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Sujeong-gu, Seongnam-si, Gyeonggi-do, Korea
(Dated: September 9, 2026)

Object identification is central to modern sensing, widely employed in autonomous systems and
industrial inspection. However, conventional approaches rely on image formation followed by com-
putational inference, requiring many photons to suppress shot noise and introducing readout and
computational latencies. These limitations arise because direct position-basis measurement is not
optimized for discriminating object-encoded states. Here, we demonstrate single-photon object
identification without imaging by implementing quantum state discrimination in a high-dimensional
spatial Hilbert space. By applying a task-optimized unitary transformation prior to wavefunc-
tion collapse, we transform spatially overlapping object-encoded wavefields into spatially separated
states. Thus, the measurement basis is engineered so that the collapse of the single-photon state di-
rectly specifies the object label. Numerically, our method achieves 90.2% identification accuracy for
nine objects, surpassing the 31.9% classical limit obtained from maximum-likelihood single-photon
intensity imaging. Experimentally, the framework achieves 71.0% conditional identification accuracy
under attenuated coherent illumination with camera detection, and is further demonstrated with
heralded single photons using only 36 detection channels. Our framework establishes a quantum-
measurement approach to information-efficient sensing that connects quantum state discrimination
with computational optics, providing a route toward low-photon and ultrafast object identification.

Object identification constitutes a foundational
component of modern science and technology, with
critical applications spanning autonomous systems,
medical imaging, and industrial inspection [II, [2].
Typical approaches rely on acquiring high-resolution
images through the integration of intensity signals
from a large number of photons, followed by compu-
tational analysis including deep learning approaches
[3]. This paradigm, however, is constrained by fun-
damental limits arising from the requirement for
high photon flux, which can make acquisition slow,
energy-intensive, and potentially damaging to sensi-
tive biological or material samples [4, [5]. These lim-
itations have motivated extensions of the imaging
paradigm to low-light object detection, but many
photons are still required to suppress shot noise
[6, [7]. Moreover, the image acquisition and sub-
sequent processing introduce readout and compu-
tational latencies, which hinder decision-making at
ultrafast timescales relevant for analyzing transient
phenomena.

Beyond efforts to extend imaging to lower light
levels, computational sensing has explored measure-
ments that selectively acquire task-relevant infor-
mation [8, [0]. A similar direction has emerged at
the quantum limit of imaging, where mode-resolved
measurements have been proposed for specific esti-
mation and discrimination problems [10, TI]. More
recently, quantum computational sensing has inter-
leaved sensing and quantum computing operations
to compute task-specific functions of physical signals

prior to measurement [12].

Despite these advances, the identification of phys-
ical objects through quantum measurement remains
less established. In quantum imaging and sens-
ing, optimized measurements have primarily ad-
dressed optical parameter estimation or source dis-
crimination rather than physical-object identifica-
tion [10, [M3HI5], while high-dimensional quantum
state discrimination has largely focused on spatial
states with predefined mode structures for informa-
tion encoding [16, [I7]. These developments leave
open whether a physical object can be identified di-
rectly by measuring the single-photon spatial state
modified through interaction with the object, with-
out intermediate image reconstruction.

Here, we realize single-photon object identifi-
cation without imaging by implementing quan-
tum state discrimination in the continuous high-
dimensional spatial Hilbert space of a single photon.
Our method applies a task-optimized unitary trans-
formation using a spatial light modulator (SLM),
transforming spatially overlapping object-encoded
wavefields into spatially separated states so that the
location of wavefunction collapse directly specifies
an object label. This framework establishes an al-
ternative sensing architecture in which recognition is
performed by discriminating non-orthogonal states
rather than reconstructing spatial images. Our
method surpasses the image-based measurement
limit [I8], theoretically improving the identification
accuracy from the conventional limit of 31.9% to



90.2%, and experimentally achieving an identifica-
tion accuracy of 71.0% conditioned on photon detec-
tion events. Beyond this proof-of-principle demon-
stration, the approach provides a general framework
for designing state-discrimination-based measure-
ments, enabling applications from low-damage pre-
cision metrology and quantum-inspired imaging to
intelligent optical recognition and quantum-secure
measurement systems [19].

