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Abstract

We investigate the composition of diffusion models as combinatorial operations
on their underlying probability distributions. Theory from fuzzy logic allows us
to define a class of score-composition operators that follow DeMorgan’s law. We
reframe Mixture of Experts in this context to obtain the class of Dombi operators,
which provide a parametrised tradeoff between smoothness and precise combinato-
rial reasoning. We show that score-composition with Products of Experts (PoE) can
lead to unstable behaviour and implicit temperature rescaling. In preliminary exper-
iments on SAT problems in continuous settings, we show that Dombi composition
enables combinatorial reasoning and does not suffer from the bias of PoE.

1 Introduction

We investigate compositions of diffusion models from the viewpoint of fuzzy set theory and fuzzy
logic. We propose a procedure to derive sets of well-behaved composition operators, and among
them, propose Dombi operators, which extend the commonly used mixture of experts [Jordan and
Jacobs, 1994] (MoE) to allow modelling of conjunction, disjunction, and explicit negation.

The high fidelity and flexibility of diffusion models have led to widespread use. As they, in essence,
just sample from probability distributions, recent research efforts focus on using ensembles of
diffusion models to encode constraints or enable precise steering of the diffusion process [Ho and
Salimans, 2021, Du et al., 2020, Liu et al., 2022, Garipov et al., 2023, Du and Kaelbling, 2024, Skreta
et al., 2025a,b, Hasan et al., 2025, Thornton et al., 2025]. In the context of energy-based models
(EBMs), compositional generation has long been explored [Jordan and Jacobs, 1994, Hinton, 1999,
2002, Du et al., 2020] via algebraic manipulation of learned energy functions. In this prior work,
different connectives to imitate unions and intersections have been proposed, although products and
mixtures of experts (PoE, MoE) are most commonly used.

We show that existing operators, and especially the used sets of operators, do not carry the well-
understood and favorable properties of fuzzy set operators. These missing properties make them
ill-equipped to deal with more complex compositions of models or to encode model constraints
without introducing biases. Specifically, in Appendix A, we provide a definition for a general class
of DeMorgan dual operators for score models, and show that operators based on the Dombi t-norm
generalize the classical mixture and can be tuned to approximate idempotent and distributive behavior.
In Section 4, we motivate the advantages of these operators and illustrate pathologies that are avoided.
In Section 5, we show as proof of concept that ensembles of models can be composed to allow
combinatorial reasoning and compare the Dombi operators against PoE.
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2 Background & Related Work

2.1 Fuzzy Logic

Fuzzy logic relaxes classical logic from a binary domain to the reals in [0,1]. We follow the
definitions and notation from Klement et al. [2013] for the following concepts. We define a t-
norm, a generalization of conjunction or intersection operations as a function 7" : [0, 1] — [0, 1]
which is commutative, associative, monotonously increasing, and fulfills the boundary condition
Vz € [0,1] : T(z,1) = x. Under the standard negation N(z) = 1 — x, we can define the dual
t-conorm S : [0,1]? — [0, 1], the corresponding disjunction, via DeMorgan’s law as

S(x,y) = N(T(N(z), N(y)))-

T-norms that are strict, i.e., continuous and strictly increasing, can be generated [Dombi, 1982,
Klement et al., 2013] by a continuous, strictly decreasing function f : [0, 1] — [0, oo] with f(1) =0,
as so-called additive generator, i.e., T(z,y) == f~1 (f(z) + f(y)) . For this work, the parametrised

Dombi t-norm is the most important representative, generated by f»(z) = (2 —1)~*, itis defined as

1
T () = O M

1+ ((;1)A+ (;1)A)

A favorable property of the Dombi t-norm, is that limy_, ., 7% = T3 = min. The minimum t-norm
Ty together with S); = max forms the only DeMorgan dual that is continuous, idempotent with
Tr(z, ) = o and that is distributive with Ty (z, Sar(y, 2)) = Sm(Tar (2, y), Tar (2, 2)) and is the
basis for Godel logic [Klement et al., 2013].

2.2 Score-Based Models

We want to generate samples x € X, following some unknown distribution represented by a score-
model. A score model parametrised by 6 allows us to draw samples according to the density function

exp(~Ep(x)

po(x) = Z

Here Fy(x) (the energy) represents the unnormalized negative log-likelihood, and Z is the (unknown)
normalizing constant

Zy = /eXp(—Eg(X))dX.

