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Abstract

Text-to-image latent diffusion models (LDMs) have re-
cently emerged as powerful generative models with great
potential for solving inverse problems in imaging. However,
leveraging such models in a Plug & Play (PnP), zero-shot
manner remains challenging because it requires identifying
a suitable text prompt for the unknown image of interest.
Also, existing text-to-image PnP approaches are highly com-
putationally expensive. We herein address these challenges
by proposing a novel PnP inference paradigm specifically
designed for embedding generative models within stochastic
inverse solvers, with special attention to Latent Consistency
Models (LCMs), which distill LDMs into fast generators.
We leverage our framework to propose LAtent consisTency
INverse sOlver (LATINO), the first zero-shot PnP framework
to solve inverse problems with priors encoded by LCMs.
Our conditioning mechanism avoids automatic differenti-
ation and reaches SOTA quality in as little as 8 neural
function evaluations. As a result, LATINO delivers remark-
ably accurate solutions and is significantly more memory
and computationally efficient than previous approaches. We
then embed LATINO within an empirical Bayesian frame-
work that automatically calibrates the text prompt from the
observed measurements by marginal maximum likelihood
estimation. Extensive experiments show that prompt self-
calibration greatly improves estimation, allowing LATINO
with PRompt Optimization to define new SOTAs in image
reconstruction quality and computational efficiency. The
code is available at latino-pro.github.io.

1. Introduction
We seek to recover on an unknown image of interest x,
taking values in Rn, from a measurement

y = Ax+ n ,

where A is a linear measurement operator, and n is additive
Gaussian noise with covariance σ2

nId. We consider situa-

*Equal contribution.

Measurement GT Ours

Figure 1. Qualitative comparison of LATINO-PRO on the FFHQ-
1024 val dataset. Tasks: ×32 super-resolution, Gaussian deblur
σ = 20.0 pixels, Motion deblur.

tions in which the recovery of x from y is ill-conditioned
or ill-posed, leading to significant uncertainty about the so-
lution. Adopting a Bayesian approach, we leverage prior
knowledge about x in order to regularize the problem and
deliver meaningful inferences that are well-posed. This is
achieved by specifying the marginal distribution p(x), so-
called prior distribution, together with Bayes’ theorem to
obtain the posterior distribution p(x|y) = p(y|x)p(x)/p(y)
which models our knowledge about x after observing y.

Modern imaging techniques rely increasingly on pre-
trained foundational generative models as image priors. De-
veloping methodology to leverage such models in a so-called
Plug & Play (PnP) manner, in combination with a likelihood
function p(y|x) specified during test time, is a highly active
research area. In particular, strategies relying on diffusion
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models (DM), pioneered in [56–58], superseded GANs [12]
and established themselves as the default approach; with
notable examples including, e.g., DPS [7], DDRM [22],
DiffPIR [67], ΠGDM [55], and mid-point [37]. In order to
reduce computational efficiency, modern DMs operate in
the latent space of a variational autoencoder (VAE) [25, 28];
leading to Latent Diffusion Models (LDMs) [47]. LDMs
simply project the data into a latent space using an encoder,
E , perform the diffusion in the latent space, and use a de-
coder, D, to move back to pixel space. However, since the
likelihood is specified in pixel space, naive adaptations of
DM-based imaging algorithms fail when applied directly to
LDMs. Instead, the specific properties of the latent space
need to be considered, as proposed in PSLD [48].

Another fundamental advantage of using LDMs like the
celebrated Stable Diffusion models [42, 47] as image priors
is the possibility to condition on a textual prompt input.
Prompts can be highly informative, so it is natural to seek
to exploit them for imaging. Specifying a suitable prompt
a-priori is difficult, so P2L [8] includes a strategy to calibrate
the prompt automatically, while TReg [23] exploits classifier-
free guidance to tune the null prompt.

A main limitation of all existing (L)DM-based imaging
methods is that they rely on iterative sampling strategies that
require hundreds or thousands of neural function evaluations
(NFEs) to produce a single sample from p(x|y). As a result,
they are very computationally expensive. Also, they cannot
support Bayesian inferences that require drawing a large
number of samples from p(x|y), e.g., to compute statisti-
cal estimators, quantify uncertainty, etc. This is in sharp
contrast with the latest generative models, such as Consis-
tency Models (CM) [30, 59] and Distilled Diffusion Models
(DDM) [29, 35, 50], which can produce remarkable samples
from the prior p(x) in a few NFEs. Some concurrent works
explore CMs within a PnP sampling framework [14, 27, 62],
and one could also consider fine-tuning the models to learn to
sample from p(x|y) instead of p(x), e.g., see CoSIGN [66].
Unfortunately, again we are not aware of any existing imag-
ing methods capable of achieving this for high-resolution
latent CMs, exploiting the prompt conditioning.

