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Abstract

Programmable quantum annealers are used for optimization, probabilistic sampling, and simulation, but
their performance is commonly reported without the energy exchanged during computation. Here we
characterize the D-Wave quantum annealer as a closed thermodynamic cycle. From initial and final Ising
energies and an effective temperature fitted to the output distribution, we obtain lower bounds on entropy
production, environment energy exchange, work, and power. By varying the prepared distribution and
the reverse annealing turning point, we map heater-, accelerator-, refrigerator-, and engine-compatible
regimes in one dimensional chains and higher connectivity instances, and apply the same analysis to
Advantage and Advantage2 hardware. For an encoded optimization problem, the measured processor
energy change states whether final candidates improve or worsen the programmed objective on aver-
age. For sampling, the fitted temperature provides an operational measure of how strongly probability
is concentrated among low energy configurations. The thermodynamic mode therefore adds information
absent from solution quality or runtime alone: it distinguishes driven refinement, net heating, and heat
pumping while quantifying their energetic consequences. This framework connects quantum optimiza-
tion, probabilistic computing, statistical physics simulation, hardware diagnostics, and energy-aware
assessment without assuming that a thermodynamic label alone determines computational performance.
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1 Introduction

Quantum annealers are routinely benchmarked by solution quality, sampling capabilities, and time-to-
solution [1-6]. Much less is known about how their programmable schedules shape energy exchange,
dissipation, and effective heat flow at the chip level [7-11]. Reverse annealing experiments on D-Wave pro-
cessors have already shown that the device operates as a bona fide quantum thermal machine: during a
cycle the chip absorbs and releases heat while external drives do work, and its net operation can be classi-
fied thermodynamically. In particular, previous work established that reverse annealing realizes a thermal
accelerator cycle and provided quantitative, experimentally accessible bounds on heat, work, and dissipation
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Fig. 1: Experimental workflow of the paper. A classical Gibbs state of the programmed Ising Hamil-
tonian is prepared at unitless inverse temperature $; = 1 and used as the input state for a reverse annealing
schedule. The annealing parameter is ramped from s = 1 to a turning point s, and back to s = 1, so that
the initial and final Hamiltonians are the same. The quantum processing unit readout therefore gives a
two point energy change AFE; of the problem Hamiltonian. Repeating the cycle builds the distribution of
AFE, from which we estimate an effective environment temperature 75 by pseudo-likelihood thermometry
and evaluate fluctuation relation and thermodynamic uncertainty relation bounds on entropy production X,
heat @, work W and power P. The procedure uses only experimentally accessible spin configurations and
the programmed couplings and fields. The lower plots shows the estimated environment temperature and
the lower bound on the work per spin for an Ising chain of length N=300, with random couplings drawn
uniformly from [—1, 1] and fields from [—h, h]. The experiment was performed on the D-Wave Advantage5.4
system.

using exact non-equilibrium relations [12-15]. These studies placed the D-Wave platform squarely within
quantum thermodynamics and demonstrated that energy flows on the chip can be measured and constrained
without full access to the environment [16-18].

Characterizing a D-Wave processor as a programmable thermal machine is relevant because reverse
annealing implements controlled, closed cycles in a driven open many-spin system. This viewpoint extends
the assessment of quantum annealers beyond solution quality and time to solution by examining how the
initial ensemble and the annealing schedule determine energy exchange, entropy production, and work sup-
plied during the cycle. It therefore allows heater, accelerator, refrigerator, and engine-compatible operation
to be identified from energy statistics available at the user level, while providing an experimental setting for
testing finite time thermodynamic relations in systems larger than typical few-qubit demonstrations. The
same framework also enables annealing protocols to be compared according to their thermodynamic bounds
as well as their computational output. In addition, fitting the output configurations to the programmed Ising
Hamiltonian yields an instance- and protocol-dependent effective temperature of the sampled degrees of
freedom, providing a built-in thermometry diagnostic that complements, but does not replace, the temper-
ature measured by sensors in the dilution refrigerator. Treating the annealer as a thermal machine therefore
connects control, sampling, and energy exchange, and provides a practical basis for characterizing and com-
paring quantum annealing protocols and hardware [19-22]. At the same time, there is growing interest in
energy benchmarking of quantum hardware [23-26]. The efficiency of a quantum computer is ultimately
limited by how it processes energy—both at cryogenic infrastructure level and at the chip level—so methods
that tie computational performance to thermodynamic cost are essential [27-32]. Recent experiments have
begun to connect success probabilities and schedule design (e.g., reverse annealing with pauses [33—-36]) to
energetic figures of merit, again using thermodynamic bounds derived from fluctuations to turn limited mea-
surements (energy changes reported by the quantum processing unit) into information about heat, work,



and entropy production [37]. This line of work argues for a unified view in which algorithmic choices and
hardware schedules are co-designed for both accuracy and energy efficiency [23, 38].

Here we extend this thermodynamic perspective in two directions. First, we show that thermody-
namic uncertainty relations (TURs) allow an extended thermodynamic description of the D-Wave quantum
annealer beyond the accelerator thermal machine [12]. In fact, TURs also allow the D-Wave quantum
annealer to be described by the engine, heater, and refrigerator operation—by appropriate choices of sched-
ule and initialization. We identify each regime directly from the signs of average energy changes of the
processor and its environment over a cycle, and we implement protocols that realize all four behaviours
on the same device. This demonstrates that the chip’s thermodynamic role is programmable: by steering
the annealing path and the initial state, one can smoothly switch between accelerating heat flow, extract-
ing useful work (engine), and pumping heat against a gradient (refrigerator). In doing so we complete, on
real hardware, the thermodynamic classification previously proposed for annealing cycles [13]. Second, we
leverage TURs to place a power bound on the D-Wave quantum annealer. Because only the processor’s
energy change is directly observed, exact fluctuation identities together with TURs translate fluctuations in
those changes into rigorous lower bounds on entropy production and into bounds on the average heat and
work exchanged per cycle. Our approach yields practical, device agnostic limits on how much useful output
any annealing schedule can deliver per unit time, and thus a quantitative route to discussing the energy
efficiency of quantum annealers.

Figure (1) summarizes the workflow of the paper used to probe the energy footprint of the D-Wave quan-
tum annealers by treating it as a thermal machine. By running reverse annealing cycles—where the system
is first prepared in a classical state, partially annealed, then returned—we obtained data that tie the device’s
dynamics directly to thermodynamics. We estimate four key quantities, using TURs as detailed in the Meth-
ods section (1), for each problem instance: work done on the qubits, heat exchanged, entropy produced
inside the chip, and the effective bath temperature that drives the process. We carried out the experiments
on both one dimensional chains and two dimensional lattice problems that span a representative range of
sizes and coupling strengths. Beyond their immediate implications for annealing, our results contribute to a
broader goal of leveraging quantum thermodynamics—with fluctuation theorems and uncertainty relations
as core tools—to assess and optimize emerging quantum technologies [39-45]. By demonstrating that a
commercial quantum annealer can be characterized by different thermal machine archetypes and by certify-
ing performance limits from fluctuations alone, we provide a general blueprint for thermodynamics-inspired
control of quantum hardware. This helps bridge foundational advances in non-equilibrium quantum physics
with practical metrics for scalable, energy efficient quantum computation.

