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Abstract. A generative model, reduced to its core operation, draws a sample from a probability
distribution. A conventional accelerator does this in two stages: it computes the distribution with
matrix multiplication, then draws from it with a random-number generator. Most of the energy is
spent in the first stage, on a quantity that a random draw immediately collapses. Thermodynamic
and probabilistic hardware removes the first stage. It encodes the distribution in the physics of a
device and lets thermal fluctuation produce the sample, so the noise a digital design spends energy
to suppress becomes the computation. This report reviews the approach. Section 2 states the review
method. Section 3 gives the energy-based-model formulation and the sampling algorithms that
hardware realizes physically, with the equations. Section 4 develops a first-order energy comparison
between computed and physical sampling. Sections 5 to 7 survey thermodynamic sampling units,
probabilistic bits, and Ising machines, and Section 8 states the reversible-computing limit set by
Landauer's principle. Section 9 gives the current status: the reported energy advantages are large and
the silicon is early. The report reports no new experimental measurements.

1. The stochastic half of a policy

An embodied system does not only evaluate learned functions. It also samples. It draws an action from a
distribution over actions, a hypothesis about a world it observes only in part, a set of candidate futures, and
the successive denoising steps of a diffusion-based controller. Generative modeling in general is the
drawing of samples from a learned distribution. Conventional hardware does this indirectly. It uses dense
linear algebra to compute the parameters of the distribution, a vector of logits or a scalar energy, and then a
separate step draws a random sample from those parameters. The costly stage is the matrix multiplication,
and the quantity it produces is used only to seed a random draw. For a system that runs on a body's power
budget this is a poor allocation of energy, and it raises a direct question: can the sample be produced by a
physical process that is already random, without computing the distribution first?
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2. Scope and method

This is a review of published theory, algorithms, and hardware for thermodynamic and probabilistic
computing, with attention to the generative and embodied workloads relevant to Physical AI. It draws on
peer-reviewed work, preprints, and primary hardware disclosures, and favors the earliest source for each
method so the lineage is visible. The energy comparison in Section 4 uses the same first-order model as the
companion report on multiply-free arithmetic: fixed per-operation coefficients from a 45 nm survey[21],
counting arithmetic and ignoring control and interconnect. Two limitations apply throughout. The reported
efficiency figures for thermodynamic hardware come largely from prototypes and simulation, not volume
parts; Section 9 marks this. And the model quality of physics-based samplers is quoted from the originating
work, not re-measured here.

3. Energy-based models and physical sampling

An energy-based model defines a distribution through an energy function U. The probability of a
configuration x at temperature T is the Boltzmann form

p(x) = (1/Z) · exp( −U(x) / T ) ,   Z = Σx exp( −U(x)/T ) (1)

so low-energy configurations are the probable ones and the temperature sets how sharply the probability
concentrates on them[22]. This is the object of statistical mechanics. The Ising model of interacting spins,
from 1925[1], is an energy-based model; the Hopfield network stores memories as energy minima[2]; and
the Boltzmann machine learns a distribution by adjusting the couplings of a stochastic Ising-like
network[3]. If a device is built so that its physical energy landscape is the model's U, then bringing it to
thermal equilibrium and reading its state produces a sample from p(x). The sample is measured, not
computed.

Reaching equilibrium is done by a Markov chain. Two forms, one continuous and one discrete, recur in
hardware. Overdamped Langevin dynamics moves a continuous state downhill in energy under a thermal
force,

dx = −∇U(x) · dt + √(2T) · dW (2)

and the Metropolis rule accepts a proposed discrete move with probability[4]

a = min( 1, exp(−ΔU / T) ) (3)

Both have the target distribution (1) as their stationary distribution. Their difficulty is governed by a single
tension, shown in Figure 1. At low temperature a rugged landscape traps the chain in one mode, so the
sample set misrepresents the distribution: poor mixing. At high temperature the chain moves freely but the
structure of the distribution washes out: poor expressivity. The useful regime lies between. Simulated
annealing lowers the temperature on a schedule to find minima[7]; diffusion models transform noise into
structure through a sequence of denoising steps and so avoid the mixing barrier[19,20], an idea recent
hardware adopts directly[15].
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Sampling a two-mode distribution at three temperatures
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stuck in one mode
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both modes, in proportion

hot T

structure washed out

Filled regions: where the samples land. The mixing–expressivity tension of eqs. (2)–(3).

Figure 1. The mixing–expressivity tension in sampling a two-mode distribution. Cold temperatures trap the chain in one mode;
hot temperatures erase the structure; an intermediate temperature reproduces both modes in their correct proportion.

4. The energy of computing a sample versus drawing one

Consider drawing one sample from a model of N parameters by Markov-chain Monte Carlo, which evaluates
the energy K times, once per chain step. On digital hardware each energy evaluation is a matrix–vector
product, so the cost of a sample is

Edigital ≈ K · N · (Emul + Eadd) (4)

On a device whose physics is the energy landscape, the chain steps are performed by the hardware's own
relaxation and cost essentially the readout, so the arithmetic term of (4) is removed. Figure 2 shows the
two on a common axis using the arithmetic coefficients of the companion report and a modest model (N =
4096, K = 20). The developers of thermodynamic sampling hardware report advantages of order 10⁴
against a GPU on sampling workloads[11]; the first-order model here reproduces a gap of that scale for the
computed-versus-physical comparison, though the two figures are not measured the same way and should
not be equated.

