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Abstract

Diffusion models (DMs) have demonstrated to be powerful
priors for signal recovery, but their application to 1-bit quan-
tization tasks, such as 1-bit compressed sensing and logistic
regression, remains a challenge. This difficulty stems from
the inherent non-linear link function in these tasks, which
is either non-differentiable or lacks an explicit characteriza-
tion. To tackle this issue, we introduce Diff-OneBit, which
is a fast and effective DM-based approach for signal recov-
ery under 1-bit quantization. Diff-OneBit addresses the chal-
lenge posed by non-differentiable or implicit links functions
via leveraging a differentiable surrogate likelihood function
to model 1-bit quantization, thereby enabling gradient based
iterations. This function is integrated into a flexible plug-and-
play framework that decouples the data-fidelity term from
the diffusion prior, allowing any pretrained DM to act as
a denoiser within the iterative reconstruction process. Ex-
tensive experiments on the FFHQ, CelebA and ImageNet
datasets demonstrate that Diff-OneBit gives high-fidelity re-
constructed images, outperforming state-of-the-art methods
in both reconstruction quality and computational efficiency
across 1-bit compressed sensing and logistic regression tasks.

Introduction
In linear measurement models (Candes, Romberg, and Tao
2006; Donoho 2006; Foucart and Rauhut 2013), the goal is
to recover a high-dimensional signal x* € R¥ from noisy
linear measurements:

y =Ax" +€, (H
where A = [ay,...,ay] € RM*N is the forward ma-
trix, € = [e1,...,enm]’ € RM is the noise vector, and

_ T M :
vy = [y1,...,ym]' € R represents the acquired mea-

surements. To address this typically ill-posed measurement
model, especially in the high-dimensional regime where
M < N, aseries of works has developed effective recovery
methods by exploiting hand-crafted structural priors of x*,
such as sparsity or low-rankness (Chen et al. 2013; Li 2013;
Nguyen and Tran 2012, 2013; Xu, Caramanis, and Mannor
2012).

However, the assumption of infinite measurement pre-
cision in linear measurement models is often unrealistic
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in hardware implementation. In practice, measurements are
quantized to a finite number of bits. In particular, 1-bit quan-
tization is valued for its low hardware cost and robustness
to non-linear distortions (Boufounos and Baraniuk 2008;
Boufounos 2010). Both 1-bit compressed sensing (CS) and
logistic regression are examples of the 1-bit quantized mea-
surement model. For 1-bit CS, measurements are quantized
to their signs:

2

For logistic regression, the likelihood of each binary out-
come y; € {—1,+1} can be expressed as follows:
> )

< a
1-bit quantized measurement models have also been widely
studied under hand-crafted structural priors such as sparsity
and low-rankness (Plan and Vershynin 2012; Yan, Yang, and
Osher 2012; Plan and Vershynin 2013; Jacques et al. 2013;
Davenport et al. 2014; Knudson, Saab, and Ward 2016; Plan,
Vershynin, and Yudovina 2017).

Priors have shifted from hand-crafted designs to lever-
aging the expressive capabilities of conventional gener-
ative models, such as variational autoencoders (VAEs)
and generative adversarial networks (GANs) (Bora et al.
2017; Liu and Scarlett 2020b). Recently, diffusion models
(DMs) (Sohl-Dickstein et al. 2015; Ho, Jain, and Abbeel
2020) stand out as powerful generative priors for captur-
ing the statistical properties of natural images. Reconstruc-
tion methods using DMs generally fall into two categories:
Supervised methods, which train neural networks end-to-
end on paired clean and degraded images for specific mea-
surement models, and unsupervised methods, which utilize
pretrained unconditional diffusion models and knowledge
of the degradation process. Recently, unsupervised methods
have been favored for their versatility. They typically inte-
grate a data-fidelity term with a DM-based prior within a
gradient based optimization or sampling framework, achiev-
ing reliable reconstruction quality across a wide range of lin-
ear and non-linear measurement models (Kadkhodaie and
Simoncelli 2021; Jalal et al. 2021a; Choi et al. 2021; Chung
et al. 2022, 2023; Zhu et al. 2023; Kawar et al. 2022; Wang,
Yu, and Zhang 2023; Song et al. 2023, 2024; Mardani et al.
2024; Zhang et al. 2025; Zheng, Li, and Liu 2025).