2 Results

Thermodynamics of quantum annealing.

We programmed a nearest neighbour Ising chain of length N=300, with random couplings drawn uniformly
from [—1, 1] and fields from [—h, k], and started the processor in a Gibbs state of H,, at inverse temperature
B1=1. The lower plots of figure (1) summarizes the environment temperature estimated from the pseudo-
likelihood, Eq. (12), together with our TUR-based bounds on per-spin work, Eq. (10), as functions of the
annealing parameter s, for different longitudinal fields h, and at annealing time of 7 = 100 ps. The reported
bath temperature 75 lies in the 5-25 mK range across the anneal and exhibits a clear feature around s,~0.6
where it rises and then levels off; the same s,-window coincides with the peak in the (lower) bounds on
work per spin and on power per spin.

The temperature extracted in the lower panel of Figure (1) should be interpreted as an effective
temperature of the sampled Ising degrees of freedom, not as a direct measurement of the refrigerator
plate temperature. This distinction is important because the pseudo likelihood, Eq. (12), results from the
physical temperature, the programmed energy scale, freeze-out effects, calibration errors, and residual non-
equilibrium dynamics. Its value is useful for the TUR-based characterization: when the same instance and
schedule are repeated, changes in 75 provide a sensitive diagnostic of where the processor exchanges energy
most strongly with its environment.

This observation suggests a simple built-in thermometry protocol. One may choose a calibrated reference
instance, prepare the same initial Gibbs ensemble, repeat the reverse annealing cycle, and infer 75 from
the output bitstrings using the known programmed Hamiltonian. Drifts in the inferred temperature then
indicate changes in the effective thermal state sampled by the active qubits. This does not replace cryogenic
thermometry, which measures the temperature of the surrounding hardware, but it gives a local thermometer
for the computational degrees of freedom that enter the annealing experiment.

D-Wave documentation states that the quantum processing unit generally operates below 20 mK; our
T5 estimates fall within that envelope (allowing for calibration and the fact that our estimator is an effec-
tive temperature derived from qubit statistics rather than a direct thermometer). Additionally, for a one
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Fig. 2: Finite size scaling of thermodynamic bounds in a one dimensional chain. For random
uniform chains with strong random fields, h; € [—2,2], the reverse annealing turning point is fixed at
sp = 0.35 and the chain length L is varied on the D-Wave Advantage6.4 (Pegasus) chip. Panel (a) shows
the pseudo-likelihood estimate of the effective temperature T, for annealing times 7 = 100, 500, 1000 and
2000 ps. Panels (b) and (c) show the work and power bounds per spin, which grow slowly with L and are
consistent with a logarithmic finite size enhancement over the range studied. Panel (d) shows the total power
bound, which grows approximately as Llog L when the per-spin contribution is summed over the chain.

dimensional transverse field Ising model the quantum critical point occurs at I'/J=1 [46]. When the anneal
is written as H(s) = A(s)H, + B(s)H, with J normalized to unity, the critical region is reached when
A(s)/B(s)~1, which on D-Wave systems occurs near the mid-anneal “crossing” of A and B. In this region
one expects enhanced susceptibility and energy fluctuations. Correspondingly, small changes in s produce
large changes in relaxation rates, effective temperature estimates, and dissipation. The sharp change we see
around s, ~ 0.6 in Ty, together with the concomitant peaks in the lower bounds on work, is expected to
match this critical point phenomenology. It also aligns with prior D-Wave experiments showing that dynam-
ics and thermal repopulation are most pronounced near and just after the minimum gap, where pauses
most effectively alter outcomes [14]. Quantitatively, the work bound per annealing cycle time gives an esti-
mate on the power as defined in Eq. (18) of the Methods section (1). The bound on the power follows the
same trend as the work and peaks at O(1072!) Watt, so even at the maximum we infer a power of order
10719 W for N=300—several orders of magnitude below the cryogenic overhead and fully compatible with
sub-20 mK operation. While this is a lower bound on power (the true power can only be larger), it still pro-
vides a meaningful floor on dissipation that is physically small. D-Wave positions the annealing hardware
as operating at very low temperatures with increased energy scale and reduced noise in newer generations;
our observation that certified dissipation remains tiny—yet becomes measurably larger in the critical win-
dow where the system is most dynamically active—is consistent with those claims and with the expected
concentration of energy exchange near the crossing of A(s) and B(s).

Our data support the following picture: (i) across the annealing parameter s the environment behaves as
an effectively cold bath in the millikelvin regime consistent with the chip specifications; (ii) near s, ~0.6 the



ot
w
o

O B < B2 O 81 < B2
a 51 > 82 5 a 5 > B2

5254 2

5004 4

Heater

0.25 0.50 Hot Bath (#)

4.75 1

Accelerator

Hot Bath (81)
(AL
(am) <

(AEy) =
Cold Bath (8)

L

o

o
L

Initial inverse temperature 3;
=N
[
o
"

Accelerator
Heater

0.1 0.2 0.3 0.4 0.5 0.6 0.1 0.2 0.3 0.4 0.5 0.6
Annealing parameter s, Annealing parameter s,

Fig. 3: Thermodynamic phase diagram of a one dimensional random uniform instance. Operat-
ing modes are mapped in the plane spanned by the initial inverse temperature 5; and the reverse annealing
turning point s, for a one dimensional random uniform Ising instance. The two panels compare short and
long cycles: (a) 7 = 100 us and (b) 7 = 2000 us. Each point is classified from the sign structure of the mea-
sured processor energy change and the fluctuation relation bounds on heat and work as detailed in Table (2)
of the Methods section. The solid boundary marks the transition between the observed thermodynamic
modes, while the white boundary indicates an undefined region due to numerical precision. The shorter
cycle shows a sharper boundary, whereas the longer cycle shifts and smooths the boundary, indicating that
relaxation time changes the thermodynamic role of the same programmed instance. The experiment was
performed the D-Wave Advantage6.4 system.

chain is expected to traverses its critical region (defined by A(s)/B(s)a1), which amplifies energy fluctua-
tions and irreversibility; and (iii) this amplification manifests simultaneously in 7> and in the TUR bounds
on work and power. The co-occurrence of these signatures at the same s, is the expected thermodynamic
hallmark of the quantum critical point for this instance.