We aim at developing a method that is simultaneously
zero-shot, fast (low number of NFEs), light in GPU mem-
ory usage (no auto-grad required), that can sample high-
resolution images, and which can be conditioned by a text
prompt. In particular, the last two conditions are currently
only satisfied by LDM-based methods TReg and P2L requir-
ing ≥ 200 NFE per sample as well as the use of additional
correction terms. Our two main contributions are:
1. We propose LATINO, a new PnP approach that leverages

pre-trained text-to-image LCMs to sample from the pos-
terior p(x | y, c) in a gradient-free way, and with few
NFEs per sample. This allows scaling to large images
(≥ 10242) with low inference time and low GPU mem-

ory footprint. LATINO is by nature prompt-conditioned,
allowing users to input semantic information. LATINO is
derived from a careful discretization of a Langevin diffu-
sion and a novel PnP approach tailored for LCMs, which
involves stochastic auto-encoders instead of denoisers.

2. We equip LATINO with automatic prompt optimization
(LATINO-PRO), via a stochastic approximation prox-
imal gradient scheme to simultaneously find ĉ(y) =
argmaxc∈Rk p(y | c) and sample from p(x | y, ĉ(y)).
This method can correct incomplete or misleading
prompts while still requiring only 68 NFEs.

2. Related works

Data-driven regularization for inverse problem. Deep
learning regularization methods demonstrated a significant
performance improvement over classical inverse problem
solvers on a large number of applications. Denoising-based
regularization such as RED and Plug-and-play implicitly
defines the prior model via a denoising neural network [33,
46, 65]. Deep generative model can also be used to define
the prior model on the solution, including GANs [11, 36, 38],
variational autoencoders [2, 15, 43], normalizing flows [6].
Denoising diffusion models can also be used repurposed to
solve inverse problem by defining an additional guidance
term to enforce consistency with measurements [7, 22, 55].
In this work, we instead use a latent consistency model.

Latent diffusion inverse problem solvers (LDIS). Latent
diffusion models are significantly faster than classical diffu-
sion models which operate in the pixel space. Various strate-
gies were proposed to condition the latent diffusion process
to a measurement, including optimizing the latent iterates
to force consistency with the measurements [16, 48, 53],
or using a second-order sampler [49]. Unlike the proposed
LATINO solver, those methods necessitate to backpropagate
through the decoder and the latent score network, and are
thus less efficient in terms of memory usage.

Inverse problem solvers with text-to-image generative
models. Latent diffusion inverse solvers (LDIS) originally
relied on null text embeddings c∅, while P2L [8] has been
the first to try to optimize it to improve the reconstruction.
TReg [23] instead adopts the CFG [17] framework to opti-
mize the null text embedding while still enabling the user to
input a custom conditioning prompt. Both TReg and P2L
use the proximal operator of the data fidelity, similar to our
LATINO solver, although in those works the proximal op-
erator is motivated by connection with ADMM [5, 39]. In
Appendix A we detail (text-based) LDIS algorithms.

Langevin PnP inverse problem solvers. DMs can be used
as PnP priors within Langevin Markov chain Monte Carlo
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samplers. Notably, [32] embeds a DM within a PnP un-
adjusted Langevin algorithm (ULA) [26] that computes the
posterior mean E(x|y), whereas [10] embeds a DM within
a split-Gibbs sampler [61] that is equivariant to a noisy
ULA [41]. Moreover, [9] and [34] consider PnP priors
encoded by a normalizing flow, whereas [19] provides a gen-
eral theoretical framework for using VAE and GAN priors.

3. Background
In this section, we will first recall the main properties of
DMs and LDMs. Then, we will introduce the Consistency
Model formulation that is used by methods like Distribution
Matching Distillation (DMD) to sample from the prior dis-
tribution in as few as 4 steps. This last ingredient will be
crucial for our implementation, allowing for fast IS.

