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ABSTRACT

Recent advances in diffusion-based image enhancement have motivated ap-
proaches that seek to reuse large pretrained diffusion models across different
stochastic processes. In particular, it has been suggested that a diffusion backbone
trained under one stochastic process can be repurposed to sample from alternative,
task-specific processes through suitable reparameterizations, while relying on the
pretrained model to estimate the underlying clean data. This perspective raises the
question of whether stochastic processes can, in general, be transformed into one
another without retraining the generative backbone. In this work, we study this
question from a fundamental standpoint and show that such stochastic process
reparameterization is not possible. Specifically, we prove that under commonly
satisfied assumptions, any attempt to reparameterize a pretrained stochastic pro-
cess backbone to represent a different stochastic process necessarily collapses to
the original process itself. Our findings imply that a generative backbone trained
under a given stochastic process can be used to sample only from that process,
and cannot be reused to represent fundamentally different stochastic dynamics
through reparameterization alone. We support our theoretical results with em-
pirical ones demonstrating that reparameterization-based methods yield sampling
behavior equivalent to standard process with modified sampling method.

1 INTRODUCTION

Diffusion models have emerged as a powerful framework for image generation and restoration,
achieving state-of-the-art performance across a wide range of tasks (Sohl-Dickstein et al., 2015;
Ho et al., 2020; Song et al., 2020b; Dhariwal & Nichol, 2021; [Rombach et al., 2022). Beyond un-
conditional image synthesis, diffusion-based approaches have been successfully adapted to image
enhancement problems such as super-resolution and restoration by conditioning the generative pro-
cess on a low-quality input image (Saharia et al., [2022bza). A common strategy concatenates the
degraded image with the diffusion model input, yielding effective but task-specific solutions that
typically require training a dedicated model for each enhancement setting.

To reduce the cost of training new diffusion backbones, several works have explored reusing pre-
trained generative models for image enhancement. Guidance-based approaches steer pretrained
diffusion models toward high-quality solutions using auxiliary signals (Wang et al.| 2022), while
lightweight conditioning techniques such as ControlNet (Zhang et al., |2023) and diffusion adapters
(Ye et al. 2023} Mou et al., |2024) train small auxiliary modules on top of a frozen diffusion back-
bone. These methods leverage the strong generative priors encoded in large pretrained models while
avoiding full retraining.

In parallel, a different line of work has proposed modifying the stochastic process itself to better
align diffusion dynamics with the structure of image enhancement tasks. Rather than starting from
pure noise, these approaches incorporate the low-quality image directly into the diffusion process.
Examples include Ornstein—Uhlenbeck—type processes whose stationary distribution is centered at
the degraded image (Delbracio & Milanfar, [2023; [Luo et al., 2023} [Yue et all |2023b), as well
as diffusion bridge formulations that terminate exactly at the low-quality observation (Li et al.,
2023} [Zhou et al., 2023} [Liu et al., 2023} |Yue et al.| |2023a} Zhu et al.| [2025)). While such process
definitions are conceptually well aligned with restoration objectives, they typically require training
or heavily fine-tuning a dedicated diffusion backbone (Yue et al.l 2023b; |[Liu et al.l 2023). As a
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result, lightweight conditioning approaches that assume a fixed underlying diffusion process cannot
be directly applied.

Recent work has sought to reconcile these two directions by introducing reparameterization strate-
gies that aim to connect different stochastic processes during sampling. A representative example
is IRBridge (Wang et al., [2025)), which proposes switching between diffusion processes such that
a pretrained diffusion model can be used to estimate intermediate clean samples while the overall
sampling trajectory is intended to follow a different, task-specific stochastic process.

In this work, we study this idea from a more general and fundamental perspective. We ask whether a
pretrained diffusion backbone, trained under a fixed stochastic process, can in fact be reused to repre-
sent and sample from a different stochastic process through reparameterization alone. We show that
this is not possible. Specifically, we prove that under broad and commonly satisfied assumptions,
any such reparameterization necessarily collapses to the original stochastic process of the pretrained
model. While reparameterizations may alter the parametrization of the sampler, they cannot modify
the underlying stochastic dynamics encoded by the pretrained backbone.

