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Abstract

Building on recent advances in thermodynamic computing and optical diffusion models,
we propose a generative modeling framework that implements diffusion as physical Langevin
relaxation in optical hardware, combining thermodynamic training principles with passive
optical sampling. Instead of implementing diffusion models as discrete denoising networks or
learned optical operators, we embed the generative process directly in a physical optical sys-
tem whose overdamped Langevin dynamics define sampling. Model parameters are trained
digitally by maximizing the likelihood of reverse-time trajectories, corresponding to minimiz-
ing expected entropy production. Once trained, generation occurs through passive optical
relaxation driven by intrinsic noise, enabling massively parallel, ultra-low-energy sampling.
We provide rigorous mathematical formulations connecting this approach to score-based dif-
fusion models, analyze energy efficiency using thermodynamic principles, and demonstrate
the theoretical feasibility on low-dimensional image data. Our approach could offer an
estimated 10-100x energy advantages over digital implementations while maintaining com-
parable sample quality, representing a synthesis of thermodynamic optimality and optical
continuous computing.

1 Introduction

Diffusion-based generative models have emerged as a dominant paradigm for high-quality sample
generation across vision, audio, and scientific domains [I1), 29, [6]. Their success stems from a
principled formulation: data generation is cast as the reversal of a stochastic diffusion process,
typically implemented via discretized Langevin dynamics guided by a learned score or denoising
function. Despite their conceptual elegance, diffusion models are computationally expensive,
requiring hundreds to thousands of sequential denoising steps executed on digital von Neumann
hardware.

This computational burden raises a fundamental question: to what extent are diffusion
models mismatched to the digital substrates on which they are currently implemented? Diffusion
and Langevin dynamics describe continuous-time stochastic relaxation processes, whereas digital
processors must simulate these dynamics through discrete, energy-intensive operations. This
mismatch motivates exploring alternative computing paradigms in which diffusion-like evolution
arises naturally from physical dynamics rather than numerical approximation.

Recent work has demonstrated two complementary approaches to physical diffusion imple-
mentation that inform our framework:

Thermodynamic Computing. Whitelam [31] introduced a thermodynamic computing frame-
work where generative modeling emerges from Langevin dynamics in parameterized energy land-
scapes. In this approach, training proceeds by maximizing the probability of reverse-time tra-
jectories, which minimizes entropy production and achieves theoretical energy efficiency gains
exceeding 10 x over digital hardware in simulation. Whitelam demonstrated feasibility on



MNIST digit generation, showing that physical systems governed by overdamped Langevin dy-
namics can learn to generate structured outputs from noise through natural time evolution.

Optical Diffusion Models. In parallel, Oguz et al. [19] experimentally demonstrated optical
diffusion using passive diffractive layers to predict noise terms, achieving 0.23 J/image energy
consumption and 23 kfps generation rates. Their approach uses learned optical operators that
implement denoising steps through free-space propagation, with a time-aware policy dividing
the diffusion timeline into M = 10 subsets to handle analog hardware constraints. Crucially,
they introduced an online learning algorithm that tracks experimental discrepancies through a
digital twin, solving calibration challenges inherent to optical implementations.

Our work synthesizes these two research directions into a unified generative framework
grounded in non-equilibrium thermodynamics and physical implementation. We adopt White-
lam’s reverse-trajectory likelihood to train model parameters by minimizing expected entropy
production, providing a principled thermodynamic objective. Generation is realized through
passive optical Langevin relaxation in a learned potential landscape Vy(x), where stochasticity
emerges naturally from shot noise and optical dissipation rather than from explicitly learned
denoising operators.

At the implementation level, we incorporate practical constraints highlighted by Oguz et al.,
including time-aware control via an M-subset strategy, calibration and drift handling through
adapted online learning, and realistic energy budgets. The framework is supported by rigorous
mathematical connections between Onsager—Machlup path probabilities, entropy production in
Langevin dynamics, score matching, Fokker—Planck equations, and fluctuation—dissipation rela-
tions, while drawing clear analogies to classical results in statistical mechanics such as Kramers
escape, thermodynamic diffusion, and non-equilibrium processes.

Our approach differs from prior work in several fundamental aspects:

Aspect Whitelam Oguz et al. This Work
Mechanism Langevin computer Optical denoising Optical Langevin
Training Digital (entropy min.) Digital + online Digital (entropy min.)
Inference Physical dynamics Passive optical Passive optical
Hardware General physical Experimental optical Proposed optical
Time embedding Trajectory-based M subsets M subsets

Energy (J/img)  ~ 1073 (sim.) 0.23 (measured) ~ 1072 (est.)

Table 1: Comparison of our approach with prior work on physical diffusion implementations.

The fundamental trade-off is control versus naturalness: Oguz et al.’s learned denoising
provides fine-grained control via trainable layers at each step, while our Langevin relaxation
provides thermodynamic optimality via natural physical evolution. We hypothesize that for
distributions with moderate complexity and well-separated modes, physical relaxation suffices
and achieves superior energy efficiency, while highly complex multi-modal distributions may
benefit from Oguz et al.’s approach.

Our framework contributes to the growing intersection of optical computing [26, 30, [7) [32]
and neuromorphic architectures [16, 24, 2]. Recent advances in photonic neural networks have
demonstrated that linear transformations can be performed with significant energy and through-
put advantages using interferometric networks |27, I8, 8]. Our work extends these developments
by showing how optical systems can naturally implement the stochastic dynamics required for
generative modeling, treating noise as a computational resource rather than a nuisance.