Diffusion Models are generative models designed to learn
the reverse of a forward noising process [18, 52, 57, 58].
Starting from an initial distribution p0(x),x ∈ Rn, the
forward process gradually transforms it into a standard Gaus-
sian distribution pT (x) = N (0, Id) as T → ∞. In the
variance-preserving (VP) framework proposed by Ho et al.
[18], both forward and reverse processes are described using
Ito stochastic differential equations (SDEs) [58]:

dxt = −
βt

2
xtdt+

√
βtdw,

dxt =

[
−βt

2
xt − βt∇xt log pt(xt)

]
dt+

√
βtdw, (1)

where βt represents the noise schedule, and w,w are Brow-
nian motions for forward and reverse directions, respectively.
The term ∇xt log pt(xt) is typically approximated using a
score network sθ(·), trained with denoising score matching
(DSM) [60]. The main property of (1) is to possess also an
equivalent Probability Flow ODE formulation [58], in which
all the stochasticity is concentrated in the initial step pT (x):

dxt =

[
−βt

2
xt −

βt

2
∇xt

log pt(xt)

]
dt. (2)

While image diffusion models in pixel space x are compu-
tationally intensive, a more efficient alternative is to operate
in a lower-dimensional latent space using an autoencoder
[25, 47]. This approach is represented as follows:

E : Rn 7→ Rd, D : Rd 7→ Rn, x ≈ D(E(x)),

where E and D denote the encoder and decoder, respectively,
with d ≪ n. By encoding images into a latent space z =
E(x) [47], one can train a diffusion model on the reduced
representation, significantly decreasing computational costs
and making it feasible to model high-resolution images (e.g.,
≥ 5122 pixels). Latent diffusion models (LDMs) have thus

become the standard for generative image models, notably
under the name Stable Diffusion (SD).

A key distinction between SD and traditional image diffu-
sion models [12] lies in the integration of text conditioning
sθ(·, c), where c is the prompt conditioning, which in prac-
tice is continuously embedded as a vector by the CLIP text
encoder [44]. Since SD is trained on the large-scale LAION-
5B dataset [51], which consists of image-text pairs, it can be
conditioned at inference time to generate text-aligned images
through sθ(·, c) or classifier-free guidance (CFG) [17].

Consistency Models are obtained by distillation of a pre-
trained DM or trained from scratch, allow few or even single-
step generation [59]. CMs are defined by using a so-called
consistency function, a pushforward map defined as follows:

Definition 1 (Consistency function). Given a small η > 0
and a trajectory {xt}t∈[η,T ] of the PF-ODE (2), we define
the consistency function as f : (xt, t)→ xη .

Given such a function, it is straightforward to sample
xη = fθ(xT , T ) with xT ∼ N (0, Id) in a single step. This
function is indeed self-consistent in the sense that f(xt, t) =
f(xt′ , t

′) ∀ t, t′ ∈ [η, T ]. Given timesteps t1 > t2 > · · · >
tN−1 > η, the multistep consistency sampling process is

x̂T ∼ N (0, Id), x = fθ(x̂T , T )

For n = 1 to N − 1 :

x̂tn = x+
√
(1− αtn)− (1− αη)ϵ with ϵ ∼ N (0, Id)

x = fθ(x̂tn , tn),

where αt :=
∏t

s=1(1 − βs). As done with DMs, it is pos-
sible to define a CM in the latent space [30] and train it by
distilling a LDM [31] to obtain a LCM, e.g. by leveraging a
LoRA [20] fine-tuning as done in LCM-LoRA [31].

A recent paradigm to distill a LDM into a one-step gener-
ator is the Distribution Matching Distillation (DMD) [63] in
which a generator Gθ with the same architecture of the DM
denoiser is trained. DMD distills many-step diffusion models
into a one-step generator G by minimizing the expectation
over t of approximate Kullback-Liebler (KL) divergences
between the diffused latent target distribution preal ,t and the
diffused latent generator output distribution pfake ,t. Since
DMD trains G by gradient descent, it only requires the gra-
dient of this loss, which can be computed as the difference
of two score functions. DMD uses a frozen pre-trained DM
µreal (the teacher), and dynamically updates a fake DM µfake
while training Gθ, using a denoising score-matching loss on
samples from the one-step generator, i.e., fake data.