Scaling with system size.

For the one dimensional random uniform Ising instance (open chain with random couplings J;; € [—1,1],
longitudinal field strength h; € [—2, 2], initial Gibbs preparation at 8;=1) we observe that the TUR bounds
on total work, Eq. (10), and on power, Eq. (18), grow as Llog L, while the corresponding per—spin quantities
grow as log L as shown in Figure (2). This scaling has a clear physical origin [46-49]. The reverse annealing
cycle traverses the critical region of the transverse field Ising model, where low momentum modes become
dense and long ranged correlations develop. In that regime the relevant response functions are dominated by
the infrared part of the spectrum: with a linear low—k dispersion wy ~ v|k| and an energy density correlator
that yields an integrand o< 1/wy (or, equivalently, a susceptibility kernel o 1/|k|), the finite size integral
over available modes produces a logarithmic enhancement,

A
dk A
= 10g<> ~ log L, 1)
A |k| kmin (

min

since kmin ~7/L. In linear response language, the excess (dissipative) work accumulated along the protocol is
proportional to the time integral of such response kernels, so the per—spin dissipated work inherits the log L
factor; multiplying by L then gives the observed Llog L scaling for the total bound. The same reasoning
applies to the bound on power because the cycle time is held fixed across sizes, making power proportional
to the bounded work. The choice of 81=1 for the initial Gibbs state sets the absolute scale of the free energy
bias between the prepared system and the environment but does not alter the infrared structure; hence
it affects prefactors, not the log L form. Consistently, away from the critical region—where the correlation
length is finite and the low—k contribution is cut off by 1/¢ rather than 1/L—the logarithmic growth is
suppressed and per—spin quantities tend to flatten with L. Overall, the empirical Llog L law is the expected
finite size signature of critical fluctuations in one dimension under our protocol, and its appearance in TUR
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Fig. 4: Thermodynamic scans in a one dimensional random uniform Ising chain. A chain of
N = 300 spins, with couplings J;; € [—1,1] and longitudinal fields h; € [—h, k], is initialized from Gibbs
ensembles at 8; = 3.8, 4.4, and 5.2. The reverse annealing turning point sy, is scanned for two cycle durations:
panels (a)—(d) show 7 = 100 us, and panels (e)—(h) show 7 = 2000 us. Panels (a) and (e) report the
effective temperature T5 inferred by pseudo-likelihood thermometry; the horizontal reference lines indicate
the temperatures associated with the initial preparations. Panels (b) and (f) show the measured mean
processor energy change (AF;). Panels (c) and (g) show the upper bound @ < 0 which allows energy
gain by the environment. Panels (d) and (h) show the lower bound on the work supplied during the cycle.
Solid, dashed, and dotted curves correspond to 7 = 3.8, 4.4, and 5.2, respectively, while marker colours
denote the assigned operating mode; grey markers indicate points at which the sign criteria do not provide a
unique assignment. The 8; = 3.8 preparation is predominantly classified as an accelerator, whereas 5, = 5.2
is predominantly classified as a heater. The intermediate preparation follows the crossover between these
regimes. Increasing the cycle duration shifts and smooths this crossover while preserving the same two
operating modes. The experiments were performed on the D-Wave Advantage6.4 system.

lower bounds reflects that these bounds are built from the first two cumulants of the energy change, which
themselves are integrals of energy—energy correlations dominated by long wavelength modes.

Figure (3) gives the cleanest view of how initialization and schedule depth select the operating mode in
a one dimensional random uniform instance. The horizontal axis is the reverse annealing turning point s,
which determines how far the cycle moves away from the classical problem Hamiltonian and into the region
where the transverse driver is active. The vertical axis is the unitless initial inverse temperature 81, which
sets the energy bias of the input ensemble. The two panels compare annealing times of 7 = 100 us and
7 = 2000 us. In both cases the diagram separates primarily into two phases allowed by the TUR bounds:
heater- and accelerator-compatible regions. Thus, for this instance and this range of parameters, the control
field supplies positive work over the cycle; what changes across the boundary is whether the processor gains
energy together with the environment, giving heater operation, or loses energy while the environment gains
energy, giving accelerator operation.

Physically, at lower 1, the initial state is hotter in problem Hamiltonian units. The reverse annealing
cycle then allows the processor distribution to relax towards lower problem energy, so that (AFE;) < 0. If
the environment gains energy and the drive also supplies work, the device is an accelerator: it assists heat
flow and relaxation rather than extracting work from them. At higher 8;, the prepared ensemble is colder
and has less excess problem energy to release. In this regime the same driven cycle can inject energy into
both the processor and the environment, giving heater behaviour. The boundary therefore marks the point
at which the sign of the processor energy change, and hence the thermodynamic role of the drive, switches.

When the annealer is classified as a heater, the external schedule supplies positive work and both the
processor and its environment gain energy over the cycle. Figure 4 connects this definition to the measured
and bounded thermodynamic quantities. For the colder preparation, 5; = 5.2, the processor energy change is
positive over most of the shallow and intermediate turning point range for both 7 = 100 us and 7 = 2000 us
[panels (b) and (f)]. At the same points, the upper bound on @ = —AFj5 is negative [panels (c¢) and (g)],
implying that the environment gains energy, while the lower bound on work remains positive [panels (d) and
(h)], certifying work input by the control schedule. As the annealing parameter s, approaches the largest
values in the scan, the energy change and the heat and work bounds approach zero, and the distinction
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Fig. 5: Thermodynamic phase diagrams of two dimensional Pegasus instances. The operating
mode is shown in the (f1,sp) plane for a two dimensional RAU and CBFM Ising instance embedded
natively on Pegasus and evolved for 7 = 100 us. Colours denote the thermodynamic label assigned from
the measured processor energy change and the bounded heat and work signs. The phase boundary remains
well defined, as in the one dimensional case, but its shape is modified by the higher connectivity and by
the larger number of relaxation pathways available in the two dimensional problem. This demonstrates that
the thermodynamic role of the annealer is controlled jointly by initialization, schedule depth, and problem
structure. The experiments were performed on the D-Wave Advantage6.4 system.

between the modes becomes less pronounced. Heater operation is therefore the simplest driven dissipative
regime: energy supplied by the control fields is neither extracted as work nor used to drive heat against
the preparation bias, but is transferred to the accessible processor and environmental degrees of freedom.
When the annealer is classified as an accelerator, the processor loses energy while the environment gains
energy, but the control field still supplies positive work. The warmer preparation, 5; = 3.8, displays this sign
structure over almost the full scan for both cycle times: (AE;) < 0, Q < 0, and W > 0. The intermediate
preparation, 81 = 4.4, illustrates the effect of the cycle duration. It is predominantly heater-like at smaller
and intermediate s, for 7 = 100 us, but predominantly accelerator-like for 7 = 2000 us. Thus, a longer
cycle shifts the crossover by allowing a different amount of relaxation, without introducing a new class of
operation. The effective temperature in panel (e) is also lower and less variable than in panel (a), while the
energy and bound curves in panels (f)—(h) vary more smoothly.