2 METHOD

Preliminaries. Let us consider two d-dimensional stochastic processes, the primary x = (X¢)¢¢[0,7]
and the secondary X = (X;),e[o,5] governed by stochastic differential equations of the form dz; =
F(zs,t,y)dt + G(t) dwy, where z € {x,%}, dw; € R? is d-dimensional Wiener process and
y € R denotes a low-quality (degraded) image used as conditioning information. The drift F €
R? is process-dependent, Lipschitz continuous, and linear in its state variable, while the diffusion
coefficient G(t) € R™ depends only on time. We assume that both processes share the same initial
condition Xy = Xo. Moreover, we assume access to a pretrained generative model for the process
x, which provides an approximation of the score function Vy, log p;(x;) and, equivalently, allows
us to estimate the latent clean image X from any state x;. Solving the associated SDEs would yield
the solutions:

x; = fixo + by + oye, (1) %y = fsXo + by + d,¢, 2)

with f, fs, 0¢,05s € RT and by, E)S € R? (see Appendixfor a proof). Because processes x and
% are conditionally independent given xy and y, we can introduce the new term that depends on X
into Eq. (1)) without changing the distribution of x, since p(x¢|xg,y) = p(x¢|X0,¥,Xs). Similarly,
we can add x; to Eq. ().

Scope of reparametrizations. In this work, we consider marginal (state-wise) reparameterization
between stochastic processes, that is, transformations applied independently at each time step to
individual states. Concretely, we study reparameterization that map transition kernels from one
process to another while preserving their distributions. This class includes reparameterizations of
the form Eq. (3)-Eq. @), which arise naturally for linear SDEs and are used in reparameterization-
based methods such as IRBridge [Wang et al.[(2025).

Reparametrization. Following Wang et al.| (2025) we define the forward and reverse transitions

x; = a%s+ (fi —afs)xo + by —abg+7e, 3) Xy = ax; + (fs — afi)xo+bs —ab; +7e, (4)

where

2 2 52 _ 72
 Jop—T 5 — s 7
o=\ "5 ® YT\ @
N 7 2
max {O,Ut2 — (f}05> } <7?< af, (6) max O,&f - (f}at> <7< &f. ()

s t

7,7 are parameters that control the noise level and because all coefficients in Eq. (3) and
Eq. (@) have to be non-negative by definition, therefore, Eq. (6) and Eq. have to be met. Note
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Figure 1: The diagram of the reparametrization scheme. We show that applying reverse and forward
transitions to the primary process (with the pretrained backbone) x; is independent of the secondary
process X (from which want to sample) and is equivalent to p(x,|x;).

that the primary process step ¢, and the secondary process step s are potentially different timesteps
and their relationship is explained in the Appendix [C]

The forward transition and the reverse transition allow us to switch between the two processes
during inference, where we can estimate X, from one process and sample from another. However,
during the forward transition, we do not have access to the estimate X, therefore, we have to
manipulate ¢ and 7 so the coefficient f; — « fs = 0. Please, see Appendixfor more details.

Reparameterization collapse. We focus on the scenario depicted in Figure [T} where we analyze
two subsequent steps: X; — Xs — Xy, where u < ¢, and we would like to understand the role of
the secondary X process. For simplicity, we adopt parameters values from |Wang et al.| (2025). We
start by defining X using reverse transition

S rs Ns ~ nd ~5b
%, ”&+<ﬁ—aﬁ>m+bff’t ©
g¢ Ot Ot

and then use this definition of X4 and apply it in the forward transition, which gives
U s 0 S A 1 0 sb uBs U 0 S 2
Xy = f(o t+<fs Uft>XO+bs_M)+bu_f~ + 0-1%_(]057)6' (10)
fS Ot Ot fs fS

After simplification and defining b = f— we have

Xy = (J% (Q;sxt + (Ut - (Z;sft) Xg — Qgsbt) + by + <¢sfu) (11)

where ¢, is the only information about the process X. Recall that the forward transition needs the
coefficient f; — a.fs = 0, while for the reverse transition, we want to propagate some information
about X, therefore f; — a.f; > 0. This leads to the following condition

_ 2 9
2o (L) <o A e2- (f“f75> >0. (12)
ft fs
Because 0,7, f, f are strictly positive (see Appendix , we can further simplify to
be<Z A T A b (13)
ft fu

Here, for simplicity, we assume that x; is a scaled Wiener or Orstein-Uhlenback (OU) process(see
Appendix [D| for a more general solution which also encompasses the family of diffusion bridges).
For this group of processes, we have d"f > 0 and df £ < 0 (0 for Variance Exploding (VE) diffusion,
and negative otherwise), therefore, the fraction ‘]’J 1s strictly increasing. Recall that v < ¢, which
1mphes < “f £ and leads to the following 51mp11ﬁcat10n of Eq .