This work also connects to the broader vision of thermodynamic computing [4, [I5] and
energy-efficient computation grounded in non-equilibrium statistical mechanics |25, 21] 12]. By
embedding computation in physical relaxation processes, we aim to approach fundamental ther-
modynamic limits of energy efficiency.

The remainder of this paper is organized as follows: Section [2| provides necessary background



on diffusion models, thermodynamic computing, and optical implementation principles. Section
develops the theoretical framework, including rigorous derivations of the Onsager-Machlup ac-
tion, entropy production, and connections to score-based models. Section [4] describes the optical
implementation architecture and analyzes energy efficiency. Section [5| explicitly connects our
work to Whitelam and Oguz et al., synthesizing insights from both. Section [7] proposes com-
prehensive numerical experiments for validation. We conclude with a discussion of limitations,
future directions, and potential experimental realizations in Section

2 Background and Theoretical Foundations

Diffusion models define a forward process in which data samples xg ~ pgata are gradually
corrupted by noise until they approach a simple prior distribution, typically Gaussian. The
forward process is defined by the stochastic differential equation (SDE):

dXt = f(t)Xt dt + g(t) th, (1)

where f(t) is a drift coefficient, g(t) is a diffusion coefficient, and W, is standard Brownian
motion [29].
The generative process reverses this diffusion, described by the reverse-time SDE:

dx; = [£(t)x; — g(t)* Vi log p(x)] dt + g(t) AWy, (2)

where Vy logpi(x) is the score function (gradient of the log probability density) and W, is
reverse-time Brownian motion [I].
Score-based models learn Vx log p;(x) through denoising score matching:

L053(0) = Erxg e, [[56(x0,£) = Vx, log papo (e 1x0) ] (3)

where sy(x¢,t) is a neural network approximating the score.

2.1 Langevin Dynamics and the Fokker-Planck Equation

Overdamped Langevin dynamics describes the evolution of a system with coordinate x € RY in
a potential landscape V' (x) subject to thermal fluctuations:

dx; = —VV (x;) dt + V2D dW,, (4)

where D is the diffusion coefficient (related to temperature by D = kgT'/~, with v the friction
coefficient).
The probability density p(x,t) satisfies the Fokker-Planck equation:

op

5, =V (VVp+DVp)=V-[(VV + DVlogp) . (5)

Under suitable conditions (confining potential, detailed balance), the system converges to
the Boltzmann distribution:

1
pea) = eV OIP 7= [ VP (6)

N

Comparing Eq. (with f =0, g = v/2D) to Eq. , we see that learning the score V log py
is equivalent to learning a potential V (x) such that —VV(x) = ¢V log p(x). This observation
motivates our approach: rather than learning a neural network to approximate the score at each
timestep, we learn a single potential Vy(x) whose Langevin dynamics implement sampling,.



2.2 Thermodynamic Interpretation, Entropy Production and Irreversibility

For systems governed by Langevin dynamics, the entropy production quantifies thermody-
namic irreversibility. Following Seifert [25], the total entropy production along a trajectory
T ..
w = {x()}L is o
E[W] - ASsys + T77 (7)
bath
where ASgys is the change in system entropy and () is the heat dissipated to the environment.
For overdamped Langevin dynamics, entropy production can be expressed as [25]:

_L g 2 _OP(XT)
EM—QDA|mm+vvw@mdtlngy 8)

The first term represents dissipation due to the mismatch between the actual velocity x
and the deterministic drift —VV. The second term accounts for changes in the probability
distribution.

Fluctuation Theorems. The Crooks fluctuation theorem [5] relates forward and reverse path
probabilities:
PL[‘f] = >l (9)
Ppla]
where @ is the time-reversed trajectory. This implies that minimizing entropy production is
equivalent to maximizing the likelihood of reverse trajectories, which forms the basis of thermo-
dynamic training.

2.3 Fluctuation-Dissipation Theorem

The fluctuation-dissipation theorem (FDT) establishes a fundamental relationship between ther-
mal fluctuations and dissipation in equilibrium systems [14]. For Langevin dynamics:

(E@®ER)) =2Do(t — 1), (10)
where £(t) = V2D dW,/dt is the noise term.
The FDT implies that in passive optical systems, we cannot independently tune noise
strength and dissipation—they are coupled through the effective temperature. This constraint
has important implications for optical implementation, as discussed in Section [4]

2.4 Onsager-Machlup Path Probability

The probability density functional for a path w = {X(t)}z;o under Langevin dynamics is given
by the Onsager-Machlup functional [20]:

T

1
Plw] x exp <_4D ;

This functional assigns higher probability to paths that closely follow the deterministic drift
—VV, with deviations penalized quadratically.

For discrete-time observations xg, X1, ..., Xk with timestep At, the Onsager-Machlup func-
tional becomes:

|%(t) + VV(x(t))||2dt> . (11)

K-1
1 2
Pl{xx}] o exp <_4DAt kzo k11 — %k + VV (x3) At ) : (12)
Maximizing this probability with respect to parameters 6 in Vy is equivalent to minimizing
the loss:
= Xk+1 — Xk 2
0)=E _ Ve 13
) =5 | 3 [P+ v | (13

which we use as our training objective.