RESULTS

A conventional imaging approach (Fig. la) at-
tempts to classify the object by integrating many
single-photon detection events into a spatial inten-
sity distribution I;(z) o [¢;(z)|? of the i-th object.
The corresponding projection onto the detector area
is described by

- /Q o) e, 1)

where € is the detector area. The resulting image is
processed by a computational algorithm for identifi-
cation. Since each photon contributes only a single
detection point, a large number of photons must be
accumulated to suppress shot noise and form a rec-
ognizable pattern. The imaging process also discards
the phase information encoded in the wavefield, lim-
iting the information extractable from each photon.

On the other hand, our method performs projec-
tive state discrimination using a spatial light mod-
ulator (SLM) and free-space propagation (Fig. 1b).
The object-dependent wavefield is transformed by a
pre-computed pattern and evolves toward a localized
region at the detector plane (Fig. 1c). Then, a single
detection event corresponding to a projective mea-
surement of the wavefield yields classification with-
out any additional computation. In this framework,
the photon propagates through the optical system
as a spatial wavefield, a superposition state that en-
codes the spatial features of the object, but behaves
as a discrete particle upon detection. The transfor-
mation coherently processes the spatial components
of this superposition in parallel, allowing informa-
tion distributed across the photon wavefunction to
contribute to a single classification outcome.

Figure 1d illustrates the role of the unitary trans-
formation from the perspective of projective mea-
surement. Without the transformation, the object-
dependent fields v;(x) produce overlapping intensity
distributions at the detector, whereas an optimized
transformation maps each wavefield predominantly
into a distinct detection region. The SLM, free-space

propagation, and detector therefore operate as a uni-
fied sensor complex implementing a state-resolving
measurement, with the overall transformation rep-
resented as U = UpropUSLM-

The corresponding measurement operator is given
by f[gj = fﬂj U't|x)(2|U dzx, where Q; is the detection
region associated with object j. For an intuitive in-
terpretation, when restricted to the object subspace
and assuming weak residual crosstalk, the measure-
ment response simplifies to

Cij = (WilT1Y |5) ~ €63, (2)

where €; denotes the detection efficiency associated
with object i. Equation [2| represents the effective
diagonalization of the measurement response within
the object subspace induced by the optimized trans-
formation.

The measurement basis can be further optimized
beyond the spatial constraints of a grid-based quasi-
basis (Fig. 1le). More generally, the detection re-
gions corresponding to each object need not be con-
fined to a fixed grid and can instead be optimized
jointly with the unitary transformation. The result-
ing irregular regions form an effective measurement
basis that enhances the separability of the object-
dependent intensity distributions, and this configu-
ration is referred to as the unrestricted-mode mea-
surement. Implementing such irregular detection re-
gions, however, is challenging with a limited number
of photodetectors. The restricted-mode measure-
ment is therefore implemented using a fixed detector
array comprising a few tens of channels, while the
unitary transformation and the assignment of detec-
tor channels to object classes are jointly optimized
within the spatial resolution provided by the array.

To realize the task-optimized unitary transfor-
mation U, we maximize the distinguishability of
the object-dependent wavefields using gradient de-
scent. For the unrestricted-mode measurement, the
objective function combines classification, mutual-
information, and energy-conservation terms over the
full detector-plane intensity distribution, whereas
the restricted-mode objective is based on the in-
dividual channel responses of the 6 x 6 detector
array, including terms for correct-class response,
competing-class separation, and assignment balanc-
ing (see Methods). For both measurement configu-
rations, stochastic translational shifts are applied to
improve robustness against object displacement.

The numerical validation employs a set of object
wavefields defined by binary intensity profiles and
distinct spatial phase distributions with spherical or
cylindrical curvatures (Fig. 2a). To quantify the
single-photon classification performance, we define
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FIG. 1. Schematics of single-photon object identification. a, Classical intensity-based object identification
method. Identification relies on post-processing the spatial intensity distribution accumulated from a large photon
flux. b, Quantum state discrimination based object identification method. A task-optimized unitary transformation
maps object-encoded wavefields into distinct modes. ¢, Each wavefield is focused to a specific location depending on
the object under a common unitary transformation. d, Comparison of detection modes without and with the unitary
transformation, illustrating enhanced spatial separation at the detector plane. e, Comparison of restricted-mode
measurement and unrestricted-mode measurement, illustrating the generalization from a grid-constrained effective
measurement basis to a spatially adaptive basis optimized for state separability.

