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A. Technical details about diffusion ISs PSLD re nes this approach by incorporating an orthogonal
projection step onto the subspace de ned®dpetween the

DPS [7]: Diffusion Posterior Sampling (DPS) follows this decoding and encoding stages to enforce delity:

update rule:

X¢ 1=DDIM( X¢) T x.ky A RokZ; zy 1=DDIM( z;) 1, Kky AD (20)k,
t 1= t Xt 0Ro,

rzo 20 E A7y+ I1d A”A D(%) ,:
whereDDIM( ) represents a single update step of the DDIM . ) . .
sampling [54], de ned as: A static step size pf =1 is gpplled,and we set = 0:1.
These methods aim at guiding latents toward the natural
xi 1= P TR T ¢ 1)s (Xe5t); manifold, enforcing their stability after autoencoding.

wherex, is estimated fronx, ands is the predicted score  pp| [g]: The P2L algorithm alternates between two main
at timet. The optimal step size is dynamically set as  pgate steps: optimizing the text embeddirand re ning
= m, ensuring adaptive scaling of the likelihood e |atent variable;.
gradient. The rst step focuses on updating the text embedding
to align it with the measurememgtand the current diffusion
LDPS: Latent Diffusion Posterior Sampling (LDPS) can estimatez;. This is done by maximizing the posterigf{c j
be seen as a direct extension of the image-domain DP:;Y), leading to the gradient update:

approach proposed by Chung et &l. [The update rule for . )

- This optimization uses stochastic optimizers like Ada& [
= DDIM r, ky AD (Zo)k S .
2t (2) 2 Y (Zo)k, In the second step, the latent variables re ned using
where denotes the step size, aBdIM( ) represents a  the optimized text embeddirgy obtained from the rst step.
single step of DDIM sampling. A static step size of 1 is ~ This update aims at maximizingz: j y; ¢ ), resulting in
employed, as is commonly adopted in the literature. the following gradient expression:

rz logp(zijy;c) s (zi;q)

LDIR[16] modies LDPS by introducing a momentum- . )
+ 1 2, KAD (E[zo ] z¢;¢]) vk

based gradient update mechanism inspired by Adam. A

single iteration of the algorithm follows: wheres (z;;¢,) is the score function from the diffusion

- kv AD (2K model and ; is a step size that balances the in uence of the
d=T2 Y (Zo) likelihood term.
me=(C me 2+ 1)g)=(1 1)
$e=(2ve 1+ (1 2)(% 9)=Q 2) TReg[23]: The TReg algorithm solves the following prox-
" : P X :
2, 1 =DDIM( z) 07: i imal optimization problem in an ADMM [5] style
t

Min Iyap(z) + | tred(Z) = lmar(z) + kz = 29j1k3
. L . " Xz

where denotes element-wise multiplication, and »;

are hyperparameters of the method. The momentum-based st. x=D(z)
approach in LDIR leads to smoother gradient updates. TheWhere the objective of the maximum a posteriori (MAP)
parameters are setag = 0:9; , =0:999" = 1e 8.

The step size is set to beD:05. problem is de ned as

‘mar(z) = logp(z jD(z);y) logp(y jD(z))
GML-DPS, PSLD [48]: GML-DPS introduces a con- kz E (D(z))k3  ky A (D(2))K3
straint to ensure that the estimated clean lafgnemains = 52 52 ;
stable after encoding and decoding. The update rule is: E

where g is the encoder variance. First is solved

ky A (x)k
2 2

Zt 1= DDlM( Zt)
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time of the Langevin diffusion (3)-(4), which goes forward E. Adaptation to non-linear operators
as the algorithm iterations progress. Ihigt the time of the

diffusion SDE (1) which is encapsulated into ((4), top row). When the pseudoinverse is not accessible, the proximal oper-
With regards to convergence properties of, LATINO. atorcan be computed with Conjugate Gradient in the linear

known theoretical convergence results for PnP Langevincase' For nonlinear operators, a direct !east squares method
sampling suggest that whers mall, LATINO should con- can be adopted, as already donedf|{using the Adam op-