2.5 Optical Computing Principles
Optical computing leverages the parallelism, bandwidth, and energy efficiency of light to perform
computations [9] 26]. Key advantages include:

e Massive parallelism: Optical systems can process many channels simultaneously through

spatial multiplexing.

e Low energy per operation: Photons interact weakly with matter, enabling low-loss
propagation.

e Natural linear operations: Interference and diffraction implement linear transforma-
tions natively.

e Intrinsic stochasticity: Shot noise and thermal fluctuations provide natural noise sources
for stochastic algorithms.

Recent optical neural networks [27, [7, [18] use interferometric meshes of beam splitters and
phase shifters to implement matrix-vector multiplications, the dominant operation in deep learn-
ing. Our approach extends this by exploiting optical noise and dissipation for stochastic gener-
ative modeling.

3 Thermodynamic Training of Optical Langevin Dynamics

We consider a parameterized potential energy function Vjy(x) designed to be physically imple-
mentable in optical hardware:

N
1
Vo(x) = =x'Jx+b'x+ Z Ug(xi), (14)
2 ;
=1
where:
e J € RV*N is a symmetric coupling matrix (implemented via interferometric networks);

e b € RY is a bias vector (implemented via static phase offsets);

o Uy(z;) is a smooth local nonlinear potential (implemented via weak optical saturation or
optoelectronic feedback).

The choice of this form balances expressiveness with physical implementability. The quadratic
term enables efficient optical matrix operations, while the local nonlinearity Uy provides neces-
sary model capacity without requiring strong all-optical nonlinearities, which remain challenging
to realize [17].

3.1 Forward Noising Process

Following standard diffusion model practice, we define a forward process that gradually adds
noise to data samples. For training purposes, we use simple Brownian motion:

dx; = \/2D; AW, (15)

where Dy is the forward diffusion coefficient.
Discretizing with timestep At:

Xp+1 = X + /2DsAt €, € ~N(0,1I). (16)
Starting from a data sample X ~ pgata, We generate a trajectory 7 = {xo,xl, . ,xK}

ending in an approximately Gaussian distribution.



3.2 Reverse-Time Likelihood and Training Objective

The generative model defines a reverse-time process governed by Langevin dynamics in the
learned potential Vj: B
dx; = —VVy(x¢) dt + /2D, dW, (17)

where D, is the reverse diffusion coefficient (typically D, = Dy).
Discretizing in reverse time:

Xp = Xgy1 + fg(Xk+1)At + /2D, At Nk, (18)

where fy(x) = —VVp(x) is the learned drift.
The conditional probability is:

po(Xp|Xp11) = N(Xk; Xpr1 + fo(xpr1)At, 2D, AtI). (19)

The log-likelihood of a reverse trajectory is:

K—-1
log pp(7™") = Z log pp(xx|Xk+1) + const
k=0
1 K-1
= T4AD. AL Z 1%k — Xp41 — fG(Xk+1)AtH2 + const. (20)
"= k=0

Maximizing this likelihood is equivalent to minimizing;:

K-1

D

k=0

Xk+1 — Xg

L(0) =E, N

+ f9 (Xk+1)

2
] 7 (21)

which matches the Onsager-Machlup form in Eq. .

3.3 Connection to Entropy Production

The training objective has a direct thermodynamic interpretation. Following Whitelam [31] and
Seifert [25], we relate the loss to entropy production.

For a trajectory w generated by the forward process, the expected entropy production when
reversed under the model dynamics is:

T
<mzmwb24\mw+vww@w%t—A&w (22)

where the system entropy change ASsys depends only on initial and final distributions, not on
6.

Therefore, minimizing £(6) minimizes the expected entropy production, making the gener-
ative process as thermodynamically reversible as possible. This provides a physical justification
for the training procedure: we are finding the energy landscape that allows the system to gen-
erate data with minimal heat dissipation.

3.4 Equivalence to Score Matching

We now establish formal equivalence between our approach and score-based diffusion models.

Theorem 1 (Score Matching Equivalence). As At — 0 and T — oo, the optimal potential Vy
satisfies:

—VVy (x) = DV 10g paata(x), (23)

up to an additive constant.



Proof. At equilibrium, the Langevin dynamics converges to:

po(x) o< exp(—Vy(x)/D). (24)
Minimizing KL(pqata||pe) yields:
pdata(x)
KL(pgata :/ ata(X) log ————=dx
(pd t HPG) DPdat ( ) g pe(X)
Vo (x
= /pdata(x) [logpdata(x) + 91() ) + log Z} dx. (25)

Taking the functional derivative with respect to Vj and setting to zero:

5 1 dlog Z
% KL= |pasta —0, 26
5V, D [pd ta(X) + o (x) v, ] (26)
which, after manipulation, yields Eq. (23)). O

This theorem shows that our potential-based approach is mathematically equivalent to score-
based models, with the advantage of having a single, physically realizable energy function rather
than a time-dependent neural network.

3.5 Kramers Escape and Barrier Crossing

An important consideration for generative modeling is the ability to transition between modes of
the data distribution. This is analogous to the Kramers escape problem in statistical mechanics
[13, [10].

For a particle in a double-well potential with barrier height AV, the escape rate is:

_ WoWp AV
7_esgape ~ o exXp <_D> ) (27)

where wy is the frequency at the well minimum and wj at the barrier top.