y = sign(Ax* + €).
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Specifically, under the assumption that the nonlinear for-
ward operator A : RY — RM is differentiable, approaches
such as DPS (Chung et al. 2023), DiffPIR (Zhu et al. 2023),
and DAPS (Zhang et al. 2025) can handle nonlinear mea-
surement models of the form y = A(x*) + € through gra-
dient based iterative procedures. However, these methods
are not directly applicable to 1-bit CS or logistic regres-
sion, as the corresponding forward operators are either non-
differentiable or lack an explicit formulation.

Contributions To address this limitation, we draw inspi-
ration from plug-and-play (PnP) frameworks (Venkatakrish-
nan, Bouman, and Wohlberg 2013; Chan, Wang, and El-
gendy 2016; Sreehari et al. 2016; Kamilov, Mansour, and
Wohlberg 2017) and propose Diff-OneBit, which is a PnP
method designed to tackle the 1-bit CS problem using pre-
trained DMs. To overcome the challenge posed by the non-
differentiable link function in 1-bit CS, our approach de-
couples the data and prior terms via half-quadratic split-
ting (HQS) (Geman and Yang 1995) and introduces a differ-
entiable surrogate function for the data-fidelity term, solv-
ing them iteratively within the diffusion sampling frame-
work. We further adapt Diff-OneBit to address the logistic
regression problem. Evaluations of Diff-OneBit on 1-bit CS
and logistic regression tasks using the FFHQ and CelebA
datasets demonstrate that it achieves superior image recon-
struction quality with greater efficiency compared to com-
peting methods.

Related work

In this subsection, we present an overview of relevant exist-
ing studies. These studies can broadly be categorized into (i)
Signal recovery with conventional generative models, and
(ii) Signal recovery with diffusion models.

Signal recovery with conventional generative models:
Building on the pioneering work of (Bora et al. 2017), prior
research has explored signal recovery problems using con-
ventional generative models. Subsequent studies have intro-
duced novel architectures, including untrained deep image
priors (Van Veen et al. 2018), underparameterized deep de-
coders (Heckel and Hand 2019), and invertible networks de-
signed to eliminate representation error (Asim et al. 2020).
Additionally, several methods with provable guarantees have
been developed, such as those based on Langevin dynam-
ics (Nguyen, Jagatap, and Hegde 2021) and posterior sam-
pling (Jalal et al. 2021b). The application scope of these
priors has expanded to address problems like phase re-
trieval (Hand, Leong, and Voroninski 2018; Liu, Ghosh, and
Scarlett 2021; Liu, Wang, and Liu 2022), generative prin-
cipal component analysis (Liu et al. 2022; Chen, Ng, and
Liu 2025) and generalized eigenvalue problems (Liu, Li, and
Chen 2024). This progress has been supported by extensive
studies confirming the adversarial robustness of these meth-
ods (Genzel, Macdonald, and Mirz 2022) and comprehen-
sive surveys of the field (Ongie et al. 2020; Scarlett et al.
2023).

Notably, there have been specific investigations into 1-bit
CS using conventional generative models. For instance, Qiu,
Wei, and Yang (2020) employ ReLU generative networks
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with dithering techniques to enable signal recovery. Liu
et al. (2020) establish recovery guarantees for 1-bit CS us-
ing conventional generative models. Furthermore, single-
index models encompassing 1-bit quantized measurement
models have been studied under conventional generative pri-
ors (Wei, Yang, and Wang 2019; Liu and Scarlett 2020a; Liu
and Han 2022; Liu and Liu 2022; Chen et al. 2023). How-
ever, these works focus on recovery guarantees related to
optimal solutions for empirical risk minimization problems
or approaches that approximately optimize over the range of
conventional single-step generative models, without consid-
ering plug-and-play frameworks.