the classification accuracy as the energy-weighted
detection ratio,

Zpixels(Mi ’ Ii7d)
Zpixels Ii,in

where I; 4 is the detector-plane intensity distribu-
tion for the i-th object, M; represents the optimized
spatial mask for the i-th object, and I, j, is the total
incident intensity on the SLM. The classification ac-
curacy, evaluated over simulated photon detection
events, is summarized by the confusion matrix in
Fig. 2b, confirming that the optimized transforma-
tion maps the spatially overlapping input states to
spatially distinct detection modes with high fidelity.

To quantify the performance of the proposed
framework, we calculate the classical upper bound
of single-photon identification accuracy using the
maximum-likelihood method [I8].  Given prior
knowledge of the intensity distributions, each pho-
ton position is sampled from the spatial probability
distribution of the candidate objects, and the pho-

(3)

=

ton is classified according to the object whose distri-
bution yields the highest probability for that posi-
tion. Repeating this sampling-and-classification pro-
cedure over independent single-photon events in a
Monte Carlo simulation yields the theoretical identi-
fication accuracy (see Methods), which reaches only
31.9% for the same objects, substantially below the
accuracy achieved by our approach.

To evaluate a near-optimal quantum bound,
we calculate the theoretical identification accuracy
given by a Pretty Good Measurement (PGM), a
standard framework in quantum information the-
ory for near-optimal state discrimination. For the
set of states |i¢;) with equal prior probabilities,
the PGM constructs measurement operators II; =
N(;Dljp‘l/2|zpi>(wi|p‘l/2, where Nop; denotes the
number of object classes and p = No_bﬁ > i) (il
represents the ensemble density operator. Apply-
ing the PGM to the simulated object states yields
a theoretical single-photon identification accuracy of
98.9%. Although the PGM approaches the optimal
quantum measurement, realizing the corresponding
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FIG. 2. Numerical validation of single-photon state discrimination. a, Object wavefields with spatial phase
distributions, where the phase is visualized as depth. b, Confusion matrix for the unrestricted-mode measurement
simulation. ¢, Optimized detection-region map at the detector plane for unrestricted-mode measurement. d, Confu-
sion matrix representing the classical upper bound derived from maximum-likelihood estimation. e, Confusion matrix
representing the near-optimal quantum bound calculated using the PGM. f, Scaling analysis of average classification
accuracy as a function of the spatial resolution of the SLM and detector.

measurement experimentally would require an arbi-
trary unitary operation over the full spatial Hilbert
space, which remains impractical [20]. Our imple-
mentation, limited to phase-only modulation and fi-
nite device resolution, consequently performs below
the PGM limit. Increasing the spatial resolution
of both the SLM and detector from 256 x 256 to
4096 x 4096 pixels nonetheless raises the average clas-
sification accuracy from 70.0% to 90.2% (Fig. 2f).
Since the maximum mutual information of a spatial
measurement grows logarithmically with the number
of independent modes [21], the classification fidelity
is physically constrained by the accessible spatial de-

grees of freedom [20), 22].

EXPERIMENTS

Experimental validation of the single-photon iden-
tification framework employs an optical setup com-
prising a collimated laser, a phase-only SLM, and a
camera detector (Fig. 3a). We first implement the

unrestricted-mode measurement using the same set
of objects as in the numerical simulation. In exper-
imental implementation, the propagation distance
between the SLM and the camera is set significantly
longer than in the numerical simulation. The con-
figuration reflects a practical constraint of reflective
SLM operation where a non-zero incident angle is
requisite to separate input and output beams, yet
the angle must remain minimal to suppress phase
distortion of the SLM [23]. Consequently, the op-
tical path extends to achieve sufficient spatial sep-
aration between the incident and modulated beams
within the small angle. Moreover, since the camera
covers only a subsection of the full area of the SLM,
the optimized detector map is cropped accordingly.