In our context, this implies that the effective temperature D must be large enough relative
to typical barriers AV to enable mode transitions. Also the sampling time must be longer than
Tescape t0 explore multiple modes. Finally, there is a trade-off between sample sharpness (low
D) and diversity (high D).

We recommend operating in the regime AV/D € [1,10] for effective sampling.

3.6 Closed-Form Gradients and Optimization
For the quadratic-plus-local-nonlinear potential in Eq. , we can derive closed-form gradients:

Gradient with respect to bias:

oL X1 — X
5 = 2E [Zk: rk] T = % + £5(xp41)- (28)

Gradient with respect to coupling matrix:
oL
57 = 2 [zk: rkx%] . (29)

For symmetric J, we project: VyL <+ %(VJﬁ +ViL"h).
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Figure 1: Optical system architecture for implementing Langevin diffusion. The system consists
of an interferometric network implementing linear couplings, optoelectronic feedback for nonlin-
earities, and passive relaxation driven by shot noise and controlled loss.

Gradient with respect to nonlinear potential: If Uy(z) = 2%22 amx™, then:

oL

e, = —2E ZT’” . m:L"Zﬂ:lll , (30)

ki

where 7y, ; is the i-th component of ry.
These gradients enable efficient stochastic gradient descent optimization using standard au-
tomatic differentiation frameworks.

4 Optical Implementation Architecture

The proposed optical system implements Langevin dynamics through passive relaxation in a
programmable energy landscape. Unlike Oguz et al.’s approach [19], which uses optical layers to
learn denoising operators, our system embeds the entire generative process in a single physical
relaxation whose parameters are fixed after training.

Figure [I| shows the system architecture, consisting of:

1. Input modulator: Spatial light modulator (SLM) for initializing optical field
2. Linear coupling network: Interferometric mesh implementing matrix J

3. Nonlinear elements: Saturable absorbers or optoelectronic loops for Uy

4. Noise source: Intrinsic shot noise + optional injected thermal noise

5. Loss mechanism: Controlled optical attenuation for dissipation

6. Detector array: Photodetector array for readout

4.1 Encoding and State Representation

We encode each component z; of the state vector x € RN in optical degrees of freedom:



Phase encoding (preferred):
x; <> ¢; € [0,2m), (31)

where ¢; is the optical phase of mode i. Phase encoding is robust to loss and compatible with
interferometric operations.

Amplitude encoding:
z; < |Eil, (32)

where |E;] is field amplitude. Amplitude encoding is affected by loss but enables direct intensity
detection. For MNIST-scale problems (28 x 28 = 784 pixels), we require N = 784 optical modes,
achievable with waveguide arrays or multi-mode fibers.

4.2 Implementation of Linear Couplings

The quadratic term %XTJ x generates linear couplings —Jx in the drift. Optical implementation
uses Mach-Zehnder interferometer (MZI) meshes [3, 22].

MZI mesh architecture: An N-mode MZI mesh consists of O(N?) phase shifters and beam
splitters arranged in a triangular or rectangular grid. Each MZI unit implements a 2 x 2 unitary
transformation:

uo.0) = ( (33)

A complete mesh can implement any N X N unitary matrix U. For symmetric real matrices
J, we use J = QAQ' (eigendecomposition) and implement Q (orthogonal) and A (diagonal
scaling).

€% cosh —sin 0)

e?sinf  cosé

Energy cost: Setting the mesh configuration requires:
Econﬁg = N2 ' Ephase_shifter ~ N2 - 24 nJ, (34)

based on thermo-optic phase shifter switching energy [19]. This cost is amortized over many
samples.

4.3 Implementation of Local Nonlinearities

The local nonlinear potential Ug(z;) requires implementing ug(v;) = Uj(z;). We consider two
approaches:

Saturable absorption: Intensity-dependent absorption provides weak optical nonlinearity:

a(l)

&)

= — 35
1‘|‘I/Isat ( )

where Iy is the saturation intensity. For small deviations, this approximates a polynomial
nonlinearity.

Optoelectronic hybrid: Detect intensity I; = |E;|?, apply digital/analog nonlinearity f(I;),
and feedback to phase:

Gi < ¢ + 0i(1;). (36)

The optoelectronic approach offers more flexibility but adds latency. For weak nonlinear-

ities (M < 4 in Eq. (14)), optoelectronic feedback at MHz rates suffices for continuous-time
approximation.



4.4 Noise Sources and Stochastic Forcing

Optical systems exhibit multiple noise sources:

Shot noise (quantum): Photon counting statistics give variance:
Var(nphotons) =n, (37)

where 7 is the mean photon number. For coherent states, this translates to phase noise:

Apr ——. (38)

Thermal noise (classical): At non-zero temperature, thermal fluctuations in the photode-
tectors and electronics contribute Johnson-Nyquist noise with spectral density:

Sv(f) =4kpTR, (39)

where R is resistance.

Effective diffusion coefficient: The combined noise sources determine an effective D in the
Langevin dynamics. Following Appendix [A] we can estimate D from:

Deff = Dshot + Dthermal + Dinjecteda (40)

where Dipjected can be controlled via additional noise sources (e.g., phase noise injection).