0< ¢ < 14
< s < fu (14)

"Note that the diffusion (typical process with pretrained backbone) is the Ornstein-Uhlenbeck process.
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Let us define now 7, € (0, 1], so that bs = %nu. In Appendix [C} we show that, independent of

the X process, the parameter 7,, can take any value in (0, 1], with its value determined by how the
timesteps of one process are mapped to another. Thus the final definition of x,,

1 A
Xu = ; (Uunuxt + (fuat - Uunuft) X0 — Uunubt) + by +0y V 1- 771246 (15)
t

consists of terms that are all independent of X.

Example. The Eq. shows that the sampling procedure is independent of X,. To illustrate this
result, let us consider the primary process x; to be a Variance Preserving (VP) diffusion process. For
this specific case, we follow the notation from |Ho et al. (2020): b;, b, = 0, f; = /¢, fu = VO,

and oy = /1 — ay,0, = /1 — ay. Then

Xy = Nuv/1 — G VX0 M+\/@uﬁo+\/1—au\/1—nge. (16)
\/1 — Qi

Because x; = /X + /1 — @:€, we can define the noise present in x; as

¢ = L VX0 (17)
vV 1-— Qg

This, together with the definition of {,, = v/1 — &,+/1 — 1?2 gives us

Xu = V QX + V 1 — @y — Cu€s + Cut, (18)

which is equivalent to DDIM method (see Eq. (12) in|Song et al.|(2020al))). In particular, when for all
uwesetn, =1 = (, = 0 we got the deterministic version of DDIM x,, = \/&,Xg++v/1 — Q€.

3 EMPIRICAL RESULTS

To validate our theoretical claims at inference time, we consider secondary processes drawn from
two families of stochastic processes: Ornstein—Uhlenbeck (OU) processes, represented by IR-SDE
and ResShift, and diffusion bridge processes, represented by GOUB and DDBM. As the primary
process, we use a DDIM sampler with temperatures (,, determined by the timestep mapping. We fol-
low the implementation details of IRBridge (Wang et al.,2025)), training ControlNet on the raindrop
removal task (Qian et al., 2018). As shown in Table|l} the differences between the two approaches
are negligible and can be attributed to floating-point numerical errors rather than to differences in
the inference pipeline. For more details, see Appendix [E]

Table 1: Mean Squared Error (MSE) Difference after
between results obtained from the Method

reparametrization of four methods as 1 step 100 steps

secondary processes, and the equivalent IR-SDE (Luo et al.,[2023)  1.45¢e—11 1.85¢—05

primary process (in this case, DDIM). g qpify (Yue etal| 2023b) 1.09e—11  4.48¢—05
Results are shown for different pro-

cesses and after one step and full infer- GOUB (Yue et al} 2023a) 5.1le—=11  3.33e—05
ence. Empirically, the difference is neg- DDBM (Zhou et al.,2023)  4.24e—09 1.26e—05
ligible.

4 CONCLUSION

In this work, we showed that a pretrained generative backbone cannot be repurposed to sample
from a different stochastic process through reparameterization alone. We established this result
across a broad class of stochastic processes, including diffusion, Ornstein—Uhlenbeck, and diffusion
bridge formulations, considering both primary and secondary processes. We proved that marginal
reparameterizations necessarily collapse back to the original stochastic process, affecting only the
parametrization of the sampler rather than the underlying dynamics. This demonstrates that the
stochastic process on which a backbone is trained is an intrinsic component of the model itself and
cannot be meaningfully altered without retraining, a conclusion supported by our empirical results.
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A SDE SOLUTIONS

We assume x; and X satisfy the following stochastic differential equations (SDEs)

dx; = F(x4,t,y)dt + G(t) dwy, (19)
A%, = F(Xs,s,y)ds + G(s) dw,. (20)

Here, dw; and dw are independent Wiener processes, and drifts F, F , as well as diffusion coeffi-
cients G and G meet the conditions for Theory 5.2.1 from @ksendal|(2003)) to admit a strong unique
solution. Because Eq. and Eq. have similar forms and assumptions, we will only derive
the solution for x, but the same steps would apply to X.