The constraints, the extended propagation and re-
duced detection area, limit the accessible spatial de-
grees of freedom in the Hilbert space. In addition,
extrinsic system-dependent losses such as the SLM
fill factor and the detector quantum efficiency cause
the absolute classification accuracy to become sys-
tem dependent. To remove the dependence on ex-
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FIG. 3. Experimental demonstration of single-photon object identification. a, Schematic of the experi-
mental setup. b, Optimized detection-region map for unrestricted-mode measurement under the system constraints.
c, Representative measured intensity distribution overlaid with the corresponding detection mask. d, Simulated
confusion matrix for unrestricted-mode measurement under the system constraints. e, Experimental confusion ma-
trix for unrestricted-mode measurement. f, Simulated confusion matrix for restricted-mode measurement using the
6 x 6 detector array. The inset shows the optimized detection-region map. g, Experimental confusion matrix for
restricted-mode measurement using idler-triggered single-photon detection.

trinsic losses, we introduce the conditional classifica-
tion accuracy, defined as the ratio of correctly iden-
tified detection events to the total detected events,
with normalization performed over detected events
instead of the incident field. Under the constraints,
the numerically achievable conditional accuracy for
the experimental configuration is limited to 75.6%
(Fig. 3d). Compared with the ideal configuration in
Fig. 2c, the optimized detection map becomes more
spatially clustered under the experimental geometry
(Fig. 3b).

Measured intensity distributions obtained under
attenuated coherent illumination demonstrate local-
ized wavefields within the optimized spatial regions
(Fig. 3c). Given the linearity of the optical system,
the normalized intensity distribution is equivalent
to the single-photon detection probability distribu-
tion. Despite these experimental constraints, the
experiment achieves an average accuracy of 71.0%
conditioned on photon detection, thereby isolating
discrimination performance from system-dependent
detection losses (Fig. 3e, see Methods). The value
closely aligns with the predicted accuracy, support-
ing the validity of the single-photon object identifi-
cation.

Because camera-based detection requires full-
frame readout, single-photon detector arrays can
support faster event-wise classification and, when

combined with high-speed readout electronics, pro-
vide a route toward nanosecond-scale recogni-
tion. To demonstrate this detection scheme at the
single-photon level, we implement the restricted-
mode measurement in a heralded-photon experiment
based on spontaneous parametric down-conversion
(SPDC) and a silicon photomultiplier (SiPM) array.

The detector plane is sampled using a 6 x 6 SiPM
array, and the SLM phase and the detection-region
map are jointly optimized. Numerical simulation us-
ing the geometry of the SiPM experiment and the
optimized detection-region map yields an average
identification accuracy of 65.5% (Fig. 3f). Despite
joint optimization, the restricted-mode measure-
ment remains less accurate than the unrestricted-
mode measurement because integration over the 6x6
detector channels removes fine-scale spatial infor-
mation available to the unrestricted-mode measure-
ment.

With idler-triggered acquisition, the restricted-
mode experiment achieves an average identification
accuracy of 41.4% (Fig. 3g). Although lower than
the simulated value of 65.5%, the correct-class re-
sponse remains the largest for every object class. Im-
portantly, the corresponding simulation shows that
94% of the optical energy incident on the SLM
reaches the active SiPM area, indicating that the
optimized measurement relies predominantly on spa-



tial redistribution of the single-photon wavefunction
rather than on directing a substantial fraction of the
photon probability outside the detector. The results
demonstrate that an optimized unitary transforma-
tion can map object-dependent single-photon wave-
fields onto distinct detection channels of a SiPM ar-
ray.

CONCLUSION

In this work, we formulate single-photon ob-
ject identification as quantum state discrimination
in a continuous spatial Hilbert space and demon-
strate that an SLM-programmed unitary transfor-
mation can map object-induced wavefunctions onto
spatially localized detection states. Our method
surpasses the classical single-photon limit and ap-
proaches the quantum discrimination bound as the
spatial resolution of the optical system increases.
The framework aligns with developments in quan-
tum computational sensing and optical neural archi-
tectures, while extending these approaches to states
directly encoded by physical objects rather than dig-
itally encoded patterns.