Signal recovery with diffusion models: A family of un-
supervised methods using pretrained DMs excels at solv-
ing signal recovery problems by adapting the reverse diffu-
sion process. For example, Score-ALD (Jalal et al. 2021a)
utilizes Langevin dynamics for posterior sampling, while
MCG (Chung et al. 2022) adds manifold constraints in re-
verse sampling. ILVR (Choi et al. 2021) refines each step
based on reference images, and DDRM (Kawar et al. 2022)
operates in the spectral domain of the forward operator. Diff-
PIR (Zhu et al. 2023) integrates plug-and-play frameworks.
DPS (Chung et al. 2023) extends posterior sampling to noisy
and non-linear problems. DDNM (Wang, Yu, and Zhang
2023) introduces null-space guidance and IIGDM (Song
et al. 2023) introduces pseudoinverse guidance in sampling.
ReSample (Song et al. 2024) utilizes hard data consistency
for latent diffusion models. RED-diff (Mardani et al. 2024)
offers a variational perspective connecting diffusion to regu-
larization by denoising. DAPS (Zhang et al. 2025) employs a
decoupled noise annealing process. However, the aforemen-
tioned methods are primarily designed for linear measure-
ment models, while methods capable of handling non-linear
measurement models, such as DPS, DiffPIR, DAPS, RED-
diff, and IIGDM, are mainly designed for explicit and dif-
ferentiable forward operators and cannot effectively handle
quantized measurements. In the following, we discuss recent
DM-based methods aiming for quantized signal recovery.

In QCS-SGM (Meng and Kabashima 2023), a DM serves
as a prior for recovering signals from noisy quantized mea-
surements through posterior sampling, integrating a noise-
perturbed pseudo-likelihood score with the score of the DM.
However, QCS-SGM relies on annealed Langevin dynam-
ics, which demands a large number of iterations and incurs
substantial computational overhead. SIM-DMIS (Tang et al.
2025) investigates single index models that encompass 1-bit
quantized measurement models with a diffusion prior. The
approach first obtains an appropriate initial estimate, then
reconstructs the underlying signal using a single round of
unconditional sampling combined with partial inversion of
the DM, which is an operation that approximates projecting
the initial estimate onto the range the DM.

Background
Diffusion models

DMs are generative models that map data to noise through a
pre-defined forward diffusion process (Ho, Jain, and Abbeel
2020; Karras et al. 2022; Song and Ermon 2019, 2020; Song



et al. 2021). Specifically, the forward process perturbs a data
sample Xo ~ pgaa(x) over a continuous time variable ¢ €
[0, T'] according to a Gaussian transition kernel:

“

where o, and oy are time-dependent functions controlling
the signal and noise schedules. Let p; denotes the marginal
distribution of x;. As ¢t — T, the perturbed distribution
p+(x:) converges to an isotropic Gaussian.

To generate a sample, DMs learn to reverse this process,
starting from pure Gaussian noise xr ~ N(0,1I) and iter-
atively denoising it to produce a sample from the data dis-
tribution. Specifically, a neural network €g(xy,t) is trained
to predict the noise component € from the noisy state x; =
oyXo+ o€ by minimizing the following objective (Song and
Ermon 2019; Song, Meng, and Ermon 2021):

q0t(xt|X0) = N(Xt; X, 01521)7

)

The pretrained noise predictor €g(x,t) provides an esti-
mate of the score function via the relation Vy, log p;(x;) ~
—eg(x¢, 1) /0. Thus, sampling from DMs can be performed
by numerically solving a stochastic differential equation
(SDE) (Song et al. 2021):

g°(t)

Exo~po,e~N(0,1),t~u(o,T) [||€9 (Xt; t) - €||§]