The comparison between the two annealing times shows that increasing the annealing time from 100 us
to 2000 us shifts and smooths the boundary, but it does not create a qualitatively different phase diagram.
This shows that the annealing time mainly changes how much relaxation can occur during the cycle, and
therefore where the sign change takes place. It does not change the underlying classification principle. This
observation justifies using 7 = 100 us in the subsequent experiments: the shorter cycle gives a sharper finite
time boundary and resolves the operating regimes more clearly, while retaining the same thermodynamic
structure seen at longer times.

Two dimensional instances.

To test whether the observed energy exchange behaviour for 1D instances persists for more connected prob-
lems, we apply the same reverse annealing cycle and two-point energy change analysis to two representative
two dimensional instances on a Pegasus P6 problem graph: a random uniform (RAU) instance, and a cor-
rupted biased ferromagnet (CBFM) [50], chosen to span increasing landscape ruggedness. In CBFM, each
qubit field is assigned as h; = —1 with probability 0.85 and h; = 0 with probability 0.15. Each available
coupler is assigned as J;; = +1, J;; = —1, or J;; = 0 with probabilities 0.55, 0.10, and 0.35, respectively.
For each instance we scan the reverse annealing turning point s, for an annealing time of 7 = 100us. From
the observed statistics of the quantum processing unit energy change AE; we extract (i) an effective envi-
ronment temperature Ty via pseudo-likelihood thermometry and (ii) TURs lower bounds on the average
work and power per spin.
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Fig. 6: Scans underlying the thermodynamic classification at 7 = 100 us. The reverse annealing
turning point s, is scanned for several preparation temperatures. Panels (a—d) show the random uniform
instance and panels (e-h) show the corrupted biased ferromagnet (CBFM) used as a more rugged compari-
son. The plotted quantities are the effective environment temperature 75, the mean processor energy change
(AE7), the bound on heat dumped into the environment, and the bound on work. The rapid changes of
all quantities in the same interval of s, identify the active window that controls the phase boundaries. The
comparison with the corrupted biased ferromagnet shows that problem structure broadens this window and
increases the baseline thermodynamic cost. The experiments were performed on the D-Wave Advantage6.4
system.

Figure (5) extends the operating mode analysis to the two dimensional RAU and CBFM instance at
7 = 100 pus, where we see that the same experimentally accessible controls, 1 and sp, maps the TUR-
allowed thermodynamic regions. The boundary is no longer identical to that of the one dimensional instance,
but this is expected: increasing the connectivity changes the spectrum of accessible configurations, the
number of relaxation pathways, and the probability that defects are created or removed during the cycle.
The engine/accelerator-compatible label is retained deliberately. Since only AE; is measured directly, the
signs of heat and work are inferred through bounds. In regions where the available bounds do not uniquely
separate work extraction from driven acceleration, assigning a combined label avoids overinterpreting the
data. Therefore, this shows that the thermodynamic role of the annealer is programmable but not universal.
It is programmable because changing (; or s, can move the same hardware between refrigerator, and
engine/accelerator thermal operation allowed by TURs. It is not universal because the position and shape
of the boundaries depend on the problem graph. In a two dimensional instance, each spin is coupled to
more neighbours than in a chain, so a local change can affect more terms in the problem Hamiltonian.
This increases the number of possible relaxation routes and changes the balance between energy lowering,
excitation production, and heat exchange with the environment. The resulting boundary is therefore a
property of the full experimental protocol: hardware, problem instance, initialization, and schedule.

Figure (6) displays how the effective temperature T5, the mean processor energy change (AE;), the heat
bound, and the work bound vary as s;, is scanned at fixed 7 = 100 pus. The most important feature is that
these quantities change together. The phase boundary is therefore not an artifact of a single fitted parameter.
It is supported simultaneously by the drift of the processor energy distribution and by the fluctuations that
enter the thermodynamic bounds. For the random uniform instance, the response is relatively sharp. Over
much of the scan the annealer remains in a weakly perturbed regime: the output distribution changes slowly
with sp, the inferred temperatureT; is nearly constant, and the heat and work bounds remain modest. In a
narrower interval of s,, the mean energy change and the thermodynamic bounds vary rapidly. This is the
schedule region where the reverse annealing cycle most efficiently changes the output distribution. Physically,
the system is then deep enough into the schedule to allow transitions between nearby configurations, but
not so deep or so shallow that the dynamics become either fully randomized or almost frozen. In this
window, small changes in s, produce large changes in relaxation and excitation probabilities, which is why
the operating mode can change over a narrow range of the control parameter.

The comparison with the corrupted biased ferromagnet shows that the thermodynamic response is
instance dependent. The corrupted biased ferromagnet has a more structured energy landscape, with local
defects and competing tendencies that are harder to remove during the return branch of the cycle. As a



result, the scans are broader and the baseline energy changes are larger. This means that the annealer
spends a wider range of s, values in a thermodynamically active regime. In practical terms, the same
reverse annealing schedule carries a different energetic cost depending on the problem. A schedule that is
nearly reversible for a smoother random uniform instance may generate larger heat and work bounds for
a more rugged instance. Figure (6) therefore provides the microscopic explanation for the phase diagrams:
the boundaries arise where the measured energy drift and its fluctuations become large enough to change
the inferred signs of heat and work.

Because the operating mode maps depend on the prescribed initial Gibbs ensemble, we separately exam-
ined the convergence of the classical sampler used for the RAU and CBFM preparations. The sampled energy
and magnetization reach stationary plateaus over the production burn-in range, with magnetization close to
zero for RAU and finite magnetization for CBFM, as expected from their different coupling structures. The
corresponding diagnostics are reported in Appendix (A). These checks support stationarity of the low order
observables that determine the initial energy scale, while not establishing that the complete high dimen-
sional distribution is exactly Gibbsian. To examine the dependence on hardware generation, we repeated
the RAU and CBFM analysis on a D-Wave Advantage2 processor using the same thermodynamic prescrip-
tion. Appendix (B) shows that the same ordering of engine/accelerator-compatible, and refrigerator regions
is recovered, although the fitted effective temperatures and the locations of the mode boundaries differ
between instances and processors. This comparison supports transferability of the classification procedure,
but not universality of the estimated temperatures or operating mode boundaries.