The framework can be scaled to support higher
accuracy and more complex discrimination tasks
within the single-photon regime through increased
spatial resolution and a larger accessible transforma-
tion space. Multilayer architectures, as explored in
diffractive deep neural networks [24], provide a natu-
ral route to enlarging this transformation space and
can be implemented through cascaded phase masks,
metasurface-based assemblies, or integrated multi-
plane modulators. Such architectures may extend
the framework to multi-object recognition, low-flux
metrology, and ultrafast classification using high-
speed single-photon detectors, potentially enabling
dynamic anomaly detection and transient analysis.
More fundamentally, the framework recasts object
recognition from a post-detection inference task into
a quantum measurement process, with the location
of wavefunction collapse directly specifying an ob-
ject label.

METHODS

Measurement model

The interaction of an initial single-photon state
lv) = [dzi(z)a’(2)|0) with an object of class i,
defined by a complex modulation O;(x), yields the
object-encoded state |¢;) = [ dx O;(z)(x)a’(2)|0).

The measurement apparatus, comprising the phase-
only SLM and free-space propagation, is modeled
as a unified unitary operator U = UpropUSLM.
The SLM imposes a phase modulation USLM =
explidsLm(Z)], and Uprop denotes the Fresnel propa-
gation operator. To classify the object as class j, we
define a detection region {2; on the detector plane.
The measurement corresponds to a projection onto
the subspace associated with this region, described
by the Positive Operator-Valued Measure (POVM)
element

ﬁgf:/Q Ut\z) (x| U da. (4)

J

The conditional probability of identifying class j
given an input object i is

P(jli) = (Wil 1Y [3hy), (5)

which constitutes the element Cj; of the confusion
matrix. The optimization of ¢srn(z) determines the
unitary U that maximizes the distinguishability of
the states [¢;) by mapping them into spatially dis-
joint regions €2;.

Upper bound on classical measurement

To quantify the upper bound of single-photon
identification accuracy of the image-based measure-
ment, we employ a maximum-likelihood estimator.
The probability of detecting a photon at position
x for object i is given by the normalized intensity
distribution P;(z) = I;i(z)/ [ I;(z")d2’. To accom-
modate spatial misalignment, the classifier utilizes
a spatially-averaged probability distribution P;(z),
derived by averaging intensity maps over the range
of possible shifts. We model the positional uncer-
tainty as a uniform probability distribution over a
spatial shift range A. Accordingly, the reference dis-
tribution is defined as P;(z) = £ f—AA/iz P;(z—6) dd,
which mitigates sensitivity to jitter and establishes
robustness against positional alignment errors.

As a result, the classification is performed by se-
lecting the class j that maximizes the likelihood of

the observed single-photon event z,

i = arg max Pj(z). (6)
J

The accuracy is numerically estimated via Monte
Carlo simulation with T trials. In each trial, a posi-
tion z is sampled from the intensity distribution of
object i subject to a random spatial shift. And the



confusion matrix element Cj; is estimated by aver-
aging the outcomes over T trials performed for the
true object 1,

Lz
Cij = T Z‘Sim" (7)
=1

where ¢ is the Kronecker delta, and 7, is the pre-
dicted label in the ¢-th trial. C;; represents the prob-
ability that object ¢ is identified as object j.

Pretty Good Measurement

Optimal quantum state discrimination seeks a
POVM that achieves the Helstrom limit, which rep-
resents the maximum attainable success probability
for distinguishing non-orthogonal quantum states.
However, identifying the exact Helstrom measure-
ment is impractical in high-dimensional Hilbert
spaces, and the Pretty Good Measurement (PGM) is
widely adopted as a practical alternative. For an en-
semble of object-encoded states |1);) with prior prob-
abilities p;, the PGM consists of POVM elements
defined as

I = pip= /2|y (|02, (8)

where p = >, pi|tr)(¥x| is the ensemble density
operator. The probability of classifying state i as
class j corresponds to the confusion-matrix element
Cij, caleulated as Cyj = Tr(TL;|1;) (1))

Direct computation of p~ in the high-
dimensional continuous spatial Hilbert space is nu-
merically inaccessible. We therefore evaluate the
confusion matrix within the N,p;-dimensional sub-
space spanned by the non-orthogonal object states.
We define the overlap matrix S;; = (¢;]¢;) and
the weighted Gram matrix G = diag(,/p)Sdiag(,/p).
The transition amplitude matrix M, which satisfies
Ci; = |M;;|?, is derived via the pseudo-inverse of the
density operator as

M = S - diag(y/p) - G~V/2. (9)

The formulation confines the calculation to Nop; X
Nobj matrix operations, enabling the efficient deter-
mination of the quantum identification bound.