DMD’s improved version, DMD2 [64], adds during train-
ing a GAN-based loss term, which increases the stability
and quality, allowing the obtained distilled model to beat
his teacher one. Furthermore, the generator Gθ can be
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x(k−1) x̃(k) x(k)

proxδkgy

zt = z′t
x z0 zt x′z′0z′t

E(·) D(·)p(zt | z0) Gθ(·, t, c)

Figure 2. One step of the LATINO solver, a discretization of the Langevin SDE (3) which targets the posterior p(x|y, c). The current iterate
xk is encoded by the VAE encoder and propagated forward via a noising diffusion kernel p(zt|z0). This process is then reversed via the
latent consistency model and the VAE decoder, followed by the proximal operator to involve the likelihood p(y|x).

conditioned on t leading to Gθ(zti , ti) that predicts the
final z0 given a noisy input zti . By deploying the gener-
ator following the CM framework ẑ0|ti = Gθ(zti , ti) and
zti+1 =

√
αti+1 ẑ0|ti +

√
1− αti+1ϵ, one obtains a 4-step

sampler. In practice, what is done is to consider Gθ as the
pre-trained SDXL U-Net [42], that is fine-tuned for the times
ti ∈ {999, 749, 499, 249}, the 4 used by the CM. The final
ẑ is then passed through the decoder to get x̂ = D(ẑ).

4. LATINO
4.1. A new Plug & Play Langevin sampling method
We propose a LAtent consisTency INverse sOlver (LATINO)
to approximately draw samples from the posterior distribu-
tion p(x|y, c), parametrized by the degraded observation y
and a text prompt c. Following a PnP philosophy, LATINO
is constructed by combining an analytical likelihood func-
tion p(y|x) with a prior distribution p(x|c) that is implicitly
encoded by an text-to-image CM, obtained by distilling a
foundational SD model. However, unlike the conventional
PnP approach that exploits a denoising operator in lieu of a
gradient or proximal mapping of a clean image prior p(x),
LATINO pioneers a new PnP approach suitable for lever-
aging generative models such as CMs. In this paradigm,
the CM is first auto-encoded to define a Markov kernel that
admits p(x|c) as invariant distribution. The kernel is subse-
quently used in place of an SDE targeting p(x|c) within a
stochastic sampler for p(x|y, c).

More precisely, consider an overdamped Langevin diffu-
sion process to sample from p(x|y, c), given by the SDE

dxs = ∇ log p(y|xs)ds+∇ log p(xs|c)ds+
√
2dws , (3)

where ws denotes a n-dimensional Brownian motion. Under
mild regularity assumptions on p(x|y, c) [13], starting from
an initial condition x0, the process xs converges to p(x|y, c)
exponentially fast as s increases [13]. While solving (3)
exactly is not generally possible, it provides a powerful
computational engine to derive samplers that approximately
sample p(x|y, c) by mimicking xs. For example, an Euler-
Maruyama approximation of (3) leads to the widely used
unadjusted Langevin algorithm (ULA) [13].

LATINO stems from the following approximation of (3)

u = xk +

∫ δ

0

∇ log p(x̃s|c)ds+
√
2dws , x̃0 = xk ,

xk+1 = u+ δ∇ log p(y|xk+1) , (4)

where we note the first half of the splitting, encoded in u,
solves (3) exactly with likelihood term removed, and the
second step involves the likelihood via an implicit Euler
step. Note that (4) has two key advantages over ULA: it
is potentially very accurate, as the first step introduces no
discretisation bias; and it is numerically stable for all δ > 0,
so it can be made to converge arbitrarily quickly by increas-
ing δ, at the expense of some bias. Conversely, ULA only
integrates the Brownian term ws exactly, it involves the drift
via an explicit Euler step, and is explosive unless δ is suffi-
ciently small. Also note that the implicit Euler step in (4)
can be reformulated as an explicit proximal point step, i.e.,
x̃k+1 = proxδgy (x̃k+1), where gy : x 7→ − log p(y|x)[40],
which is computationally tractable for common inverse prob-
lems such as deblurring or super-resolution1.

The computation of the intermediate step u from xk in (4)
is usually intractable. LATINO circumvents this difficulty
by noting that this step defines a contractive Markov kernel
with p(x|c) as unique invariant distribution. Our proposed
PnP approach replaces this kernel in (4) with a Stochastic
Auto-Encoder (SAE) derived from a CM, which we design
such that it also contracts random variables towards p(x|c).

4.2. Auto-encoding stable diffusion
Consider a distilled SD model which samples from p(x|c)
by using a CM, Gθ, operating on the latent space of a deter-
ministic auto-encoder (E ,D). Assume Gθ solves the flow

dzt =

[
−βt

2
zt −

βt

2
∇zt

log pt(zt)

]
dt , (5)

which generates a set of distributions p0(z0|c) by pushing
forward a latent normal random variable through Gθ(·, T, c)

1Note that proxδgy
(x) =

(
δAtA + σ2

nId
)−1 (

δ1Aty + σ2
nx

)
, which

can be computed cheaply when we have access to the singular value decom-
position of A (see, e.g., [65]), or by using a specialised subiteration.
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for a sufficiently large T , which in turn produces the target
distribution p(x|c) through the action of the decoder D.