+

dx; = | f()x €g(xy, 1) | dt + g(t)dwy,  (6)
where w; represents a standard Wiener process, and f(¢)
and ¢(t) are the drift and diffusion coefficients, respec-
tively. In Variance Preserving (VP) SDE, we have f(t) =
dlog vy /dt, g*(t) = do?/dt — 2f(t)o?. Alternatively, sam-
pling can be performed deterministically by numerically
solving the corresponding probability flow ordinary differ-
ential equation (ODE):

g°(t)

dXt
ft)xe + 5

dt

)

Eg(Xt,t).
Ot

Conditional diffusion models for signal recovery

For signal recovery with measurements y, the objective is
to sample the clean signal xy from the posterior distribu-
tion p(xo|y). DMs achieve this by conditioning the reverse
sampling process, modifying Eq. (7) with the posterior score
Vi, log pe(xt[y):

dx 9> (t)

¢ fr— _
o = x5 ®)

For a linear measurement model with additive Gaussian
noise € ~ N(0,0%I) as in Eq. (1), the conditional score
is directly related to the conditional expectation as fol-
lows (Daras et al. 2024):

Vx, log pi(x:]y)-

]E[XO‘XmY] — X

= )
DiffPIR approximates this conditional expectation using
HQS, which decouples the data-fidelity and prior terms as
follows:

Vi, log ps(x¢ |Y) =

.1
Efxolx,y] ~ arg min - [ly — Ax|3 + £l — Elxo xi] 3
(10)
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Here, p; := A« /0o?) with A > 0 being a hyperparameter
is a penalty parameter and E[xg|x;] can be directly obtained
using Tweedie’s formula (Daras et al. 2024). Alternatively,
approaches such as DPS approximate Vy, log p,(y|x:) us-
ing Bayes’ rule with Vi, log p(xt|y) = Vx, log p:(y|x:)+
Vx, logpi(x¢), where the term Vi, logpi(x;) is simply
the unconditional score function. However, these frame-
works cannot be directly extended to handle 1-bit quan-
tized measurement models for which both E[x¢|x;, y] and
Vx, log p(y|x.) are difficult to approximate.

Method

Our goal is to address 1-bit quantized measurement models
using a DM as a powerful generative prior. We formulate the
reconstruction as a maximum a posterior (MAP) estimation
problem. Given the 1-bit measurements y, we seek to find
the optimal vector X that maximizes the posterior likelihood:

(1)
12)

X = arg max P(x|y) = arg max P(y|x)P(x)
(—logP(x))

Prior Regularization Term

= arg min — log P(y|x) +

Data Fidelity Term

In the following, We discuss the approaches designed for
1-bit CS and logistic regression, which are two popular in-
stances of 1-bit quantization problems.

Approach for 1-bit CS

For the 1-bit CS model in Eq. (2), we begin by modeling the
underlying measurement process before quantization. For
any x € R™, letting b; = a, x+e¢; be the corrupted measure-
ment. The 1-bit measurement y; € {—1,+1} is the result of
applying the sign function to this noisy value:

y; = sign(b;). (13)

The probability of observing y; = +1 is the probability
that the noisy measurement is non-negative:

P(y; = +1|x) = P(b; > 0) = P(a; x+¢ >0) (14)
=P > —a; x). (15)

Similarly, the probability of observing y; = —1 is:
P(y; = —1|x) = P(b; < 0) = P(a; x + ¢ < 0) (16)
=P(e; < —a] x). (17)

Egs. (15) and (17) can be expressed using the cumula-
tive distribution function (CDF). Assuming that the additive
noise is Gaussian with ¢; ~ N'(0,02), then ¢;/o follows
the standard normal distribution, with its CDF defined as

(z)= 7 A e~%*/2dy, and we obtain

0 Var
Ply; = 1]x) =P ( ) =®(a/x/0). (18)

Applying the symmetry of the Gaussian distribution, we ob-
tain P(e; > v) =1 —P(¢; < v) = P(e; < —v), and thus

T
a; X

. > = (—a?x/a) .
(19)

_ T
G, _ X

g g

€

P(y; = —1|x) —IP’(O <-
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Figure 1. Qualitative results of 1-bit CS on FFHQ images. We compare Diff-OneBit with QCS-SGM, SIM-DMIS and DiffPIR.