Diffusion models then learn the score function sg(x) = Vxlogpg(x) = —VxEy(x). Our target
distribution, however, is not static: we first consider a family of perturbed distributions {p,(x) }1c[0,1]»
defined by a forward diffusion process. Starting from the data distribution py(x), we gradually add
Gaussian noise according to the Itd SDE

dXt:f(Xtat)dt_'_g(t)dwta X0 ™~ Po,

where f(t) is the drift coefficient, g(¢) the diffusion coefficient, and w; a standard Wiener process
[Ho et al., 2020, Song et al., 2021]. This defines a Markov chain with marginal densities p;(x) that
interpolate between the data distribution (¢ = 0) and an easy-to-sample prior such as A/(0,I) (¢ = 1).
This construction is linear: applying the noising operator NV; to a mixture of distributions is equivalent

to mixing the individually perturbed distributions, Nt( > )\ip(i)) =3, ANy (p?) . To sample, we
simulate the backward process

dx; = [f(xe,t) — g*(t)Vx log pi(x¢)] dt + g(t)dw.

As the focus of this work is not on the dynamics of this process, we write our results for ¢ = 0 unless
explicitly mentioned otherwise.



2.3 Composition of Score Fields

A rapidly growing body of work exists on the compositions, mixtures, and products of EBMs, flow,
and diffusion models. We explicitly focus on training-free mixtures of score functions in diffusion.
Prior work [Du et al., 2020, Skreta et al., 2025b] mainly bases composition on probabilistic operations
on the underlying distributions. As the interpretation of these operations is often logical or set-
theoretic, we will use the symbols {V, A, =} to denote them, for both probability densities and their
scores. In score-based modelling, conjunctions are then represented by products

P1(x) Ax p2(x) = p1(x)p2(x) = s1(x) Ax s2(x) = s1(x) + s2(x) ()
and disjunctions by mixtures
1 1
p1(x) Vi p2(x) = oP1 (x) + §p2(x) = 3)
exp(—FEi(x))
Zje{Lz} exp(—E;(x))

where the required energies, i.e., the negative log-likelihoods, can be estimated during inference with
Itd’s lemma [Karczewski et al., 2025, Skreta et al., 2025b]. It is to note that for ¢ # 0, nonlinear
compositions do not commute with the noising operator, i.e., N¢(p1) V4 Ni(p2) = Ni(p1 V4 p2) but
Ni(p1) Ax Ni(p2) # Ni(p1 A+ p2). This means that naive composition of perturbed score models
leads to a bias that can be corrected with methods like sequential Monte Carlo [Skreta et al., 2025a,
Thornton et al., 2025].

5(x), “

51(x) V4 sa(x) =
i€{1,2}

To avoid samples from certain distributions, EBM’s and score models are often negated relative to
others [Vedantam et al., 2018, Garipov et al., 2023, Skreta et al., 2025a], as also done in classifier-
free guidance [Ho and Salimans, 2021] (CFG), e.g., for v € R+ p1(x)/p2(x)?. This and similar

operations make implicit use of the reciprocal as pseudo-inverse = py(x) = 1/pa(x), but to the
best of our knowledge, explicit negations in score-models are not often explored. Two noteworthy
exceptions from product-based conjunctions are Garipov et al. [2023], who model conjunctions with
the harmonic mean

P (pa(x)

p1(x) + p2(x)’

but do not define disjunctions, and Skreta et al. [2025b], who reweigh individual scores at each time
(even negatively) to approach a region of equal density in all distributions.

p1(x) A p2(x) =

3 Dombi Density Operators

We can extend the definition of T-norm and conorm pairs to obtain DeMorgan dual density and score
operators. Appendix A describes the exact requirements to generate a set of operators. As a special

class we propose and investigate the DeMorgan operators generated by fy(z) = (% — 1)4\ and
dc(x) = 71¢ for A, ¢ € R>(. This choice of f not only recovers the Dombi t-norm, but ¢. expresses
negation with reference to c. This helps stabilize the behaviour of the operator in practice, and shows

that our formalism is fully compatible with Garipov et al. [2023].