Fluctuation-dissipation relation: In a passive optical system without active noise injection,

the FDT constrains: LT
Bl eff
Degs = = ) (41)
Veft
where Tog is an effective temperature and 7.¢ is the dissipation rate. We cannot independently
tune D and dissipation without violating FDT, which limits the operating regime of purely

passive systems.

4.5 Energy Budget Analysis

Following the methodology of Whitelam [31] and experimental measurements of Oguz et al. [19],
we estimate energy per sample:

Configuration energy (amortized):
Eeonig = N?-24 1) 2~ 0.014 ] (for N = 784). (42)

Amortized over M samples: Econfig /M ~ 14 mJ/M.

Optical loss energy: During relaxation, the system dissipates energy due to optical absorp-
tion. The dissipated heat is:

T
Q- / I5(t) + VVa(x(t)) |2 dt - D. (43)
0

For trained systems minimizing entropy production, this approaches the thermodynamic
minimum:

Qmin ~ AV ~ 10%k5Troom ~ 4 x 10718 J, (44)

10



where we estimate typical potential differences AVy ~ 103kgT from the data distribution struc-
ture.

However, in practice, optical loss is dominated by propagation loss and detection inefficiency
rather than thermodynamic dissipation:

Elgss = 0ogs - N -1 - hw ~ 10_3 J, (45)

for aess ~ 0.1 (10% loss), i ~ 10° photons per mode, hw ~ 1.5 eV (near-infrared).

Readout energy: Photodetection at required SNR for 8-bit precision:

kgT
Ereadout = N - SlfliR - bandwidth ~ 1073 J. (46)
Total energy estimate:
Eiotal = Econfig/ M + Eloss + Ereadout =~ (0.014/M +0.002) J. (47)

For M = 10 samples per configuration, Fioa ~ 0.01-0.1 J/sample.

Comparison:

Digital DDPM (GPU): ~ 1-10 J/sample [19]

Oguz et al. (optical denoising): 0.23 J/sample (measured)

Whitelam (thermodynamic simulation): ~ 1073 J/sample (theoretical limit)

This work (optical Langevin): ~ 0.01-0.1 J/sample (estimated)

Our approach achieves 10-100x energy advantage over digital implementations, comparable
to Oguz et al.’s experimental results, though not reaching Whitelam’s theoretical limit due to
optical inefficiencies.

4.6 Sampling Time and Throughput
The sampling time is determined by the slowest relaxation mode of the Langevin dynamics:

Trelax — m]?x ‘)\k’_la (48)

where \; are eigenvalues of the Hessian V2Vj evaluated at typical samples.
For MNIST-scale problems with NV = 784, typical relaxation times are:

Trelax ~ 1-10 ms, (49)

limited by optoelectronic feedback bandwidth (~ kHz-MHz range).
Including barrier crossing times (Eq. (27))), total sampling time:

Tsarnple = maX(TrelaX7 7_escape) ~ 10-100 ms, (50)

yielding throughput of 10-100 samples/second per device. Parallelization across multiple optical
channels or wavelength-division multiplexing can increase throughput proportionally.

4.7 Time-Aware Policy: M-Subset Approach

Following Oguz et al. [19], analog hardware cannot easily implement time-dependent parameters
Vo(x,t). We adopt an M-subset strategy:

11



M-subset partitioning: Divide the diffusion timeline [0, T into M subsets {S,, }}_,, where
each subset Sy, corresponds to timesteps [(m—1)T /M, mT /M]. For each subset, train a separate
potential Vp, .

Oguz et al. found M = 10 optimal for " = 1000 timesteps on MNIST, suggesting M ~ T'/100
as a general rule. Our thermodynamic framework provides potential theoretical justification:
each subset should span enough time for local relaxation while remaining short enough that the

distribution changes gradually.

Energy efficiency trade-off: Increasing M improves sample quality (finer temporal resolu-
tion) but increases configuration switching costs. The optimal M balances:

Etotal(M) =M - Eswitch + Esampling(M)7 (51)

where Fgampling (M) decreases (better quality — shorter sampling time) and FEgyitcn is the re-
configuration energy.

5 Connecting to Prior Work

Our optical implementation realizes Whitelam’s abstract thermodynamic computing framework
with optical-specific constraints and opportunities.
Whitelam’s dynamics (Eq. 1 in Whitelam [31]) becomes:

9V
H 81‘1

T = + /2ukpT n;(t), (52)
with mobility p and temperature T, is equivalent to our Eq. with D = pkpT (setting =1
for simplicity).

The maximization of reverse-trajectory probability (Eq. 8 in Whitelam [31]) yields the same
gradient structure as our Eq. and after discretization. The key differences are:

1. Substrate: we specialize to optical implementation with shot noise, interferometric cou-
plings, and FDT constraints.

2. Nonlinearity: Whitelam uses general nonlinear "s-units" (monostable) vs. "p-units"
(bistable). We restrict to smooth polynomial nonlinearities implementable optically.

3. Energy analysis: Whitelam provides detailed energy calculations showing > 10 x ad-
vantage while we estimate more modest 10-100x gains due to optical inefficiencies (prop-
agation loss, detection energy).

4. Hidden-visible architecture: Whitelam proposes hidden units (unobserved variables)
coupled to visible units (data) but our current formulation uses only visible units, but the
hidden-visible architecture could improve expressiveness.

We adopt the thermodynamic training principle (minimize entropy production) and extend
it by specifying optical implementation details (interferometry, shot noise, MZI meshes) and
analyzing optical energy budget realistically.