Input images have an addtive Gaussian noise of o = 0.5.

Combining these two cases into a single one, yielding:

1—y;
2z

P(y;|x) = @ (a;rx/a)# -0 (—a;rx/cr)

(20)
Then, we have the following for y:
M 1tys 1-y;
P(y|x) = H ®(a/x/0) * -®(-a/x/0) * . 1)
i=1

This expression serves as our differentiable surrogate likeli-
hood. For the MAP objective, we require its negative loga-
rithm. Taking the negative logarithm of Eq. (21) yields our
final data-fidelity function as follows:

M

1+y; a/x
E(x;y):—Z[ 2y 1og<1>< - )
=1
1—y; i
y— Y log‘b(—ai_xﬂ. 22)
2 o

With a tractable data-fidelity term, we now address the
MAP objective in Eq. (12). HQS introduces an auxiliary
variable z to decouple the data-fidelity and prior terms, re-
formulating the objective as

argmin £(x;y) — logp(z) subjectto x=12z. (23)

This constrained optimization problem is typically ad-
dressed by iteratively updating x and z through two sub-
problems, synchronized with the timestep ¢ to ensure con-
sistency with its reverse process schedule.

The x-update rule enforces consistency with the observed
1-bit measurements using a differentiable surrogate likeli-
hood. The subproblem is of the following form:

%= argmin (L0ay) + Slx—2]3), @4
where ;1 > 0 is the penalty parameter and Z is an estimated
vector. The differentiability of L(-;y) enables efficient opti-
mization via gradient methods like Adam (Kingma and Ba
2014). The z-update solves:

Z = arg min (— logp(z) + %Hz - 5c||§> . (25

z
The optimization problem in Eq. (25) can be thought of as a
denoising problem, and its optimal solution can be approx-
imated using a DM through the single-step Tweedie’s for-
mula, see, e.g., (Zhu et al. 2023; Venkatakrishnan, Bouman,
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and Wohlberg 2013), for which we provide a detailed anal-
ysis in the appendix.

Based on the above discussions, our Diff-OneBit ap-
proach is illustrated in Figure 3 and detailed in Algorithm 1.

Adaption for logistic regression

We can adapt our Diff-OneBit approach designed for 1-bit
CS to logistic regression. For the logistic regression model
with 1-bit observation y; € {—1, 41}, the exact likelihood
of an observation can be directly expressed using the hyper-
bolic tangent function. The probabilities for the two possible
outcomes are:

11 T

P(ys = +1[x) = 5 + 5 tanh (al X) . (©26)
1 1 T

Py, = —1]x) = 375 tanh (al X) . (27)

Following the structure of the 1-bit model, we combine both
cases into a single likelihood expression for P(y;|x). Anal-
ogous to the 1-bit CS formulation in Eq. (21), the exponents
select the appropriate probability for the binary outcome:

M
wazﬂmmm- (28)

Taking the negative logarithm yields the data-fidelity func-
tion, which corresponds to the standard binary cross-entropy
loss:

L(x;y) = —logP(y|x) (29
M
_ 1+y 11 a/x
_—;_1[ 5 log(2—|—2tanh< 5 ))
11—y 1 1 a/x
+ 5 log <§—§tanh< 5 ))] (30)

The function in Eq. (30) is convex and smooth, making it
well-suited for gradient based optimization within our MAP
framework. Unlike the surrogate likelihood in Eq. (22), this
formulation represents the exact model likelihood and re-
quires no hyperparameters such as the noise level o.
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Figure 2. Qualitative results of 1-bit CS on CelebA images. We compare Diff-OneBit with SIM-DMIS. Input images have an

additive Gaussian noise of ¢ = 0.5 and o = 1.5.
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sign(Axo;c)
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Figure 3. An illustration of the Diff-OneBit sampling step.
At each reverse diffusion time ¢, we start with a noisy sample
X;. First, the diffusion model acts as a denoiser to predict a
preliminary clean image z; (the prior update). This estimate
is then corrected to a guided version X, by solving a data-
consistency sub-problem using our differentiable surrogate
likelihood. Finally, this guided estimate is used to compute
the next state X;_1, advancing one step in the guided reverse
diffusion.