Definition 3.1 (Dombi Operators). Choose A € R>q and a fixed continuous function ¢ : X — R>.
With f(x) = (% — 1)7)\ and ¢.(x)(r) = ﬁfor A € Ryg, where s = Vyloge. Then the

Dombi operators are defined as

) o
—ep(x) = o) —05(X) = 25.(x) — s(x) )
p1(x) A p2(x) = 21(3c)pa ) U 51(x) Ay s2(x) = D ieq1,2} XP(AEi(x))si(x)

(p1(x)* + pa(x)?) Zie{l,Q} exp(AE;(x)) ©
Zie{m} exp(—AE;(x))si(x)
Zi€{1,2} exp(—AE;(x))
(N

P1(X) Va pa(x) = (pl(x)/\ +P2(X)/\)1/)\ = 51(x) Vi s2(%x) =



This definition bears multiple remarkable properties. First, we can note that p;(x) Vi pa(x) =
p1(x) + p2(x) and p1(x) Ay pa(x) = %, the harmonic mean operator used by Garipov
et al. [2023] Further, using a probability distribution as a reference allows us to recover the contrast

operator of Garipov et al. [2023] as well:

I R

Besides the connection to prior work, the parameter A from the Dombi operators naturally appears as
inverse temperature in the score composition. For A — oo, the Dombi operators recover the exact
{min, max} lattice, along with its distributive and idempotent behavior. For finite A, the following
simple bounds can be used to quantify biases in density compositions.

This means that for high values of A\, we can recover an exact lattice structure, and with it, obtain
idempotent and distributive laws. For a given value of ), the maximal difference between the Dombi
operators and the min / max functions can be easily bounded as an additive term in log-likelihood:

Proposition 3.2. Let Ay, V) be the Dombi density operators. Then it holds that

min{z, )
Vﬂc,yERZ():#gx/\)\ygmm{x,y} 8)
Vz,y € Ryo:max{z,y} <z Vyy < max{x7y}2l/>\ ©)

Proposition 3.2 gives us a constant additive error-bound on energies, which we can easily propagate
through formulas to gauge the maximal density bias we can introduce when applying distributive
laws.

Corollary 3.3 (Idempotency Bias). Let A,V be the Dombi density operators. From the proof of
Proposition 3.2 it follows that

Vo € Rsg:xVyz =22z (10)
Ve € Rsg:xAya =271z (11)

Corollary 3.4 (Distributivity Bias). Let Ay, V be the Dombi density operators. From Proposition 3.2
it follows that formulas distribute with bounded bias, i.e.,

V,y,2 € Rsg: 2V (y A 2) € ((x Vay) Ax (z Vi z))2i2/)‘ (12)
V,y,2 € Reg: 2 Ay (yVa 2) € ((x Axy) Va (2 Ax z))2i2/’\ (13)

4 Properties of Combinatorial Operators

In the previous section, we introduced DeMorgan density and score operators. As a specific example,
we demonstrated that the Dombi operators enable a tradeoff between smoothness, distributivity,
and idempotence. While the smoothed lattice formed by these operators facilitates a combinatorial
interpretation of composition, it sacrifices a clear probabilistic interpretation. In this section, we
provide an overview of how DeMorgan duality, idempotency, and distributivity facilitate ensemble
settings to motivate this trade-off. For each of these properties, we illustrate how its absence leads to
failure modes, or “intuition pitfalls.”

4.1 Bounded Negation

While negation is a well-defined concept in fuzzy logic, it cannot be defined as a pointwise operator on
probability densities. As a proxy for a proper negation, reciprocals of distributions are commonly used
to discourage the generation of points from their high-density regions. Using reciprocals carelessly is
problematic, even if, in terms of scores, only a sign flip is needed. In settings with unbounded support,
for a given density function p(x), in general 1/p(x) blows up at the tails and is non-normalizable, i.e.,
J 1/p(x)dx = co. Garipov et al. [2023] observe that the harmonic mean can still utilize “negated”
distributions safely, as the result of their contrast operator @ is always bounded. Similarly, for the
Dombi operators, we can use reciprocals of distributions safely as 1. Proposition 3.2 guarantees that
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Figure 1: Failure Modes of POE/MoE composition in combinatorial settings.

Figure la illustrates that direct fractions such as pj(x)/p2(x)” can lead to unstable behaviour,
compared to Dombi operators with constant reference c¢ as fraction of Ep; (x).

Figure 1b shows an intersection, where the product can lead to locally underscaled and overscaled
temperatures simultaneously (green), in contrast to the convex score combinations of Dombi operators.
Figure 1c shows that logically equivalent formulas result in different POE/MoE compositions.

any nonnegative function ¢(x), under conjunction with a density p(x), yields a normalizeable density.