Our approach differs fundamentally from Oguz et al.’s optical denoising layers [19] while
sharing practical insights:

Both approaches independently discovered the M-subset time-aware policy (M =~ 10) as a
solution to analog hardware constraints. Oguz et al. found this empirically through scaling
studies; our thermodynamic framework suggests it balances entropy production per subset with
reconfiguration costs.

12



Aspect Oguz et al. This Work

Generative mechanism Learned denoising operator Physical Langevin relaxation
Optical role Predict noise term € Implement potential Vy
Training objective MSE: |le — €| Entropy prod.: E[X]
Denoising steps K ~ 100 sequential steps Single relaxation process
Control Fine-grained (per step) Coarse (via V)

Hardware Diffractive layers + SLM Interferometer + feedback
Validation Experimental (MNIST /Fashion) Proposed (simulation)

Table 2: Comparison of our Langevin relaxation approach with Oguz et al.’s optical denoising.

Oguz et al.’s approach can learn arbitrary denoising operators through diffractive layers,
while our potential-based approach is limited to smooth functions. For highly complex distribu-
tions, learned denoising may be superior.

However, our training explicitly minimizes entropy production, potentially achieving better
energy efficiency for distributions well-approximated by smooth potentials.

The two approaches are complementary rather than competitive. Hybrid architectures could
use Langevin relaxation for simple, low-dimensional subspaces (energy-efficient) and learned
denoising for complex, high-dimensional subspaces (expressive)

6 Noise, Robustness, and Practical Considerations

6.1 Optimal Noise Regime

Effective inference hinges on a careful balance between noise strength, dissipation, and sampling
time. If the noise amplitude is too weak (D < AV), the dynamics become trapped in local
minima, leading to mode collapse. In this regime, the mixing time scales as

Tmix ~ exp(AV/D),

which quickly becomes impractically long, despite the fact that individual samples are sharp
and low-variance.

At the opposite extreme, excessive noise (D > AV') washes out the energy landscape. The
resulting distribution approaches uniformity, degrading sample fidelity and potentially introduc-
ing instabilities along weakly confined directions. While this regime benefits from fast mixing
and broad mode coverage, the loss of structure limits its usefulness for inference.

The most effective operating point lies in an intermediate regime, with AV/D € [1,10].
Here, the system maintains sufficient stochasticity to explore the landscape while preserving the
structure of the target distribution. In practice, this yields mixing times on the order of

Tmix ~ O(102-10°) steps, (53)
corresponding to millisecond-to-second timescales, which are well matched to optical hardware
constraints.

6.2 Robustness to Non-Ideal Noise

Diffusion-based inference is inherently robust to deviations from ideal noise statistics. Training
optimizes the expected reverse drift rather than individual trajectories, and inference depends
primarily on long-time stationary behavior rather than microscopic noise details.

For temporally correlated (colored) noise with correlation time 7., the dominant effect is a
renormalization of the effective diffusion constant,

Dt = Dynite (1 + f(Tc/Trelax)) s (54)
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where f is a slowly varying function. As long as 7. << Tyelax, the impact on inference performance
remains minimal.

State-dependent noise, such as intensity-dependent shot noise of the form D(x) = Dy(1 +
al||x]|?), can also be absorbed into the framework. Its effect is captured by redefining the effective
potential as

V(x) = V(x) — Dglog D(x), (55)

leaving the stationary distribution well defined.

Finally, slow drift in optical parameters, modeled as 6(t) = 6y + d60(t), is tolerable provided
that the drift timescale satisfies Tqyift > Tyelax. In this regime, online recalibration—potentially
via a digital twin—can further mitigate performance degradation.

6.3 Calibration Protocol

The following is a proposed online learning strategy for our system.

Online Calibration for Optical Langevin System:
1. Initialize digital twin Vp,. .., (trained model)
2. Configure optical system with O,ptical < Oaigital
3. For each generated sample Xqptical:

(a) Generate sample Xqigital from digital simulation
(b) Compute discrepancy A = ||Xoptical — xdigitalHQ
(c) If A > €threshold:
i. Update digital twin: Ogigital < Odigital + VoA
ii. Reconfigure optical system: fgptical <= Odigital

This protocol tracks and compensates for alignment errors, parameter drift, and environ-
mental fluctuations, ensuring the optical system remains calibrated to the trained model.
7 Proposed Numerical Experiments

Since no physical optical prototype yet exists, we propose comprehensive numerical experiments
to validate the framework and guide hardware development.

7.1 Experimental Setup

Simulation of Langevin dynamics: We use Euler-Maruyama discretization of Eq. with
timestep At = 0.001:

Xkt1 = X| — VVQ(X]C)At +V2DAt €k, €~ N(O, I). (56)
Emulation of optical constraints: To realistically model optical implementation:
e Quantization: Parameters 6 quantized to B € {4,6,8,10} bits
e Parameter drift: 6(t) = 6y + 06(t), 66 ~ OU process
e State-dependent noise: D(x) = Dy(1 + 0.1x||?) (shot noise scaling)

e Loss-limited dynamics: Additional linear damping —yx term
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7.2 Datasets and Baselines

Datasets:
1. MINIST: 28 x 28 grayscale digits (baseline validation)
2. Fashion-MNIST: More diverse textures (robustness test)