Our aim is to use Gθ and (E ,D) to construct a SAE
(Et,Dt,c) such that it contracts random variables on Rn

towards p(x|c), its fixed point. In order to achieve this, we
define the stochastic encoder parametrized by t ∈ (0, T ]

Et : zt|x ∼ N (
√
αtE(x), (1− αt)Idd) .

E maps x to the output zt by first applying the deterministic
encoder to compute z0 = E(x) and subsequently drawing zt
conditionally to z0, as given by the SDE dzt = −βt

2 ztdt+√
βtdw

′, which inverts the probability flow (5) [59].
This stochastic encoder Et is paired with the decoder

Dt,c, which takes as input z′
t = zt and pushes forward to

the ambient space through the deterministic mapping

Dt,c : x′ = D(Gθ(z
′
t, t, c)) .

The proposed AE architecture is summarized in Figure 2.
Assume that E inverts D exactly. If x is distributed ac-

cording to p(x|c), then, for any t > 0, zt = Et(x) has
distribution pt as described by the flow (5). Equally, if z′

t

follows pt, then z′
0 = Gθ(z

′
t, t, c) follows p0 and hence

x′ = D(z′
t, t) follows p(x|c), implying that p(x|c) is a

fixed point as required (in praxis, for numerical stability, Gθ

targets pτ (zτ |c) ≈ p0(z0|c) for τ > 0 small and E does not
perfectly invert D, leading to some small bias).

Alternatively, if x is not distributed according to p(x|c),
(Et,Dt,c) will transport it towards p(x|c). In this situation,
the parameter t plays a key role, analogous to a regularization
parameter. Suppose that t is very large, such that the encoded
random variable zt ≈ N (0, Id) regardless of the distribution
of x. Then D behaves as a standard SD generative model and
output x′ distributed according to p(x|c). Conversely, now
suppose that t is very small. In that case, (Et,Dt,c) reduce to
(E ,D). Because of the consistency property of Gθ, we have
x′ ≈ D[E(x)]. This implies that x′ ≈ x if the distribution
of x is concentrated on the range of D. For intermediate
values of t, not infinitely large or infinitesimally small, the
stochastic autoencoder x is transported some extent towards
p(x|c). We conclude that (E,D) has the desired fixed point
and contraction properties, with t controlling the contraction
strength analogously to the step-size or integration period δ
in (4). This is summarized in Figure 3 and by the recursion

x̃k+1 = Dt,c ◦ Et(xk) ,

xk+1 = proxδgy (x̃k+1) . (6)

Note that, because (6) approximates (4), t and δ must be in
agreement, similarly to conventional PnP methods that need
to balance the step-size and the denoiser’s parameters [26].

4.3. The LATINO algorithm
Algorithm 1 below summarizes the proposed LATINO sam-
pling scheme, which is based on recursion (6) (see also Fig-

Figure 3. SAE applied to images in and out of distribution for
different values of t, illustrating contraction towards p(x|c).

ure 2). We warm-start the algorithm by using the observation-
informed initialization x(0) = A†y. For computational effi-
ciency, we use an annealing strategy that involves iteration-
dependent parameters tk, δk. We now introduce the choice
of tk and leave to Appendix B the details on δk. In our ex-
periments, we find that N = 8 suffice to deliver remarkably
accurate samples when Gθ is given by the DMD2 [64].

Algorithm 1 LATINO

1: given x(0) = A†y, text prompt c, number of step N = 4
or 8, latent consistency model Gθ, latent space decoder
D, latent space encoder E , sequences {tk, δk}Nk=1.