2. If ¢(x) models a subpopulation of some distribution p(x), we can assume ’; ((xx); has a finite upper

bound, so referenced negation is stable in isolation here. 3. Under finite support, the reciprocal of any
density is finite; we can use, e.g., a uniform density over the support to reference negation. Figure 1a
illustrates the formula p(x) A —¢(x) with different operators to compare their parameter sensitivity.

4.2 TImplicit Temperature Rescaling

In the context of probability densities, idempotent behavior ensures that scores remain stable. In the
case of Dombi operators, we are guaranteed a convex combination of scores. This means that the
effective temperature of our composition is bounded above by the temperatures of the individual
models. For higher ), the composite score will converge to one of the components, which also
prevents reductions in effective temperature.

If our operators do not respect idempotency, we might end up with locally temperature-scaled
behavior, which is difficult to control. For example for p =~ ¢ = r it holds that p Ay q Ay 7 = p>,
while p Ay ¢ Ax T = p, for high enough A, as per Proposition 3.2. This difference in behaviors is
illustrated in Figure 1b.

4.3 Equivalent Formula Rewriting

The DeMorgan laws allow us to freely move negations across disjunctions and conjunctions while
not changing the result of our score composition. Formulas can then be expressed in negation
normal form, ensuring that negations are applied only to individual score models and preventing the
arbitrary and numerically challenging nesting of negations. If we can further assume distributivity
(approximately, Corollary 3.4), we can apply factoring to reduce the size of compositions. Similarly,
we can rewrite it in disjunctive normal form to represent compositions as mixtures, which speeds up
sampling.

Finally, we argue that DeMorgan’s Law prevents unintuitive behavior. If we want to sample from p, but
steer away from distributions ¢ and r, DeMorgan duality can prevent modelling mistakes (Figure 1c):

p
qg+r

~ ~ ~ p ~
PAx DA 2T =pAx (P Ax q)ZJ#pr = (pVyq) =



5 Experiments

5.1 Setup

We illustrate the capability of Dombi compositions to adhere to combinatorial constraints by sampling
uniformly from satisfying variable assignments of propositional formulas. For a formula with &k
propositional variables P;, for i € [1, k], we set up our diffusion ensemble as follows: In R¥, we
place 2¥ Guassian modes, one for each possible variable assignment. Then, in our ensemble, each
of k score models simulates one propositional variable. For ¢ € [1, k], we have access to s;, which
defines a denoising process to a uniform mixture of the 2*~! Gaussian modes, where the P; is true.
Additionally, a reference model defines a denoising process uniformly to all 2¢ Gaussian modes. For
k = 2, this setup is visualized in Figure 2a.

PV P; P; XOR P,

k=2 k=5 k =10

i

Formula  Method 7ncorr Man PPLT ncorr man PPLT 7cor man PPLT

Dombi 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 0.98

NRrs N r N
14 L‘uﬁ 14

. '?‘6_? Maik  prod 100 1.00 082 1.00 1.00 009 000 0.00 0.00
—14 o WFCOS —14 o W
L L Dombi 097 1.00 1.00 095 1.00 1.00 091 1.00 098
—21 fnitig) r-‘uE—I —21 fnitig) r#i—l XORk  prod 100 000 1.00 000 0.00 000 000 0.00 000
Dombi I_J Dombi L"J
-3 Product -3 Product OncHop, DOmbi 097 100 100 0.59 100 100 0.09 100 0.9
-4 ; ; , -4 ; ; , E Prod 100 000 1.00 000 000 000 000 000 0.00
-4 -2 0 2 4 -4 -2 0 2 4
(a) SAT experiment in R2. (b) Overview of SAT experiment for three formulas.

Figure 2: Figure 2a shows the SAT experiment in R?, with squares corresponding to satisfying
assignments. The corresponding numerical overview for k € {2,5, 10} in Figure 2b. Best are bold.

Our objective is then to use score-composition to uniformly sample from all satisfying variable
assignments. We repeat this setup for the Dombi operators, as well as POE/MoE composition for
three formulas for k& € [1, 10], and report mode coverage, uniformity, and stability of the composition.
For further details of the experimental setup and detailed experimental results, refer to Appendix C.

