this
measurement would not be robust. Indeed, even if one prepared
the initial polarization in an eigenstate of the chiral operator G, so
that G?h ic0

! 0, disorder during the propagation of the beam
would introduce polarization components orthogonal to vG.
These would give rise to ballistic contributions, which in the
long-time limit would dramatically affect the result.

An alternative and more convenient approach consists in
measuring the mean chiral displacement

C"t# * Gm"t#h i!SG"t#; "8#
which quantifies the relative shift between the two projections of
the state onto the eigenstates of the chiral operator (see
Supplementary Note 1 for a concise derivation of this equality).
Importantly, the result contained in equation (8) is (i)
independent of the initial polarization and (ii) robust against
disorder. We probe the chiral displacement in our photonic
platform by performing a seven-step QW of the protocol
U!Q )W, as depicted in Fig. 1a. The chiral eigenstates
correspond to two specific orthogonal polarization states, which
depend explicitly on the protocol, and which we detect at the end
of the QW (see Methods section). In Fig. 1c, we report the
measured values of C for two different initial polarization states.
Experimental points closely follow the theory curve for seven time
steps (blue solid line), and no significant differences can be
observed between the two different initial states, proving that this
measurement is insensitive to the choice of the polarization of the
photons. For completeness, we also show results predicted for 33
steps, and the asymptotic long-time limit, which coincides with
the Zak phase (over 2p). We note here that, although both theory
and data oscillate, as few as seven steps are enough to have a clear
detection of the Zak phase.

Zak phase in a shifted timeframe. In static systems, bulk topo-
logical invariants such as the Zak phase or the Chern number are
uniquely defined by integrals over the whole Brillouin zone and
are in one-to-one correspondence with the presence of edge
states, thus providing a full classification in terms of the periodic
table of topological insulators30. The situation is very different in
periodically driven (Floquet) systems in D dimensions, where the
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Figure 1 | Zak phase detection through the mean chiral displacement. (a) Sketch of the setup implementing the protocol U!Q )W. A light beam, exiting
a single-mode fibre depicted on the left, performs a QW by propagating through a sequence of quarter-wave plates (purple disks) and q-plates (turquoise
disks). (b) The unit vector n(k) winds either 1 or 0 times around the chiral axis, as k traverses the whole Brillouin zone, depending on the value of the optical
retardation d. (c) Mean chiral displacement C after a 7-step QW of protocol U, versus the optical retardation d. Each datapoint is an average over 10

different measurements (error bars are the associated s.e.). Purple and red dots refer, respectively, to different input polarizations, Lj i and Lj i% Rj i" #=
###
2
p

.
The lines represent the function SG(t) given in equation (7), for different values of the time t. In the long-time limit, SG(t) converges to (a multiple of) the
Zak phase g of protocol U.
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FIG. 1. Schematic representation of our architecture. (a) Given a parametric Hamiltonian, we find the ground states of two different
distributions. For one of them—the source—we know the labels. For the other one—the target—we do not. A convolutional neural network
is used as a feature extractor. The final layer of the representation is fed into a domain and a label classifier to find the correct phase labeling
and to identify which domain the data comes from, respectively. The gradient reverse layer adds a negative constant to the back propagation of
the domain classifier, which makes the feature distributions of the two domains similar. (b) We send the unlabeled examples across the trained
feature extractor, and feed the high-dimensional representation to unsupervised learning methods to identify the phase transition.

distribution, we introduce the domain label di , which is di = 0
if xi is from our source distribution or di = 1 if xi is from
the target distribution. During the training of the DANN, we
feed the input x ! S " T into the feature extractor where it is
mapped to a high-dimensional feature vector f = Gf (x,!f ).

The feature extractor consists of convolutional neural net-
works, composed of many different filters. Compared to a fully
connected neural network, in a CNN, for each filter only a small
number of weights are trained, defining a receptive field that
is slid across the whole image.

After a convolutional layer, we apply a max-pooling layer
to further reduce the dimensionality of the input. This is
achieved by forwarding the maximum value of a fixed-sized
tiling window that scans the image.

Following a series of convolutional and pooling layers,
we obtain an abstract, high-level feature representation. The
feature vector f is fed into the label predictor Gy(f,!y) to
output the labels y and into the domain classifier Gd (f,!d ).
Since there are only labeled data for the source part of the input
x, the loss of the label predictor can only be calculated by the

source part of the feature vector f . The loss of the domain
classifiers can be calculated on the full input S " T .

To train the network we define the domain and classifier
losses Ld,Ly . As described in Ref. [35], the domain clas-
sifier loss is a regularization of the label predictor. There-
fore the training of the DANN optimizes E(!f ,!y,!d ) =
Ly(!f ,!y) # Ld (!f ,!d ) by finding the saddle point

(!f ,!y) = argmin
!f ,!y

E(!f ,!y,!d ), (1)

(!d ) = argmax
!d

E(!f ,!y,!d ). (2)

The update rule for the feature extractor therefore has the
form

!f $ !f # µ

!
"Ly

"!f

# "Ld

"!f

"
, (3)

which can be implemented via stochastic gradient descent and
the gradient reversal layer [35].
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Application	Process	

	
The	contract	is	offered	for	periods	of	one	year,	renewable	for	a	total	of	up	to	1	year.	

Suitable	candidates	are	requested	to	submit:	

• Presentation	letter	with	a	declaration	of	interest,	
• Curriculum	Vitae,	including	contact	details	
• The	contact	e-mail	of	two	potential	referees.		

	
Candidates	should	be	willing	to	be	contacted	by	phone	during	the	selection	process.	

http://jobs.icfo.es/?detail=539 

Candidates	may	contact	jobs@icfo.eu	for	informal	enquiries	regarding	the	application,	
as	well	as	address	scientific	enquiries	to	alexandre.dauphin@icfo.eu		

For	updated	information	about	ICFO,	please	visit	www.icfo.eu	

Deadline	
	
30th	of	November,	2020	
	