2: for k = 1, . . . , N do
3: ϵ ∼ N (0, Id)
4: z

(k)
tk
← √αtkE(x(k−1)) +

√
1− αtkϵ ▷ Encode

5: u(k) ← D(Gθ(z
(k)
tk

, tk, c)) ▷ Decode
6: x(k) ← proxδkgy (u

(k)) ▷ gy : x 7→ − log p(y|x)
7: end for
8: return x(N)

The LCM prior choice. We use DMD2 [64], a pretrained
model based on the SDXL architecture [42]. That said,
our method is agnostic to the choice of LCM; e.g., see ap-
pendix G for a comparison of our method using DMD2 and
SD1.5-LoRA. We can either consider the original DMD2 4-
step prior or an 8-step variant of DMD2, where the timesteps
are ti ∈ {999, 874, 749, 624, 499, 374, 249, 124}. We mix
the 4 distilled steps ti ∈ {999, 749, 499, 249} with the 4
steps from the original SDXL model. This choice has been
adopted to increase the quality of reconstructions by dou-
bling the number of steps. Still, 4 distilled time steps gives
excellent results, and we make use of this version in our
LATINO-PRO scheme that self-calibrates the prompt c.

Interestingly, if instead of an LCM we construct
(Et,Dt,k) with a DM we recover the DM-based PnP-ULA
scheme of [32] as a special case, whereas if we use the
stochastic denoiser [45] we recover a PnP-ULA [26].
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5. LATINO-PRO: Prompt optimization via
maximum marginal likelihood estimation

State-of-the-art generative models such as DMD2 provide
a highly informative prior p(x|c) that concentrates its prob-
ability mass in very narrow regions of the solution space.
Conversely, in inverse problems that are ill-conditioned or
ill-posed, the likelihood function p(y|x) has identifiability
issues and is only weakly informative as a result. Hence, the
prior p(x|c) dominates key aspects of the posterior p(x|y, c).
Consequently, it is essential to calibrate p(x|c) by identify-
ing a suitable text prompt c, as otherwise p(x|y, c) exhibits
strong bias. Unfortunately, setting c a priori is difficult.

Adopting an empirical Bayesian approach, we propose to
set c by maximum marginal likelihood estimation (MMLE),

ĉ(y) = argmax
c∈Rk

p(y | c) , (7)

followed by inference with the empirical Bayesian posterior
distribution p(x | y, ĉ(y)). The marginal likelihood

p(y | c) = Ex|c[p(y|x)]

measures the model’s goodness-of-fit to the data y. A main
challenge in solving (7) is that the likelihood p(y | c) is com-
putationally intractable, as it requires integration over the
solution space. We address this difficulty by using LATINO
to implement a stochastic approximation proximal gradient
(SAPG) scheme which seeks to simultaneously solve (7) and
draw samples from p(x | y, ĉ(y)).

More precisely, in a manner akin to [3], we consider a
stochastic optimization scheme that mimics the following
projected gradient algorithm to solve (7)

cm+1 = ΠC [cm + γm∇c log p(y | cm)] (8)

where γm is a sequence of decreasing positive step-sizes and
C ⊂ Rk is a convex set of admissible values for c. While (8)
is also intractable, from Fisher’s identity, the gradient

∇c log p(y | c) = Ex|y,c[∇c log p(y,x | c)] ,
= Ex|y,c[∇c log p(x | c)] ,

which suggests implementing a stochastic variant of (8) with

∇c log p(y | cm) ≈ ∇c log p(x
(1), . . . ,x(N) | cm),

where {x(k)}Nk=1 is a Markov chain targeting p(x|y, cm), as
generated by LATINO (Alg. 1). The resulting scheme alter-
nates between using LATINO to generate a batch {x(k)}Nk=1

of samples, and then updating cm through the recursion

cm+1 = ΠC

[
cm+γm∇c log p(x

(1), . . . ,x(N)|cm)
]
. (9)

In praxis, the computation of (9) is tractable by automatic
differentiation on the latent space (see Appendix D for de-
tails). LATINO with prompt optimization (LATINO-PRO),

is summarized in Algorithm 2 below. Under some technical
assumptions, [3, Theorem 5] guarantees that the iterates cm
generated by SAPG schemes driven by Langevin samplers
converge to ĉ(y) as m increases. LATINO-PRO automati-
cally verifies the conditions of [3, Theorem 5] under simpli-
fying assumptions on target p(x|y, c) and (Et,Dt,c) (e.g.,
smoothness and log-concavity of p(x|y, c)). Extending [3,
Theorem 5] to derive convergence guarantees for LATINO-
PRO under realistic assumptions for CM-based priors is a
main perspective for future work.

We recommend warm-starting LATINO-PRO by specify-
ing an initial value for c0 that describes the expected solution
(e.g., “a sharp photo of a dog”). We find that the quality of
the samples generated by LATINO-PRO increases rapidly
as we start to update cm, and that stopping iterations early
introduces some regularization, which is beneficial. In our
experiments, we perform M = 15 iterations of (9), with
N = 4 sub-iterations of Algorithm 1, except in the final
stage when we use N = 8 iterations of Algorithm 1 to
obtain a higher quality sample from p(x|y, ĉ(y)).