Arithmetic energy per sample (first-order model)

Digital · matmul, then sample ≈377 nJ

Physical · relax, then read readout only (not modeled)

Removing the arithmetic term of eq. (4) leaves readout only; reported

Figure 2. Arithmetic energy to draw one sample under the first-order model of eq. (4), for a model of 4096 parameters and 20
chain steps. The digital bar (≈377 nJ) is a model estimate of the matrix-multiply term. The physical sampler removes that term;
its residual cost is readout-dominated and is not modeled here. The ~10⁴× device advantage is the developers' separately
reported result[11], measured differently.

5. Thermodynamic sampling units

A thermodynamic sampling unit builds an energy-based model into a physical substrate and reads its
thermal fluctuations as samples. The design premise is that generative inference reduces to sampling, and
that a circuit engineered to sample from a programmable distribution by controlled physical noise can
perform that inference at a small fraction of the energy of a digital accelerator that computes the
distribution first. Two efforts define the current commercial frontier. One has published prototype units, an
open modeling library, and the order-10⁴ energy figure noted above[11]. Another has reported the tape-out
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of an early thermodynamic chip for datacenter use. Both are recent, and the figures are from prototypes and
analysis rather than production silicon.

6. Probabilistic bits

A complementary approach builds the elementary stochastic primitive directly. A probabilistic bit, or p-bit,
fluctuates between 0 and 1 with a controllable probability. The most developed realization uses a stochastic
magnetic tunnel junction, a low-barrier nanomagnet whose magnetization flips under thermal agitation at
gigahertz rates, so a single compact device supplies randomness that would otherwise cost thousands of
transistors[12]. Networks of coupled p-bits implement Ising models and perform Boltzmann sampling
natively, and have run optimization and inference tasks, including integer factorization on a hardware p-bit
array[13]. The approach has been scaled to a programmable machine of a million p-bits performing on the
order of 10¹² state updates per second[14], and extended toward diffusion-style generation[16]. Because p-
bits are built from CMOS-compatible magnetic devices, the approach can use the existing fabrication base.

7. Ising machines

When the task is combinatorial optimization rather than generation, the same physical principle appears as
the Ising machine: encode the objective as the energy of a spin system and relax the system toward its
minimum. Coherent Ising machines realize this with networks of optical parametric oscillators[17];
quantum annealers use adiabatic evolution toward a ground state[18]; digital annealers implement
simulated annealing in dedicated hardware. Table 1 lists representative thermodynamic, probabilistic, and
Ising hardware and its status.

Table 1. Representative physics-based sampling and optimization hardware.

SYSTEM MECHANISM TASK STATUS REF.

Thermodynamic sampling
unit

programmable noise in silicon generative sampling prototype; ≈10⁴×
reported

[11]

Thermodynamic chip
(datacenter)

physics-based linear algebra sampling / HPC early tape-out [11]

p-bit array (sMTJ) stochastic magnetic tunnel
junctions

optimization,
inference

silicon; scaled to 10⁶ p-
bits

[12,14]

Coherent Ising machine optical parametric oscillators optimization laboratory
demonstrations

[17]

Quantum / digital annealer adiabatic / simulated
annealing

optimization commercial (annealing) [18]

8. The thermodynamic limit

The field's lower bound is set by thermodynamics. Landauer's principle states that erasing one bit of
information dissipates at least

Emin = kT · ln 2 ≈ 2.9 × 10−21 J  (T = 300 K) (5)
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while logically reversible operations, which erase nothing, carry no such bound[8,9,10]. Reversible and
adiabatic computing pursue this headroom by recovering the energy of a computation. Thermodynamic and
probabilistic machines are of interest partly because they treat the thermal environment as a resource
rather than a loss, and so operate in the regime where equation (5) is the relevant limit rather than the
switching energy of a transistor.

9. Status

The claims here are among the largest in computing, and a review should separate what is established from
what is projected. The energy-based-model theory is settled and decades old. The sampling algorithms are
mature. p-bit devices and small Ising machines are demonstrated in silicon and have run real tasks. What
remains early is scaled, general-purpose thermodynamic hardware. The headline efficiency figures derive
substantially from prototypes, analysis, and simulation, and the first datacenter-scale tape-outs are recent.
The honest reading matches the companion report on ternary arithmetic: the physics and the algorithms
are real, the small-scale demonstrations are real, and the volume silicon is a work in progress. Stating this
identifies the open problem, which is scaling and integration.

10. Discussion and conclusion

A policy has a deterministic path, the forward evaluation of a learned function, and a stochastic path, the
sampling treated here. A companion report argues that multiply-free arithmetic serves the deterministic
path near its energy floor; this report argues that physics-based sampling serves the stochastic path near its
floor. The two are complementary. The deterministic path performs no sampling and the stochastic path
performs no matrix multiplication, so a system that runs each on the substrate suited to it need not pay for
the operation it does not use. On that reading an energy-proportional edge is plausibly a heterogeneous
device rather than a single one. The position rests on open prior art: the Ising model from 1925[1],
Boltzmann machines from 1985[3], and Landauer's bound from 1961[8]. Sampling is the operation that
physics performs most naturally, by letting a stochastic system fall into a distribution rather than
computing that distribution first. The reported efficiencies are large and the silicon is young. For Physical
AI at the edge, physics-based sampling is the natural stochastic complement to multiply-free deterministic
arithmetic.
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