Detalils of experimental setup

The experimental apparatus is constrained by the
physical geometry of the reflective SLM, which re-
quires a non-zero incident angle to separate input

and output beams. Consequently, the propagation
distance is extended to suppress phase errors, and
the detector area covers only approximately 32% of
the total SLM active area. In the experiment, the
target label map for the unrestricted-mode measure-
ment is computationally cropped to match these di-
mensions.

The optical setup utilizes a coherent light source
operating at a wavelength of 638 nm. Active wave-
front modulation is performed by a phase-only SLM
featuring a resolution of 1024 x 1024 pixels with a
pixel pitch of 17.4 pum. The propagation distances
are configured such that the distance from the ob-
ject to the SLM is 125 mm, while the distance from
the SLM to the detector plane is set to 927 mm.

To quantify performance under these constraints,
we evaluate the conditional classification accuracy
using the binary target mask M; and the detected
intensity distribution I; 4 for object ¢. We define the
conditional classification accuracy as the ratio of cor-
rectly classified energy to the total energy detected
over the entire detector region, given by

n o 1 Z Zpixels(Mi : Ii,d)
con — .
Nobj i Zpixcls Ii,d

(10)
The conditional classification accuracy serves as the
primary benchmark for the experimental results.
Note that we adopt a detected-energy normaliza-
tion for the experimental accuracy, contrasting with
the input-energy normalization used in simulations.
This approach isolates the state discrimination fi-
delity from system-dependent detection losses by
normalizing to the total detected count, thereby
defining a robust metric invariant to external fac-
tors such as SLM fill factor, optical loss, and detec-
tor quantum efficiency.

For the SPDC-SiPM experiment, degenerate sig-
nal and idler photon pairs near 810 nm are gener-
ated by type-II SPDC and separated by a polariz-
ing beamsplitter. Detection of the idler photons by
a single-photon counting module provides the trig-
ger for SiPM acquisition of the signal photons. The
signal photons propagate through a polarization-
maintaining fiber and illuminate the same set of nine
amplitude—phase object pairs and phase-only SLM
used in the camera-based experiment. The distances
from the amplitude object to the phase object, from
the phase object to the SLM, and from the SLM to
the SiPM detector are 10, 150, and 800 mm, respec-
tively.

The transformed photons are detected using an
8 x 8 SiPM array. Because the aperture of the band-
pass filter limits the illuminated detector area, only



the central 6 x 6 channels are used for analysis. The
coincidence peak is measured independently for each
channel, and photon-detection events are selected
using a channel-specific 2-ns window. For each ob-
ject, idler-triggered events are accumulated for 180 s.
The channel counts are summed over the detector
channels assigned to each output class and normal-
ized over the nine classes to construct the experi-
mental confusion matrix.

Loss function of phase optimization

We optimize the unitary transformation U using
gradient descent under two distinct measurement
configurations, restricted-mode measurement and
unrestricted-mode measurement. In both modes, to
ensure robustness against spatial misalignment, the
optimization routine incorporates stochastic trans-
lational augmentation. At each iteration, a random
spatial shift ¢ is sampled from the uniform distri-
bution over [-A/2,A/2] and applied to the input
wavefield.

In the restricted-mode measurement, the detector-
plane intensity is sampled by the central 6 x 6
detector channels. Because an objective defined
over the full detector-plane intensity distribution
need not track the winner-take-all decision applied
to these 36 channel responses, we use a differen-
tiable approximation of the channel-wise decision
rule. Let R,(r) = I,(r)/ED denote the incident-
energy-normalized response of channel r for object
class n. Its soft assignment to output class k and
the resulting response matrix are

Rl
%) = SR ) e

(11)

where 7 > 0 is the assignment temperature and ¢
is a small numerical constant. As 7 — 0, gx(r) ap-
proaches the hard winner-take-all assignment. We
minimize