In summary, we showed that reverse annealing can be used as a thermodynamic control protocol. The
D-Wave processor is not merely sampled after an anneal; it is driven through a closed cycle whose energy
balance can be classified. Heater-, accelerator-, engine-, and refrigerator-compatible operations are therefore
not metaphors for computational performance. They are experimentally defined energy flow regimes of the
programmed quantum processing unit degrees of freedom. This provides a useful layer of characterization
in addition to success probability or time to solution: it identifies which schedules solve or sample a problem
with small thermodynamic cost, which schedules deliberately enhance relaxation, and which schedules cross
into regimes where work and heat change sign.

3 Discussion

We studied a commercial quantum annealer as a programmable thermal machine whose operating mode can
be selected by experimentally accessible controls. Building on reverse annealing cycles and two-point energy
change measurements, we demonstrated that by tailoring the schedule and the initialization temperature
the same device can realize multiple thermodynamic behaviours allowed by the TUR bounds, and that
these regimes can be diagnosed operationally from the sign structure of the cycle averaged energy exchanges
without invoking a detailed microscopic bath model.

A central technical outcome is that TURs, combined with the exchange fluctuation framework, turn the
limited energy readout available on today’s annealers into information about thermodynamic performance.
Concretely, the first two moments of the measured processor energy change AF; suffice to place bounds
on entropy production and on per-cycle heat and work, and hence to obtain bounds on per-cycle power
for any chosen protocol. This methodology is device agnostic and relies only on statistics that are already
accessible at the user level, enabling thermodynamic benchmarking to be carried out alongside standard
computational metrics.

Across one and two dimensional instances, we found that energy exchange and irreversibility concen-
trate within a relatively narrow mid-anneal window where the driver and problem energy scales compete
most strongly. In this window, effective thermometry signatures and TUR-based dissipation bounds become
most pronounced, while outside it the TUR-based lower bounds on dissipation are smaller, consistent with
millikelvin operation. The resulting operating mode phase diagrams in the (81, s,) plane provide a com-
pact, experimentally grounded map of when the TUR-allowed heater, engine, accelerator and refrigerator
behaviour is accessible.

A connection between the thermodynamic classification and computation can be established by the
measured processor energy change AFE;. When an optimization problem is encoded consistently in the Ising
energy F, including sufliciently strong penalties for constraints, AE; < 0 means that the final bitstring
has a lower programmed cost than the initial bitstring, whereas AF; > 0 means that its programmed cost
has increased. In the one-dimensional accelerator regime observed here, the processor loses energy while the
control schedule supplies positive work. Computationally, this corresponds to a driven refinement step in
which external control assists the transition from the supplied initial candidate toward configurations with
lower objective energy. Accelerator operation does not guarantee that the global optimum is reached, but it
shows that the protocol improves the encoded objective on average relative to its starting ensemble. Heater
operation has the opposite final state effect: the processor gains energy and the returned configurations have a



higher programmed cost on average. It is therefore generally undesirable as the final stage of an optimization
run. A controlled heater-like stage could nevertheless be tested as an intermediate diversification step that
moves the system away from a local basin before a later refinement cycle. The present measurements do
not establish such a computational benefit, but reverse annealing and pausing studies show that changing
the accessible search range and relaxation time can substantially alter the probability of finding improved
solutions [14, 33-35, 51].

The refrigerator- and engine-compatible phase require a more careful computational interpretation.
Refrigerator operation means that the drive forces energy exchange against the spontaneous thermal bias.
Depending on whether f; < 2 or 51 > fs, this operation can be associated with either a decrease or an
increase of the processor energy. Consequently, refrigerator operation represents computational improve-
ment only at points where AE; < 0; the thermodynamic footprint alone is not sufficient. Likewise, an
engine-compatible point should not be interpreted as a computational speedup or as a solution obtained
without cost. In the present analysis, the work bound does not uniquely distinguish work extraction from
driven acceleration, which is why the combined engine/accelerator-compatible label is retained. Computa-
tional performance must therefore be assessed separately through the probability of improving the initial
state, the fraction of feasible outputs, the probability of reaching a target energy, the mean and best objec-
tive gaps, sample diversity, and time to solution. A direct extension of the present work would report these
quantities conditionally on the thermodynamic mode. Such an analysis would determine whether particular
modes predict useful refinement, exploration, or loss of solution quality, rather than assuming this relation
from thermodynamic signs alone [1-3, 14, 15].

The thermometry analysis provides an additional operational interpretation of these phase diagrams.
The inverse temperature 2 obtained from pseudo-likelihood fitting should be understood as an effective
temperature parameter of the sampled Ising degrees of freedom, rather than as a direct measurement of
the dilution refrigerator plate temperature. It results from the physical temperature with the programmed
energy scale, schedule dependent relaxation, freeze-out, and possible deviations of the output distribution
from an exact Gibbs state. The simultaneous variation of T, (AE;), and the TUR-based bounds within
the same mid-anneal interval therefore indicates that the estimator is sensitive to the part of the schedule
in which the sampled distribution is reorganized most strongly. In addition, the line 81 = [ separates
the two possible effective temperature orderings. Crossing this line reverses the spontaneous direction of
heat exchange and consequently changes which mixed sign energy flow pattern corresponds to refrigerator
or engine/accelerator operation. Repeating the protocol for a fixed calibrated instance, embedding, energy
normalization, and schedule can therefore provide a built-in effective thermometry diagnostic for the active
qubits, with systematic shifts in T5 serving as indicators of changes in relaxation, freeze-out, or calibration.
This diagnostic is complementary to, but does not replace, cryogenic thermometry [19-22].

Our results are also relevant when the annealer is used as a probabilistic sampler rather than as an
optimizer. In this setting, the objective is not necessarily to return one minimum energy configuration,
but to produce a distribution with a controlled balance between low energy weight and sample diversity.
Under an approximate Gibbs description, a lower effective temperature concentrates probability on low
energy configurations, whereas a higher effective temperature broadens the distribution over a larger part
of the configuration space. The thermodynamic mode provides complementary information about how this
distribution was produced. Accelerator-like relaxation can increase the weight of lower energy samples, while
heater-like operation broadens the sampled energy range; refrigerator operation indicates that the control
protocol drives the distribution against its spontaneous thermal tendency. These distinctions can inform
schedule selection in Boltzmann machine training, probabilistic inference, and generative sampling, where
both the effective temperature and the diversity of the returned configurations matter. The usefulness of a
given mode for sampling must, however, be evaluated together with a fitting test for the Gibbs description,
because a fitted temperature alone does not establish that the complete output distribution is thermal
[9, 19, 21].