3. Downsampled CIFAR-10: 16 x 16 color images (challenging)

Baselines:
1. Digital DDPM: Small U-Net trained conventionally [11]
2. Score-based EBM: Explicit energy-based model with Langevin sampling [28§]
3. Whitelam simulation: Replicate thermodynamic computing results

4. Oguz simulation: Emulate optical denoising layers (no actual optics)

7.3 Evaluation Metrics

e Sample quality: FID, KID (where applicable for dataset scale)

e Diversity: Precision/Recall for generative models [23]

e Mixing: Autocorrelation time 75¢, effective sample size (ESS)

e Energy proxy: Integrated squared force [ |[VVp|?dt (dissipation)

e Thermodynamic quantities: Trajectory entropy production X[w]

7.4 Key Experiments

Experiment A: Langevin relaxation vs. step-based diffusion Train Vjy using reverse-
trajectory likelihood (Eq. ), then generate samples by integrating Langevin dynamics for
physical time T'. Compare against DDPM baseline with K denoising steps.

Hypothesis: For fixed computational budget (time or energy), Langevin relaxation achieves
comparable quality with better energy efficiency.

Measurements:

e FID vs. sampling time 7" (Langevin) vs. step count K (DDPM)
e Energy proxy vs. sample quality

e Success rate for different noise levels D

Experiment B: Optical non-idealities stress test Inject realistic optical imperfections
(quantization, drift, state-dependent noise) and measure degradation.

Hypothesis: Diffusion-based sampling is robust to moderate imperfections; quality degrades
gracefully rather than catastrophically.

Measurements:

e FID vs. quantization bits B
e FID vs. drift rate ogrift

e Stability threshold (maximum perturbation before failure)
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Experiment C: Thermodynamic validation (unique to this work) Track trajectory-
level thermodynamic quantities:

T
QMFﬂAIﬂ®+V%@®W%L (57)

AVw] = Vi(xr) = Vi(x0)- (58)

Hypothesis: Minimizing entropy production during training correlates with better sample
quality and energy efficiency.
Measurements:

e Correlation between E[Q] and FID

e Comparison of entropy production: trained model vs. random model

e Verification of Crooks theorem: ratio Pr/Pgr vs. ¥
Experiment D: M-subset ablation Vary number of subsets M € {1,5,10,20,50} and
measure quality-energy trade-off.

Hypothesis: Optimal M ~ T /100 balances temporal resolution and switching cost, consistent

with Oguz et al.’s finding.
Measurements:

o FID vs. M
e Total energy (including switching) vs. M
e Pareto frontier: quality vs. energy

Experiment E: Comparison with Whitelam and Oguz Replicate key results from both
papers in our simulation framework:

e Whitelam: MNIST digits (3 classes), FID ~ 206.6
e Oguz: MNIST full (10 classes), Fashion-MNIST, with M=10

Hypothesis: Our approach achieves comparable sample quality with intermediate energy
consumption between Whitelam (theoretical limit) and Oguz (experimental).
7.5 Implementation Details
Model architecture: For MNIST (N = 784):

e Coupling matrix J: 784 x 784, rank-reduced to r = 100 for efficiency

e Bias vector b: 784 parameters
e Nonlinear potential: Uy(z) = agz® + aqx* (4th-order polynomial)

Total parameters: ~ 100 x 784 + 784 4 2 x 784 ~ 80K (comparable to small U-Net).

Training:
e Optimizer: Adam with learning rate 103
e Batch size: 128 trajectories

Trajectory length: K = 100 steps, T'= 1.0, At = 0.01

Forward diffusion: Dy = 1.0

Training time: ~10K iterations (~1M trajectory samples)
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Sampling:
e Initialization: xg ~ N (0, D¢TT)
e Integration time: Tgumple = 1.0
e Timestep: Atgample = 0.001

e Effective steps: 1000 (but all parallel in hardware)

7.6 Expected Outcomes

Based on our theoretical analysis and prior work:

1. Sample quality: FID ~ 100-200 on MNIST (comparable to small diffusion models)

2. Energy efficiency: 10-100x reduction vs. digital (in simulation), approaching 0.01-0.1
J/sample in optical hardware

3. Robustness: Graceful degradation under 4-8 bit quantization and moderate drift

4. Thermodynamic validation: Strong correlation between entropy production minimiza-
tion and sample quality

5. Optimal M: M = 10 for T' = 100 (confirming Oguz et al.’s finding)

8 Discussion, Limitations, and Future Directions

This work contributes a unified perspective at the intersection of generative modeling, ther-
modynamic computing, and optical hardware by developing a rigorous theoretical framework
that connects Onsager—Machlup path probabilities, entropy production, score matching, and
Fokker—Planck dynamics in the context of optical generative models. It explicitly synthesizes
Whitelam’s thermodynamic computing principles with the optical implementation showing how
diffusion-like generative processes can be realized through physical relaxation in interferometric
optical networks with realistic noise and dissipation. Building on this architecture, we provide
a concrete optical Langevin design and a quantitative energy analysis, demonstrating potential
10-100x efficiency gains over digital implementations grounded in thermodynamic limits, while
drawing clear connections to classical concepts such as Kramers escape, fluctuation—dissipation
relations, and non-equilibrium statistical mechanics.