We start by assuming Eq. to be the linear SDEE], ie. F(xt,t,y) = A(t)x: + B(t,y) therefore,
the mild solution would have the following form

x¢ = Moxo + /Ot M;1B(s,y)ds + /Ot M;+G(s) dwy, 21
with integrating factor: M ; = exp ( / t A(z) dz) ) (22)

By Ito isometry,
Var(x;) = /0 t M?,G*(s) ds. (23)

Then, the solution can be written as

t t
x¢ = Mosxo + / M, B(s,y)ds + / MitQQ(s) dse. (24)
0 0

Recall the notation from Eq. (I)), which can we now expressed as

fi = exp </0 A(s) ds) , (25)

t
by = / M., ,B(s,y) ds, 26)
0

[t
o = / M?2,G?(s)ds. 7
0

Because for t € [0,T), A, B, G are finite, it is clear that ft, o; € Rt and b, € R%. The same applies
to fg, b€7 o from Eq. ( . Additionally, note that b; and b are the only terms that depend on y.

B TRANSITIONS DETAILS

The forward and reverse transitions defined in Eq. (3) and Eq. () are valid whenever Eq. (6) and
Eq. (8) hold. These conditions ensure that the coefficients in the reparameterization remain non-
negative, and thus the procedure is correct. Since IRBridge assumes access to the pretrained model
only for the x; process, additional constraints are required. In the forward transition, the model is
not available and no estimate of X can be formed, so no information about X, should be transferred.
In contrast, in the reverse transition, the model is available and can be used, which requires that the
coefficient multiplying Xy be greater than 0. We now define these conditions separately for each
transition.

This might seem as a strong limitation, but in practice all diffusion, flow matching, OU processes, and
diffusion bridges fall into this category.
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Figure 2: Diagram illustrating the correspondence between the timestep s of IR-SDE [Luo et al.
(2023) and the timestep ¢ of Stable Diffusion 1.5 Rombach et al.[(2022)). The green region denotes
the set of mappings that satisfy the condition f; — a.fs = 0. Mappings located near the critical line
converge toward the deterministic DDIM sampling regime |Song et al.| (2020a), whereas mappings
approaching the upper limit ¢ = T increasingly resemble independent transition kernels during the
sampling process.

Forward transition In order to not transfer any information about Xj, we need f; — « fs = 0.
Firstly, from LHS of the Eq. (8) we want

155\
a?( is) >0, (28)
and we need as small 72 as possible, which is
A%
72=J§—<}S> . 29)

Such 7 applied to Eq. (5) ensures that f; — afs = 0. Please note, that there are many possible t that
satisfy Eq. @]) If LHS equals 0, we have 7 = 0, therefore, it will be a deterministic affine transform.
Such ¢ is then called critical timestep. Otherwise if LHS > 0, we can still have f; — afs = 0, but
there will be some stochasticity in the forward transition. We as well as IRBridge Wang et al.|(2025)
consider both scenarios.

Reverse transition Because we use x process to obtain the estimate X, using a pretrained model,
we want use this information in the reverse transition i.e. f; — &f; > 0. To make this possible, we

take LHS of Eq. (8) and set
52— (L7 <o (30)
fi

No specific value of 7 is required, however, the authors of IRBride set 7 = 0, because it maximizes
propagated information about Xy. For higher values, we would add noise at the cost of the model’s
prediction.

C TIMESTEP MAPPING AND CRITICAL LINE

The choice of timesteps matching function from one process to another is bounded by two conditions
from Eq. (28) and Eq. (30). For the forward transition, LHS can be equal to zero, which is equivalent

to the equality of the noise-to-signal ratio of both processes % = % and it is called critical line.

Figure 2] shows how this equality defines the border of possible timestep mapping, where everything
above and on critical line is a valid mapping, while the region below the curve indicates too small ¢.
The condition of the reverse transition marks the same region, but without the critical line itself.

Os

For our consideration, it is important to recall the definition®| of 1, € (0, 1], so that > = %TH-
Therefore, if we select the mapping that lies on the critical line , then 1, = 1, however, when t — T'

3Note that in the main text, u was used, because ¢ denoted the previous timestep.
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then (fy — 0) = (§* — oo) which makes n; — 0 counteract the exploding term. Please
note that the relative position of the mapping function to the critical line is independent of the X
process definition. Similarly, the discretization function that tells which finite subset of s; € [0, S]
steps is chosen in the inference, is also independent of the definition of the X process. Therefore,
we can select an arbitrary finite set of ¢; € [0, T time steps and corresponding 7;, € (0, 1] values
independent of the X process.