Algorithm 2 LATINO-PRO

1: given x(0) = A†y, text prompt c0 and admissible set C,
number of step SAPG steps M , sub-iteration parameters
{Nm, γm}Mm=1, {tk, δk}

Nm

k=1, latent consistency model
Gθ, latent space decoder D and encoder E .

2: for m = 1, . . . ,M do
3: for k = 1, . . . , Nm do ▷ LATINO
4: ϵ ∼ N (0, Id)
5: z

(k)
tk
← √αtkE(x(k−1)) +

√
1− αtkϵ

6: u(k) ← D(Gθ(z
(k)
tk

, tk, cm))

7: x(k) ← proxδkgy (u
(k))

8: end for
9: h(cm)← ∇c log p(z

(1)
t1 , . . . ,z

(Nm)
tNm

|cm)
10: cm+1 = ΠC [cm + γmh(cm)] ▷ SAPG
11: x(0) ← x(Nm) ▷ Carry state forward
12: end for
13: return x(NM )

6. Experiments
Datasets and Models. We consider two high-quality (HQ)
datasets to test our models: FFHQ [21] and AFHQ. For
FFHQ, we consider both the 1024 × 1024 and 512 × 512
versions, depending on the objective of the tests conducted,
and we take the first 1k test images, as done by [8]. For
AFHQ, we consider the 512× 512 version, and we take the
validation sets of dogs and cats, as done in [23]. The model
used for our LATINO algorithm is the DMD2 [64] based on
SDXL [42]. SD1.5 [47] is instead the prior for all the other
LDIS, like P2L, PSLD, LDIR, and LDPS. In Appendix G
we discuss why it is fair to compare SD1.5 with DMD2 in
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Figure 4. Comparison of image restorations. Samples taken from AFHQ-512. Prompts: a sharp photo of a dog (resp. a cat).

Deblur (Gaussian) SR×16

Method NFE↓ FID↓ PSNR↑ FID↓ PSNR↑
LATINO-PRO 68 18.37 26.82 30.40 21.52
LATINO 8 20.03 26.25 42.14 20.05
P2L [8] 2000 85.80 20.96 121.7 19.99
TReg [23] 200 35.47 21.13 37.13 19.60
LDPS 1000 64.88 22.60 101.13 17.34
PSLD [48] 1000 125.5 20.52 113.4 16.48

Table 1. Results for Gaussian Deblurring with σ = 5.0, and ×16
super-resolution, both with noise σy = 0.01 on the AFHQ-512 val
dataset. Our LATINO and LATINO-PRO models are compared to
recent state-of-the-art methods. Prompts: a sharp photo of
a dog (resp. a cat) Bold: best, underline: second best.

terms of prior quality, and we also explore an SD1.5-based
CM, to show the universal applicability of our method.

Problems considered. The degradations considered are
the same of [8]: Gaussian deblurring with kernel of size
61 × 61 with σ = 3.0 for the tests on FFHQ and σ = 5.0
for those on AFHQ. Motion deblurring with kernel of size
61 × 61 randomly sampled with intensity 0.52. We also
consider various types of Super-Resolution tests, ranging
from ×8 upscaling with the average pooling kernel to ×16
upscaling with the bicubic interpolation kernel. We add
a white noise of intensity σn = 0.01 to all our tests. We
also add in appendix N harder problem settings, providing
visual results to show the effectiveness of our algorithms.
Additional experiments are reported in Appendix M and E.

Evaluation on inverse problems tasks. Since the current
SOTA methods that employ LDMs to solve inverse problems
work only with 512× 512 resolution, whereas the pretrained
model we use works at 1024 × 1024 resolution, we must
adapt our model for fair comparison purposes. Indeed, when

2https://github.com/LeviBorodenko/motionblur

comparing with P2L, PSLD, LDIR and LDPS we adapt the
inverse problems as follows:
1. Super-resolution ×8 becomes ×16 (×16 becomes ×32),

so the image fed to the algorithm always has the same
size, i.e. 64× 64. The output of our model is then down-
sampled to 512× 512. More details in Appendix H.2.

2. The Deblurring task is converted into a simultaneous
super-resolution and Deblurring problem since we first
have to downsample the clean image x to 512× 512 and
then apply the actual blur operator A. The formal details
of this specific case are illustrated in Appendix H.1.