The operating mode maps also have implications beyond optimization. In statistical physics and materi-
als simulations, quantum annealers are used to study magnetic ordering, defect formation, phase transitions,
and nonequilibrium relaxation. For such applications, the distinction between accelerator, heater, and refrig-
erator operation indicates whether the chosen schedule mainly supports relaxation toward lower energy
configurations, broadens the sampled ensemble through net heating, or drives energy against an effec-
tive thermal bias. This information can help separate properties of the programmed model from artefacts
introduced by the control schedule and hardware environment. The effective thermometry and energy flow
classification are therefore relevant to simulations in which temperature, thermalization, and relaxation rates
are physical observables rather than unwanted disturbances [4-6].

From a computer engineering perspective, the present bounds provide chip-level information that is
absent from conventional benchmarks based only on runtime and solution quality. They can be used to
compare schedules that produce similar computational outputs but differ in their minimum energy exchange.
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This comparison is only one part of a complete energy assessment: programming, readout, control electronics,
refrigeration, embedding overhead, total runtime, and the probability of obtaining an acceptable solution
must also be included. Combining these levels would make it possible to compare algorithms through energy
to solution, rather than through energy per annealing cycle alone [14, 27, 38].

The present results motivate four related directions. First, computational metrics should be evaluated
within each thermodynamic mode by measuring objective improvement, feasibility, target-energy probabil-
ity, sample diversity, and time to solution. Second, schedule parameters such as cycle time, pauses, and locally
slowed ramps can then be selected jointly for solution quality, sampling behaviour, and thermodynamic cost.
Third, the same classification can be applied to statistical-physics simulations to identify where measured
observables are dominated by relaxation, net heating, or driven heat transfer. Fourth, the chip-level bounds
should be integrated with programming, control, readout, and refrigeration costs to obtain an application-
level energy-to-solution measure [5, 14, 27, 33, 34, 38]. Overall, the results show that a quantum annealer is
not only an optimizer or sampler, but a controlled computing system whose output distribution and energy
exchange respond jointly to the problem encoding, initialization, and schedule. The thermodynamic clas-
sification therefore provides an additional tool for selecting and comparing computational protocols, while
remaining complementary to direct measures of accuracy, runtime, and sampling quality.

4 Methods

We now detail the experimental and analytical procedures that underpin our results. Our methodology is
modular and device agnostic: it specifies (i) the effective Hamiltonian realized by the quantum annealer,
(ii) the reverse annealing protocol that implements closed thermodynamic cycles, and (iii) a measurement
scheme based solely on two—point energy differences of the problem Hamiltonian. Building on this, we
extract heat and work from energy—change statistics using exact fluctuation identities, and derive TUR
lower bounds. The same framework allows for an operational classification of engine- heater-, refrigerator-
, and accelerator-compatible regimes from the sign structure of average energy exchanges, and provides
an estimate on the power at finite annealing time. Throughout, we state assumptions explicitly (reverse
annealing, two temperature preparation, and factorized initial state) and report sampling procedures and
uncertainty quantification to ensure reproducibility.

4.1 Hardware and model

All demonstrations were performed on commercial D-Wave quantum annealer (Advantage and Advantage2
systems) operated via the Leap cloud interface. The effective device Hamiltonian is a transverse—field Ising
model.

A

Hising(s) = — (=) ZU;TC + Bs) Zhiaf + ZJijUfo'; , s € 10,1]. (2)

2 2 —
1>]
with A(s) and B(s) being the transverse field (driver) schedule and problem Hamiltonian schedule, respec-
tively. Pauli operators o} on physical qubits, programmable fields {h;} and couplers {J;;}, and a
dimensionless annealing parameter s € [0,1] that sets the relative weights of driver and problem terms.
Device—level parameters (qubit temperature, programming/readout times, slope limits) follow the vendor
specifications and are held fixed throughout.
The measurements were performed on three D-Wave chips whose main specifications are summarized
in Table (1). The Advantage processors implement the Pegasus P16 topology, for which a qubit has a
nominal maximum degree of 15, whereas the Advantage2 processor implements the Zephyr Z12 topology
with a nominal maximum degree of 20 [52-54]. The increased Zephyr connectivity can reduce the embedding
overhead for non-native problem graphs, but it does not change the thermometry procedure.

Table 1: Specifications of the D-Wave quantum processors

Solver identifier Native topology Maximum degree Active qubits Active couplers
Advantage_system5.4 Pegasus P16 15 5614 40050
Advantage_system6.4 Pegasus P16 15 5612 40088
Advantage2_system2.1 Zephyr 712 20 4516 40448
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4.2 Annealing protocols

We implement reverse annealing cycles in which s(t) starts and ends at 1, dips to a programmable minimum
Sp, then returns to 1:

1—-2(1—s,)t/T, t e |0,7/2],
o= [120e 0.7/2) 5
1428, +2(1—sp)t/7, te[r/2,7],
with total cycle time 7. This cyclic schedule ensures H(0) = H(1) = Hy =3~ hioj + 32, ;y Jijoi o}, which
is crucial for the two—point energy measurement used below.

4.3 State preparation

Each run begins from a classical spin configuration o € {4-1}" sampled from the Boltzmann distribution
of H, at an effective inverse temperature (i:

e—P1Ep()

Plo] = Wa Ep(o) = ;hﬂi + <ZJ> Jij0i0;. (4)

The processor remains coupled throughout the cycle to its cryogenic environment, represented within the
effective two temperature description by the inverse temperature parameter 5. In practice, s is estimated
from pseudo-likelihood fits to the output configurations, while 3; is fixed by the classical sampling routine
used to prepare the initial configurations. No fixed ordering between (; and By is imposed across the
complete parameter scan; their relative ordering is determined point by point and identifies which subsystem
is effectively hotter.

4.4 Measured observable and two—point energy change

Because H(0) = H(1) = H,, the processor energy change over one reverse cycle is accessible by two—point
measurement of H:

AE, = Ep(U(T)) — Ep(o'(O)), (5)
where o(7) is the readout configuration at ¢ = 7. Repeating the cycle yields the empirical distribution
p(AFE;) and its first two moments (AE;) and (AE?). We collect at least 10* cycles per setting to suppress
statistical error and to tighten the bounds described below.

4.5 Exchange fluctuation theorem and entropy production
Consider the compound (system + environment) initialized in the factorized thermal state

e~ P1Hp e P2HE

o= Zp(B1) ® Zp(B2) ©)

For any cyclic protocol (H(0) = H(1) = H,), the joint distribution of the stochastic energy changes AE; o
of the processor and the environment obeys the exchange fluctuation theorem

p(AEl7 AEQ)
p(fAEl, 7AE2)

= exp(f1AEL + B2 AE,), (7)

which implies the second law in the form (X) = 81 (AFE;) + 52(AE3) > 0 [55-58]. Here we identify average
heat dumped into the bath as (Q) = —(AFE>) and average driving work as (W) = (AE;) + (AE5).