5.2 Results

Figure 2a shows samples of formulas in R2. An overview of the experimental results is provided
in Figure 2b. We can see multiple shortcomings of products in our experimental results. On the
negation-free Maj, , PoE drastically reduces the per-mode variance, as seen in Figure 2a, drops most
of the modes for k£ = 5, and completely breaks down for £ = 10. In contrast, the dombi Operators do
not drop modes and maintain a close-to-uniform distribution over modes in high dimensions. For
XORj, and OneHoty,, PoE breaks down for £ = 2 already, due to the negated literals. In Figure 2a,
the modes of the PoE sample appear drastically biased by the negated clause. Somewhat surprisingly,
the Dombi composition can sample comparatively well from the exponentially sized XOR;, and
struggles much more for OneHot, which is comprised of many purely negative clauses.

6 Discussion and Limitations

This work investigates composition methods for score-based models that improve combinatorial
reasoning. It advocates for a clearer distinction between probabilistic and combinatorial arguments,
highlighting the shortcomings of probabilistic operators in combinatorial settings. The Dombi
operators in particular re-ground MoE in Fuzzy logic and allow us to obtain guarantees about their
behavior in the context of temperature scaling.

For the practical evaluation of this work in realistic settings, more and larger-scale experiments are
required. While toy experiments on SAT reflect differences in the behaviour of Dombi composition
and PoE, practical differences in suboptimal settings, and in complex models need to be explored
further. Promising directions for future research include highly constrained neurosymbolic diffusion
tasks, such as Sudoku [Avdeyev et al., 2023], where ensembled models have much simpler learning
tasks. Similarly, the exploration of unlearning or shielded generation [Kirchhof et al., 2025] might be
an application where the combinatorial approach be favorable to probabilistic methods.
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A DeMorgan Dual Fuzzy Logic Operators

In this section, we define the class of DeMorgan dual density and score operators, and investigate one
example, the Dombi operators, in detail. We show that they generalize probabilistic mixtures and the
harmonic mean, and discuss methods to stabilize explicitly used negations with these operators. We
first extend the definition of fuzzy logic operators to the domain of probability densities.

Definition A.1 (DeMorgan Density Operators). Let ¢ : [0,00] — [0, 1] be an order-isomorphism
and f : [0,1] — [0, 00| be a continuous, strictly decreasing function with f(0) = oo. For g = f o ¢,
we define

—p(x) = ¢~ (1 — p(p(x)) (14)
p1(x) Ap2(x) =g (g(p1(x) + 9(p1(x)) (15)
p1(x) V p2(x) = =(=p(x) A =p(x)) (16)

As f, by definition, generates a strict t-norm, the resulting set of operators is well-behaved, as we
illustrate in Section 4. For differentiable f and ¢, the application to scores follows directly:

Lemma A.1 (DeMorgan score calculus). Let ¢ and f be fully differentiable functions that generate the
DeMorgan density operators {\,V,—}. Thenwithg = fod, h:x— f(1—¢(x)), w(z) =2 g (x)
and W(x) := x h'(x) the corresponding operations on the energies and scores are defined as

s m o) (7
) e
Proof. See Appendix B. -

B Proofs

Lemma A.1 (DeMorgan score calculus). Let ¢ and f be fully differentiable functions that generate the
DeMorgan density operators {\,V,—}. Thenwith g = fo¢, h:x— f(1—¢(x)), w(z) =z g ()


https://openreview.net/forum?id=HkCsm6lRb

and w(x) := x ' (x) the corresponding operations on the energies and scores are defined as

¢’ (p(x))p(x)

09 = = ) i) (an
w(p(3))51 (%) + w(pa(x))s2(x)
Sl(X) /\SQ(X) = U)(p1<X) /\pg(X)) (18)
_w(p1(x))s1(x) +W(p2(x))s2(x)
BV ) = OV e)) (1%
Proof of Lemma A.1. -
—51(x) = Vx log —p(x) (20)
Vi p(x)
~p(x) @D
vxqb_l(l - qﬁ(p(x)))
611 — 3(p(x))) 22
) V(1 — 6(p(x))) o)
50 11— (px))) o 1(1 — H(p(x)))
—¢'(p(x))p(x)
PO ) o 11— ) ") 29
)
() ~p(x) 25
AN
51(%) A 52(x) = Vi log(py (x) A pa(x) (26)
V(%) Apa(x))
= () A () @7
Vg (91 (%)) + g(p2(x)))
= 1 (%) A p2(x) 28)
g 0)p (¥)51(x) + ¢ (p2())pa(X)s2(x) 09)
g (p1(x) A pa(x)) (p1(x) A pa(x))

V Symmetric derivation with h instead of g.