In Appendix I we also provide visual results and FID, PSNR,
and LPIPS metrics for the FFHQ1024 case, allowing fu-
ture work that will handle this resolution to be compared
with our results. We can see from Table 1 and Table 2 how
both our LATINO and LATINO-PRO models have similar
performances compared to current SOTA, if not even bet-
ter in terms of PSNR and LPIPS. Especially on the AFHQ
dataset, we can beat all the SOTA methods in all the metrics
considered. On the FFHQ dataset we can beat SOTA in
most cases. Importantly, we can see a huge gain in terms of
NFEs. Furthermore, LATINO requires around only 13 Gb of
GPU memory to run, thanks to the absence of any gradient
computation in the steps (more details on memory and time
consumption in Appendix J). Considering that the DMD2
prior takes around 10.7Gb, the overhead is minimum. Fig-
ures 4 and 11 show a qualitative comparison of the methods
proposed against common latent DIS like LDPS, PSLD and
P2L. We refer to the TReg original work [23] to compare on
the AFHQ dataset with both algorithms, see Appendix K.

Prompt Optimization. As discussed in Section 5, we can
use the LATINO-PRO SAPG scheme to optimize the text
prompt c. This greatly improves accuracy, both when the
prompt is already partially aligned with the image and when
it is misleading, as shown in Table 9 in the Appendix L.
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Deblur (Gaussian) Deblur (Motion) SR×8
Method NFE↓ FID↓ PSNR↑ LPIPS↓ FID↓ PSNR↑ LPIPS↓ FID↓ PSNR↑ LPIPS↓
LATINO-PRO 68 31.98 29.11 0.292 27.80 27.14 0.301 40.95 26.58 0.355
LATINO 8 33.94 28.95 0.296 29.17 26.88 0.318 37.13 26.22 0.356
P2L [8] 2000 30.62 26.97 0.299 28.34 27.23 0.302 31.23 28.55 0.290
LDPS 1000 45.89 27.82 0.334 58.66 26.19 0.382 36.81 28.78 0.292
PSLD [48] 1000 41.04 28.47 0.320 47.71 27.05 0.348 36.93 26.62 0.335
LDIR [16] 1000 35.61 25.75 0.341 24.40 24.40 0.376 36.04 25.79 0.345

Table 2. Results for Gaussian deblurring with σ = 3.0, motion deblurring, and ×8 super-resolution, all with noise σy = 0.01 on the
FFHQ-512 val dataset. Our LATINO and LATINO-PRO models are compared to recent state-of-the-art methods. Prompt: a sharp
photo of a face. Bold: best, underline: second best.
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Figure 5. Qualitative comparison of image restoration results. Samples taken from FFHQ-512. Prompt: a sharp photo of a face.

We initialize the prompt c by concatenating two strings, a
fixed string a sharp photo of whose tokens will re-
main frozen, plus a descriptive string, e.g. a dog, which is
updated via SAPG updates. The hyperparameters used are
M = 15, C = B(c0, 15), and γm = 0.1 · 0.9max(0,m−10).

Tables 1 and 2 show that LATINO-PRO can significantly
outperform LATINO, with a computational cost that re-
mains 15× lower than competing SOTA methods. Although
LATINO-PRO is not gradient-free due to the terms∇c, these
gradients are computed in the latent space and do not re-
quire backpropagation through D or E . We provide in Table
7 in Appendix J an extensive comparison of the memory
consumption and running times of different IR algorithms
compared to ours. In Appendix M, we provide inpainting
experiments highlighting the capacity of LATINO-PRO to
produce diverse image restorations with different prompts.

7. Conclusion

We introduced LATINO, a fast, light, zero-shot, prompt-
guided IS that can leverage SOTA latent consistency models
such as DMD2 [64]. Its effectiveness has been compared to
current SOTA methods, which achieve comparable quality
but require two to three orders of magnitude more NFEs. We
also presented LATINO-PRO, which self-calibrates the text
prompt by maximum likelihood estimation. LATINO-PRO
outperforms SOTA on AFHQ512 and FFHQ512 datasets on
multiple inverse problems.

Future work will seek to analyze the theoretical properties
of LATINO and LATINO-PRO, with special attention to
non-asymptotic convergence results. The development of
strategies to automatically adjust the parameters of LATINO
and LATINO-PRO is another main perspective for future
work. Future work will also explore strategies for decoding
the prompt embedding to reveal the optimized text prompt.
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