4.6 TUR-based bounds from AF; alone

Only AEFE; is directly accessible on current hardware. Using (7), the thermodynamic uncertainty relations
(TURs) bound entropy production and, in turn, heat and work in terms of the first two moments of AF;
alone. Defining g(z) = z artanh(z), one finds [59-62]

(AEL)
() > 29(\/@) ) (8)

Q) s 2o SBE) ) A
Q) = ﬂ2g< <AE%>) 5, (AE), 9)
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2 (AE) ( B )
(W) > 62g< (AEf)) + (1 5 (AEY). (10)
Equations (9)—(10) provide device—certified, bath model-free lower bounds on —(Q) and (W) using only
B1,2 and energy—change statistics. The inverse temperature B2 of the environment is obtained by fitting
the sampled spin configurations to the Boltzmann distribution encoded by the programmed couplings and
fields [13, 63, 64]. Concretely, for a dataset (D = {s(1),... s(P)}), the average pseudo-likelihood (A(3)) is
evaluated as a function of B3, and given by:

N D
= ﬁZZm 1+exp —ZBs(d)<h +Z iS5 ) . (11)

=1 d=1 JE;

The fitted inverse temperature maximizes the average pseudo-likelihood. Thus
2 = axg max A(9) (12)

states that (5 is chosen as the parameter that makes the observed samples most consistent, spin by spin,
with the conditional probabilities implied by the Ising model actually run on the device.

The pseudo-likelihood procedure returns a dimensionless inverse temperature parameter 32, because the
fit is performed using the dimensionless classical Ising energy. To express this parameter as a temperature,
we use the chip specific annealing functions supplied by D-Wave [65-67]. The physical energy associated
with a classical configuration at an annealing fraction s is

hp 10°
gp (8117 0') =

Bz (sp) Ep(o), (13)

where hp is Planck’s constant and Bgy,(s) denotes the numerical value of the D-Wave problem Hamiltonian
schedule in GHz. The subscript P on hp distinguishes Planck’s constant from the programmed local fields h;.
Matching the fitted distribution

p(o) x exp [=frEp (o)) (14)
to the physical Boltzmann distribution
plo) cexp |- ) (15)
gives
hp 1OQBGHZ (Sp)
- - GHeop) 1
/82 (SZJ) QkBTQ (Sp) ( 6)

The effective temperature in millikelvin is therefore

hp 10° Bana(sp)
2kpBa2(sp)
BGHZ(Sp)
Ba(sp)

The numerical coefficient in Eq. (17) follows from hp = 6.62607015 x 1073*Js and kg = 1.380649 x
10723 JK~1. The factor of 1/2 follows from the D-Wave Hamiltonian convention used above.

Combining (¥) > 0 with (W) = (AE;)+ (AE5) constrains the thermodynamically allowed sign patterns.
Since [ is controlled by the preparation procedure, whereas s is inferred from the output ensemble, we
do not impose a fixed ordering between them. Both 0 < 81 < B2 and 0 < Py < (51 can occur across
the parameter scans. The ordering determines which subsystem is effectively hotter and therefore fixes the
spontaneous direction of energy exchange. Reversing the ordering interchanges the roles of AE; and AF5 in
the refrigerator, engine, and accelerator modes, while the heater sign pattern remains unchanged. Table (2)
summarizes the thermodynamically allowed sign conventions between the processor energy change and its
environment.

Given the annealing time 7, we report a bound on the power

w _ 2 (AE) B
Pound > - W = BQQ<<AE%>> + (1 — @)<AE1> (18)

Ty(sp) mK] = 103

= 23.9962 (17)
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Table 2: Thermodynamic sign conventions
for the processor energy change (AF1), envi-
ronment energy change (AFEs), and driv-
ing work (W) = (AE4) + (AEs). Positive
(negative) work denotes energy supplied by
(extracted from) the drive.

0< p1<PB2 (Th > Tz: subsystem 1 is hotter)

Operation (AEy) (AE) (W)
Refrigerator [R] >0 <0 >0
Engine [E] <0 >0 <0
Accelerator [A] <0 >0 >0
Heater [H] >0 >0 >0
0< B2 <pB1 (T2 >Ti:subsystem 2 is hotter)
Operation (AE1) (AE») (W)
Refrigerator [R] <0 >0 >0
Engine [E] >0 <0 <0
Accelerator [A] >0 <0 >0
Heater [H] >0 >0 >0

4.7 Experimental procedure and statistics

For each annealing parameter and annealing duration (s,,7) we: (i) draw M initial configurations from
(4); (ii) execute a reverse cycle (3) and read out o(7); (iii) compute AE; via (5); (iv) accumulate moments
(AE,), (AE?); (v) estimate 32 via pseudo-likelihood; (vi) evaluate the bounds (8); and (vii) assign the
thermodynamic regime using the sign structure above. We use M >10* cycles per point (unless otherwise
stated).

4.8 Assumptions, controls, and reproducibility

Our analysis assumes: (i) cyclic schedule H(0) = H(1); (ii) initial factorized thermal state (6); and (iii)
validity of the exchange fluctuation theorem (7) for the compound. TUR bounds (8)—(10) follow directly
from (7) and do not require Markovianity or weak coupling, making them robust to device nonidealities.
We verified that conclusions are stable under moderate changes of s,, under optional pauses, and across
programming batches.

A Validation of the prepared Gibbs ensembles

The thermodynamic analysis assumes that the initial configurations are sampled from a Gibbs distribution
of the programmed problem Hamiltonian at inverse temperature ;. We therefore checked the convergence
of the classical sampler used to prepare the input states before sending them to the quantum annealer.
Figure (7) shows the sample energy and magnetization as a function of the number of burn-in sweeps for the
two Pegasus P6 instances used in the two dimensional experiments: the random uniform instance (RAU)
and the corrupted biased ferromagnet (CBFM).

For the RAU instance, the sample energy decreases during the first sweeps and then approaches a stable
plateau for all tested values of 1. The approach to the plateau is faster at smaller 1, while the lowest
temperature samples require longer burn-in. The magnetization remains close to zero after burn-in, as
expected for a random instance without a global ferromagnetic bias. The absence of a systematic late time
drift in both observables indicates that the sampler has reached a stable region for the low order observables
used in the thermodynamic analysis.

For the CBFM instance, the energy also relaxes to a plateau after burn-in, but the plateau values
are lower and the magnetization remains finite. This finite magnetization is expected because the CBFM
contains a biased ferromagnetic structure with local corruptions; it is not, by itself, a sign of poor sampling.
As in the RAU case, the slowest convergence occurs for the largest 51, where low energy configurations are
sampled more selectively. We therefore choose the production burn-in from the plateau region of the energy
and magnetization curves and use the same criterion for all preparation temperatures.