We note that, if we can relate the ratios of the weights, we can give upper and lower bounds on the
norm of the scores of compositions. O

Proposition 3.2. Let Ay, V be the Dombi density operators. Then it holds that

min{z, )
Vﬂc,yERZ():#gx/\)\ygmm{m,y} 8)
Vr,y € Ryo:max{z,y} <z Vyy < max{x,y}Ql/A ©)

Proof. We show the case for p V) ¢ = (p/\ + q’\) 1/ first. The definition of V, is equivalent to that
of a P-norm over two components. We have the standard inequality (w.l.o.g. for p > ¢)

1/ 1/
pVag= (@ +¢") """ < (2*) " = 2" max{p, ¢} (30)
The lower bound similarly follows from
1/ 1/A
pVag= (@ +q")"" > ()" = max{p,q} 31)

For A, we can use DeMorgan to obtain the symmetric bounds. We can note that the upper bound is
tight for p = ¢ and the lower bound is tight for ¢ = 0.



C Experiments

C.1 SAT Formulas

We use three different propositional formulas: majority, xor, and one-hot. The formulations of these
formulas are designed to test different aspects of the score composition.

Majority We define the formula over % variables as

Maj, (Pr,....P) =\ Y

SC{Py,..,P,} PeS
[S|=[k/2]

This formula is negation-free, but might lead to mode dropping for variable assignments with fewer
positive variables.

One-Hot We define a formula where exactly one variable has to be true as

OneHotk(Pl,...7Pk)E<\7Pi) /\( A (ﬁpivﬁpj)).
=1

1<i<j<k

It is only quadratic in the length of the variables, but it contains many clauses without positive literals,
requiring precise handling of explicit negation.

Exclusive Or We define xor as a parity function over k variables as

XORk(Pl,...,Pk)E /\

ve{0,1}*
>, vi=0 (mod 2)

(’Ui? _‘Pi : Pz) .

-,
[ <w
—

This formula can only be expressed in exponential length with 2F—1

one assignment with even parity.

clauses, which explicitly exclude

C.2  Score Model Setup

We translate each of the 2* propositional variable assignments to a Gaussian mode in R¥ as

p(x)zzi,c > Nalx|dv —2,07).

ve{0,1}k

We then define “directional” diffusion models

1
Vi€ (LK pi(x) = 5 > Na(x|do —2,07).
ve{0,1}*
’Ui:1

In this setup, each distribution plays the role of one propositional variable. The distributions p; can
then be composed to mirror a propositional formula, with the goal that particles converge only to
modes that correspond to satisfying variable assignments. We use p as an additional stabilizing model
to guide particles to any location that corresponds to an assignment.

As these models are mixtures of Gaussians, we derive optimal scores and energy functions from the
standard Gaussian to our distributions in closed form.

We then model each type of formula for & € [1, 10] as direct composition and simulate 2'4 particles
over 100 denoising steps.

For each mode, when then check a L., bounding box around its mean of sidelength 30 and consider
all particles within that radius to be valid assignments.
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In Figure 2b we show the most important metrics: 7o, the fraction of particles within bounding
boxes of satisfying modes, 71, the fraction of particles converging to any mode. Additionally, we
measure the normalized perplexity in the particle distributions across as PPL. In this experiment, PPL
measures mode uniformity, where a higher number indicates more uniform samples from satisfying
modes of the formula. In a formula with K satisfying variable assignments, for a batch of n particles,
with nneor particles within satisfying modes, we denote the fraction of particles within the bounding
box of the assignment index i € [1, K] as n; with >, 7; = 7jcorr. We then calculate PPL for mode
confusion as

PPL = 2(~ T 5 lose 500) /K.

11



	Introduction
	Background & Related Work
	Fuzzy Logic
	Score-Based Models
	Composition of Score Fields

	Dombi Density Operators
	Properties of Combinatorial Operators
	Bounded Negation
	Implicit Temperature Rescaling
	Equivalent Formula Rewriting

	Experiments
	Setup
	Results

	Discussion and Limitations
	Acknowledgements
	DeMorgan Dual Fuzzy Logic Operators
	Proofs
	Experiments
	SAT Formulas
	Score Model Setup