verge under a wide class of probability metrics towards a?mggg .W'th !earnlng lgaté.e h3 an:j 1= 0f:9; 2=0:999
biased approximation of the posterior distribution of inter- or Iterations to obtain the solution o
est R6]. Empirically, we observe that LATINO converges ky A (x)k2

i i i i min =272+ kx Rok3:
very quickly, especially whenhis large, allowing to gener- ) 5 2 0Kz.
ate samples in very few steps. A theoretical analysis of the _ _
convergence of LATINO for largeis a main perspective for  In Fig. 9, we tackle a non-linear phase retrieval task
future work.

D. LATINO-PRO: gradient computation _
_ _ _ on FFHQ-512, and compare LATINO-PRO with TReg and
As discussed in Section 5, the key step of our LATINO-PRO | pps (P2L and PSLD only work for linear problems). Our
Algorithm 2 'Sr'ghe computation of the following queimtlty method is around 4 faster than TReg and can handle
- @..... (N); ) tougher cases like images with complex backgrounds, which
Cm-+1 ¢ Cn* mf clogp(xT7iiiiixTien) cause failures in TReg (bottom row). We stress the fact that
K . . . . (1) a key strength of our method is the possibility to use various
wherefx W gl_ is a Markov chain targeting(xjy; cm).

) . . . . discretization schemes in place of the implicit proximal in 4
This requires running a full iteration of our LATINO algo- (implicit-explicit, Runge—Kutta) and even etfie-shelf NN
rithm 1, and in particular, we are interested in storing the

e ) ) to approximaterox 4 when a closed form is not available.
latent realization$z,, ' gi_, , as this leads to tractable com-

putations by automatic differentiation (to simplify notation,  \jeas. GT LDPS LATINO TReg
we henceforth use usg, zt(f) andc ¢p). During the
optimization steps in Algorithm 2, we considér= 4, so

the computations become:

logp(zt,; Zt,; 2t5;Zt, | ©) =10g p(zt, | Zt,;0)+

+10g p(zt, j Zt,;€) +1og p(zt, j zt,;¢) +log p(zt, ] ©):
(12)

All the terms can be computed through the de nition of the
latent part of our stochastic auto-encoder, i.e.,

y = DFT(x) +n

Ztj, = P tig G (Zy;ti;0)+ P 1 s N (0;1d); Figure 9. Nonlinear phase retrieval. Top row: Example 1; bottom
row: Example 2.
and hence

Zta 12456 N (G (2565051 4 )Md) 5 F. Ablation study: prompt choice
SO

rokzi p <G (21t 0K Table 5_high|ights th_e robL_Jst_ness of the _re_c_onstruction qual-
20 a) : ity tg slight semantic variations _of the |n_|t|al prompt. In
' particular, we observe that less informative prompts often
This holds for all terms in (12), includinpgp(z:, j ©),  vyield better metrics than those that include information about
for which we simply have a dependence on the startingihe gegradation operator. LATINO-PRO is more robust to
zo N (Ay;(1 to)1d) in the equation. Also, we do variations in the prompt initialization, as it seems that the

not includep(z:, j zi,;C) asz;, is deterministically de- N :
termine fromz,,. Insteadz;, initializes the next iteration optimization scheme converges towards an optimal prompt

of LATINO within the SAPG scheme. In conclusion, (11) in all three cases.

r clogp(zi.,, jzi,;0) =

becomes Prompt LATINO LATINO-PRO
p LPIPS_ PSNRA FID _ LPIPS_ PSNRA FID _
Cm+1 = "a photo of" 0.312 26.93 29.24  0.299 27.25 28.39
" p H "a high resolution photo of" 0.319 26.85 29.22 0.301 27.19 27.59
a— ot 2 "a shar hoto of" 0.318 26.88 29.17 0.301 27.14 27.80
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; Table 5. Performance of LATINO and LATINO-PRO on FFHQ-

2(1 )
( tion ) 1024 1k test dataset, motion blur task, under different prompts.