These diagnostics do not prove that the full high dimensional distribution is exactly Gibbsian. They
show that the main observables controlling the initial energy scale and the global bias are stationary after
burn-in. In the main analysis, this check is combined with pseudo-likelihood thermometry of the output
samples and bootstrap uncertainty estimates for the thermodynamic bounds. The resulting phase diagrams
should therefore be read as operational thermodynamic maps of the implemented protocol, with accuracy
limited by Gibbs sampling quality, hardware calibration, and finite sampling statistics.
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Fig. 7: Burn-in diagnostics for the Gibbs initial samples. Sample energy E and magnetization M
are shown as functions of the number of burn-in sweeps for the RAU (upper row) and CBFM (lower row)
Pegasus P6 instances. In both cases the energy reaches a plateau after an initial relaxation period. The
RAU magnetization fluctuates around zero, while the CBFM magnetization remains finite because of the
biased ferromagnetic structure of the instance. The plateau region is used to choose the burn-in length for
the production samples.

B D-Wave Advantage2 thermodynamic analysis

We report additional measurements obtained on a D-Wave Advantage2 processor for two dimensional RAU
and CBFM instances. The analysis follows the same protocol as in the main text. A classical initial state is
drawn from a Gibbs distribution of the programmed problem Hamiltonian at inverse temperature §;. The
system is then evolved under a reverse annealing cycle of duration 7 = 100 ps, with turning point s,, and
the final bitstrings are used to compute the two-point energy change

AE, = By(o(r)) — Ey(0(0)).

From the output configurations we estimate the effective inverse temperature B2 by pseudo-likelihood
thermometry and evaluate the same bounds on heat and work used in the main analysis. The resulting
temperature should be interpreted as an effective temperature of the sampled Ising degrees of freedom. It
is not a direct measurement of the refrigerator plate temperature. Figure 8 summarizes the thermodynamic
scans obtained on Advantage2. For the RAU instance, the effective temperature T» remains close to 31 mK
over most of the interval 0.1 < s, < 0.55, with a moderate increase at larger turning points. In the same
range, the mean processor energy change (AFE;) is negative for the plotted initial temperatures, and its
magnitude decreases as s, is increased. The heat bound shows the same qualitative trend. The work bound
is more sensitive to the initial preparation: for the warmest RAU preparation shown here, 5; = 0.6, it is
negative over much of the scan and crosses toward positive values near the largest turning points. For the
colder preparations, f; = 0.75 and 0.85, the work bound is positive over most of the scan.

The CBFM instance shows a different thermodynamic response. Its inferred effective temperature is
higher, approximately 70-80 mK, and varies only weakly with s,. The magnitudes of (AE;) and of the
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Fig. 8: D-Wave Advantage2 thermodynamic scans for two dimensional RAU and CBFM
instances. Panels (a—d) show the random uniform (RAU) instance for 8; = 0.6,0.75,0.85. Panels (e-h)
show the corrupted biased ferromagnet (CBFM) for 51 = 0.2,0.3,0.5. The plotted quantities are the effec-
tive temperature T5, the mean processor energy change (AEj), the bound on heat, and the bound on work
as functions of the reverse annealing turning point s, for a fixed cycle time 7 = 100 ps. Point colours indi-
cate the thermodynamic label assigned from the conservative sign classification used in the main text. The
RAU instance gives effective temperatures near 30-36 mK over most of the scan, while the CBFM instance
gives higher effective temperatures, approximately 70-80 mK. The larger energy-change and heat-bound
magnitudes in the CBFM case indicate a stronger dependence of the thermodynamic response on problem
structure.

heat bound are larger than in the RAU case. This difference should not be interpreted as a direct change
of the cryogenic bath temperature. Rather, it indicates that the output ensemble of the CBFM instance
is described by a higher effective temperature under the programmed Hamiltonian and the chosen reverse
annealing protocol. This is consistent with the more structured energy landscape of the CBFM problem,
where biased domains and local corruptions can make relaxation during the return branch less uniform
than in a random uniform instance. The corresponding phase diagrams are shown in Figure (9). For the
RAU instance, the operating modes are arranged mainly by the initial inverse temperature. At lower 31, the
data fall in the engine/accelerator-compatible region. At intermediate (1, the system enters an accelerator
region. At larger (31, the classification becomes refrigerator. The boundaries are approximately horizontal
for shallow and intermediate turning points, but bend downward when s, approaches the upper end of the
scanned range. This indicates that the schedule depth affects the mode classification most noticeably when
the reverse annealing cycle remains closer to the final classical Hamiltonian during the excursion.

For the CBFM instance, the same sequence of regimes is present, but the boundaries are shifted to
lower values of 8. The refrigerator region dominates for 5; above roughly 0.3, while the engine/accelerator-
compatible region lies below this range. The accelerator band is comparatively narrow and remains close
to the boundary between these two regions. The weak dependence of the CBFM boundaries on s, suggests
that, for this instance and cycle time, the initial preparation temperature controls the thermodynamic label
more strongly than the precise turning point of the reverse annealing schedule.

The difference between RAU and CBFM is therefore useful for interpreting the effective thermometry.
The RAU instance gives a lower and nearly constant effective temperature over most of the scan, whereas the
CBFM instance gives a higher effective temperature and larger energy-change bounds. These trends show
that T5 is an operational property of the full sampling protocol: it depends on the programmed Hamiltonian,
the embedding, the schedule, the hardware calibration, and the finite time dynamics. It should not be read
as a universal temperature of the processor. The data support two conclusions. First, the thermodynamic
classification procedure transfers from Advantage to the Advantage2 processor without requiring a change
in the analysis. Second, the location of the operating mode boundaries is problem dependent. The same
hardware and the same cycle time can give different effective temperatures and different heat and work
bounds when the programmed energy landscape is changed.
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Fig. 9: Advantage2 operating mode maps for two dimensional RAU and CBFM instances.
The thermodynamic label is shown in the (f1,s,) plane for 7 = 100 us. Panel (a) corresponds to the
RAU instance and panel (b) to the CBFM instance. The colour code follows the conservative classification
used in the main text: refrigerator, accelerator, and engine/accelerator-compatible regions. The dashed line
indicates the condition 81 = fs inferred from pseudo-likelihood thermometry. The RAU map contains a
broad engine/accelerator-compatible region at lower §;, an intermediate accelerator band, and a refrigerator
region at larger $1. The CBFM map shows the same ordering of regimes, but the boundaries are shifted to
lower 3; and are nearly horizontal over most of the scanned s, range.

Data availability

All study data are included in this article and the Supplementary Materials. The datasets for the prob-
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