Translating the framework to physical hardware raises significant challenges, including the
implementation of smooth and controllable optical nonlinearities, long-term calibration and
phase stability in interferometric networks, and scalability to high-dimensional data beyond
small benchmarks such as MNIST. In addition, the smooth potential-based parameterization
may be less expressive than neural network denoisers for highly complex data distributions, and
energy-efficient Langevin relaxation can incur long mixing times that limit sample throughput
compared to fast sequential denoising approaches. Finally, in purely passive optical systems, the
fluctuation—dissipation theorem constrains noise and dissipation, preventing their independent
optimization without active noise injection, which would increase system complexity and energy
cost.

Future work should prioritize experimental realization through the construction of an optical
prototype, even at a modest scale. Initial efforts could focus on low-dimensional problems or
heavily downsampled data, using commercially available fiber-optic Mach—Zehnder interferom-
eter meshes for linear couplings and optoelectronic feedback loops to implement nonlinearities
via photodiodes and phase modulators. Such a prototype would enable direct validation of en-
ergy consumption and noise characteristics, allowing meaningful comparison between theoretical
thermodynamic limits and measured performance.
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Beyond proof-of-concept demonstrations, several architectural extensions could substantially
expand the framework’s capabilities. Introducing hidden—visible structures, analogous to re-
stricted Boltzmann machines, would increase expressiveness by allowing additional latent de-
grees of freedom that evolve under the same Langevin dynamics but are not directly observed.
Hybrid optical-digital systems offer another promising direction, where optical Langevin relax-
ation captures coarse structure in early diffusion stages while digital or learned optical denoisers
refine fine details, or where optics operate in a low-dimensional latent space paired with a digital
high-dimensional decoder. More speculative avenues include quantum optical implementations,
leveraging squeezed states or entanglement to surpass classical noise limits, and connections to
neuromorphic computing, where stochastic dynamics and local learning rules suggest natural
synergies between optical linear operations and electronic spiking nonlinearities, with energy
efficiency compared across digital, analog, optical, and quantum platforms.

Several theoretical extensions warrant deeper investigation. One direction concerns optimal
control, specifically identifying time-dependent potentials Vp(x,t) that minimize entropy pro-
duction under fixed time or throughput constraints. Closely related is the question of whether
fluctuation theorems such as the Crooks and Jarzynski relations can be directly tested in optical
hardware, providing experimental access to non-equilibrium thermodynamics at the level of gen-
erative computation. Further work is also needed to clarify fundamental thermodynamic limits,
including Landauer-style lower bounds on the energy cost of generative modeling, and to for-
malize the connection between the proposed Langevin computer and continuous-spin Boltzmann
machines within a unified statistical-mechanical framework.

Beyond image generation, the proposed approach has potential applications across a range
of domains where efficient sampling and stochastic dynamics are central. These include scientific
computing tasks such as posterior sampling for inverse problems, materials discovery through
the generation of molecular or crystalline configurations, and global optimization using parallel
Langevin dynamics. More broadly, the framework points toward physical simulation and analog
computing paradigms in which inference or optimization processes are embedded directly in
hardware rather than emulated digitally.

9 Conclusion

We have presented a generative modeling framework that synthesizes thermodynamic comput-
ing principles with optical continuous computing, implementing diffusion models as physical
Langevin relaxation in optical hardware. By training model parameters to minimize expected
entropy production (maximizing reverse-trajectory likelihood), we embed the entire generative
process in a passive optical system whose natural stochastic dynamics produce structured sam-
ples from noise.

Our approach bridges recent advances on thermodynamic computing and optical diffusion,
offering a distinct path via Langevin relaxation rather than learned denoising. We provide
mathematical formulations connecting Onsager-Machlup path probabilities, entropy production,
score matching, and Fokker-Planck equations, along with detailed optical implementation designs
and energy analyses.

While primarily theoretical at present, this work establishes a foundation for future exper-
imental optical generative systems. With estimated 10-100x energy advantages over digital
implementations and natural parallelism from optical propagation, thermodynamically-trained
optical diffusion represents a promising direction for energy-efficient, high-throughput generative
modeling at the intersection of physics, machine learning, and photonics.

This is particular relevant due to the escalating energy demands of generative Al models
that already accounts for up to 22% of U.S. household electricity consumption annually. This
approach not only minimizes entropy production and heat dissipation but also paves the way for
sustainable AI deployment in resource-constrained environments, potentially reducing the sec-
tor’s carbon footprint and enabling broader accessibility to high-fidelity generative technologies
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in an era of climate urgency
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A Noise Calibration Protocol

Protocol A: Ornstein-Uhlenbeck Calibration To estimate the effective diffusion coeffi-
cient D from hardware measurements:

1. Linearize drift: Configure system near a stable point where drift is approximately linear:
x~—A(x—p).

2. Collect time series: Record {x(t,)})_, at uniform intervals At after transient decay.

3. Estimate drift matrix: Compute increments Ax,, = x,11 — X, and fit:

A=-— ( ] AAXt”fc,I> <zn:5<nfc,j> , (59)

where x,, = x,, — X.
4. Estimate diffusion from residuals: Compute residuals:
r, = Ax,, + A%, At. (60)

The diffusion coefficient is:

- 1
D= - 12 1

assuming isotropic noise.

5. Validation: Check that residuals are uncorrelated and autocorrelation of x(t) matches
predicted decay from A.

This protocol allows online calibration during operation, adapting to environmental changes
- temperature or optical power.
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