Lrestricted = Hﬁdiag + /\Emargin + pLloce + VLworsts
(12)

where k, A, u, and v are hyperparameters, with
1 ~
Laiag = N Z log(Chn +€),

obj n

‘Cmargin

= Nibj ; [max(O,Mn +m — dm)r ,

M,, = maxC,
n pry nk

2
1 1 1
L"occ:i o0 r)— )
e (-5

k reQ )

Lworst = Il(nEZWK [max (O, Tw — ém)] ’

(13)
Here, 2 denotes the active detector channels, m is
the required margin, 7, is the target response, and
Wp indexes the K largest class-wise shortfalls. The
four terms respectively increase the correct-class re-
sponse, separate it from the strongest competing re-
sponse, prevent assignment collapse, and penalize
the worst-performing classes.

In the unrestricted-mode measurement, both the
SLM phase pattern and the effective detection basis
are jointly optimized. We employ a composite loss
function Lunrestricted = @Lc + BLy + vLE, where
«, 3,7 are hyperparameters. To enhance separa-
bility among the detector-plane intensity distribu-
tions, we utilize a cross-entropy loss based on their
spatial intensity overlap, so-called classification loss
(Lc). Defining the detector-plane state vector as
|¢i) = >, V1i(x)/E;|x), the intensity overlap be-
tween classes ¢ and j is defined as S;; = (¢:|¢;) =
> VIi(@)I;(x)/\/E;E;. Note that I;(x) denotes
the intensity distribution at the detector plane, while
FE; represents the total energy incident on the SLM.
Finally, the classification loss is defined as

Lo = —log (%) ’ (14)

where y denotes the true object label. The formula-
tion maximizes the self-overlap S, while minimizing
cross-correlations.

Simultaneously, we maximize the spatial distin-
guishability provided by the detection coordinate x
by minimizing the weighted mutual-information loss
(Lar). Let Q;(z) = I;(x)/ Lot (x) be the conditional
probability that a photon detected at position x orig-
inates from object class i, where Iioi(x) = >, Ir(x)
is the total intensity profile. The loss is given by the
spatially weighted conditional entropy

_ = e lio(®) 32 Qi(w) log Qi)
>0 Trot () ’

L (15)



which reduces the uncertainty of the object identity
given a detection event at x, thereby encouraging
the formation of spatially distinct detection modes.
Finally, to penalize optical losses and enforce unitar-
ity within the limited numerical aperture, we include
an energy conservation loss (Lg), defined as

Lp=) <1 — E;) , (16)

i

where Ed°t = 3" I;(z) is the total energy detected
at the detector plane.

To verify the need for configuration-specific ob-
jectives, we exchanged the two loss functions while
holding the experimental geometry and all other
simulation and optimization parameters fixed. In
the restricted-mode configuration, using the phase
pattern optimized with Lunrestrictea reduced classifi-
cation accuracy by 7.7%. In the unrestricted-mode
configuration, using the phase pattern optimized
with Liestrictea Teduced accuracy by 13.3%. The re-
sults therefore justify adapting the loss function to
the measurement configuration during phase opti-
mization.

Theoretical identification accuracy

The identification accuracy is fundamentally
bounded by the information capacity of the mea-
surement apparatus, expressed as the mutual infor-
mation between the object-encoded wavefront and
the detected intensity distribution [22]. The infor-
mation capacity is governed by two physical con-
straints: spatial resolution and propagation dis-
tance. First, the maximum extractable information
scales logarithmically with the number of indepen-
dent spatial modes; thus, higher resolution or larger
active areas increase the achievable accuracy limit
[21] (Fig.[SI}H). Second, the propagation distance z
determines the discriminative power of the unitary
transformation. At short distances, phase modula-
tions introduced by the SLM do not generate dis-
tinguishable intensity patterns because the limited
diffraction angles restrict their conversion into mea-
surable spatial variations [25]. Conversely, excessive
propagation suppresses high-spatial-frequency com-
ponents, leading to flattened intensity distributions
that reduce extractable information [26]. Conse-
quently, the system’s accuracy follows the distance-
dependent variation of mutual information, serv-
ing as a physical upper bound for the measurement

20, 22] (Fig. [STk).
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