D DIFFUSION BRIDGE AS THE PRIMARY PROCESS

In the main body, we focus on the simplified setting in which the primary process x is either an
Ornstein—Uhlenbeck process (as in IR-SDE [Luo et al.| (2023)), ResShift [Yue et al| (2023b)), or the
variance-preserving (VP) diffusion process|Song et al.|(2020b)) or a scaled Wiener process (such as
the variance-exploding (VE) diffusion process Song et al.[|(2020b)). Here, we show that the same
conclusions extend to a broader class of stochastic processes known as diffusion bridges Zhou et al.
(2023); IL1u et al.| (2023)); |Yue et al.| (2023a); L1 et al.| (2023)).

The main distinction is that, because o, is not necessarily monotonic, we can no longer assume that
the ratio % is monotonic, even when f; itself is decreasing.

The second difference arises from our earlier assumption that f; — 0 as ¢ — 7T implies % — 00.

This implication does not follow directly in the present setting, since for diffusion bridges o; — 0
ast — T as well.

In this section, we show that although this is not immediately evident, both assumptions remain
valid for diffusion bridges.

Because all of the bridge methods mentioned can be interpreted as the result of the h-transform
Doob) (1984) applied to a Wiener or OU process, we know that

—1
lim A(t) = —oo, with asymptotic behaviorA(t) ~ —— 31
t—T T —t
lim G(t) = ¢, (32)

t—T

where c is some positive finite constant that depends on the noise scheduler used in the methods.
Eq. holds because the h-function is of the form G*Vy, log pr|:(y|x¢), which for scaled Wiener

processes is G 2(t)% of which the term next to x; has a simple pole at T" by the definition.

For more details, see[Zhou et al| (2023)); [Ciu et al| (2023); [Yue et al (2023a); [Li et al| (2023).

We construct the noise-to-signal ratio by

t
o fo Mf,tQQ(s) ds

— = . (33)
e Mo+
Using exponential properties and linearity of Riemann integral we have
: ep(ff A=) dz) My,
M, =ex A(z)dz ) = o = = 34
oo ([ o) = RS ~ oY

Due to the fact that My ; > 0, we have

o Moy Jo Mi2G°(s) ds /t G2(s) 4 (35)
0

fo Mo, Mg,

Monotonicity of % Note that in Eq. , integrand is always positive, therefore increasing ¢
would increase the value of %

Limit of - ast — 7. We take the limit of Eq.

t
. G%(s)
S Jo 37, G0
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From Eq. and Eq. , we know that when s — T G*(s) — ¢?, and M§ , — 0 exponentially.

Based on that, the integrand % — oo exponentially which implies that the integral diverges and,
0,s

therefore, the limit

. Ot
tlLII%E = 0. 37

This ensures that 7; € (0, 1] described in sectionis also fulfilled for bridges.

E EXPERIMENTAL DETAILS

The main goal of the experiments we conducted was to validate whether IRBridge collapses to the
original process. For this purpose, we could use any data (even random noise) and any backbone
(even with random parameters), but for the sake of completeness, we chose to follow the experimen-
tal setup from IRBridge.

We used Stable Diffusion 1.5 and trained ControlNet for this model for 100k iterations on the Rain-
drop dataset |Qian et al.|(2018). The batch size was set to 12, and training was performed using the
Adam optimizer Kingma| (2014)) with a learning rate of 5e—5.

Once ControlNet achieved satisfactory results, we used the diffusion process with this model as the
primary process for IRBridge. We then selected four different methods (IR-SDE |Luo et al.[ (2023)),
ResShift Yue et al.|(2023b), GOUB |Yue et al.|(2023a), and DDBM (VE version)|Zhou et al.| (2023))),
representing both the Ornstein—Uhlenbeck and diffusion bridge categories, as secondary processes.
We ran IRBridge alongside the primary process alone using DDIM with temperatures matching the
1y values from IRBridge and calculated the mean squared error between the outcomes. As shown
in Table[] the difference is negligible and can be attributed to floating-point numerical errors rather
than differences in the inference pipeline.

10



	Introduction
	Method
	Empirical Results
	Conclusion
	SDE solutions
	Transitions details
	Timestep mapping and critical line
	Diffusion Bridge as the primary process
	Experimental details