Algorithm 1: Diff-OneBit

Require: Measurements y, forward matrix A, pretrained
noise prediction network €g, maximum number of it-
erations K, data-fidelity function L(-;y), schedules
{atk,atk }f 0, penalty coefficient )\, pre-calculated
Hie = (O‘tk/a-tk)

Ensure: Reconstructed signal X

1: Sample X;,. ~ N(0,1)

2: fork=K,...,1do

3: Ztk — (th — Oty 69(xtkatk))/atk

4: Xojt, < argminy (L£(x;y) + 4[x — 24, 13)
500 &y (R, —anXop,) /o,

6: th L Oy 1X0‘tk +th 1étk

7: end for

8: return X,
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Experiments

In this section, we demonstrate the performance of our Diff-
OneBit approach on 1-bit CS and logistic regression tasks.

Experimental setup. Our experiments employ pretrained
DMs that correspond to image datasets at a resolution of
256x256. Specifically, for FFHQ dataset (Karras, Laine,
and Aila 2019), we utilized the score model (Song and Er-
mon 2020) for QCS-SGM and the denoising model pro-
vided by (Chung et al. 2023) for Diff-OneBit, DPS, DAPS,
DiffPIR and SIM-DMIS. For CelebA (Karras et al. 2018)
datasets, we used the models pretrained by (Ho, Jain, and
Abbeel 2020).! For ImageNet (Deng et al. 2009), we uti-
lized the models pretrained by (Dhariwal and Nichol 2021).
All the experiments are conducted on NVIDIA Tesla V100.

Measurement tasks: In all experiments, we evaluate our
method on the validation set of 100 images on 1-bit CS and
logistic regression. We have a forward matrix with i.i.d. en-
tries drawn from a normal distribution N (0,1/M). Mea-
surements are evaluated under Gaussian noises with a mea-
surement ratio of M /N = 1/16.

Baselines and metrics. We compare our proposed Diff-
OneBit approach with several state-of-the-art methods. The
primary baselines are specialized solvers for quantized mea-
surements, including QCS-SGM and SIM-DMIS. Addition-
ally, we include DiffPIR, DPS, and DAPS, that can handle
non-linear measurement models, in our comparison. How-
ever, their non-linear frameworks are incompatible with 1-
bit quantization, as the link function is non-differentiable or
cannot be explicitly expressed. Thus, for our comparison, we
use their linear versions, ignoring the non-linear link func-
tion. Reconstruction quality is evaluated using a comprehen-
sive set of metrics. For fidelity and faithfulness to the ground
truth, we use the peak signal-to-noise ratio (PSNR) and the
structural similarity index measure (SSIM). For perceptual
quality, we use the Learned Perceptual Image Patch Similar-
ity (LPIPS) (Zhang et al. 2018) score and the Fréchet Incep-
tion Distance (FID) (Heusel et al. 2017).

!Since QCS-SGM does not provide a configuration file for re-
producing results on the CelebA dataset, and we have not yet
trained a score model on CelebA, we only tested the performance
of QCS-SGM on the FFHQ dataset.



FFHQ 1-bit CS (0 = 0.5)

1-bit CS (o = 1.5)

Method NFE PSNR?T SSIMt LPIPS,  FID| PSNR?t SSIMt LPIPS,  FID|
Diff-OneBit 20 2205+1.88 0.64+.07 034+.05 8540 2025+1.01 053+.06 044+.05 9697
SIM-DMIS 150 18.97£2.36 0.544+.09 0.42-+.05 110.05 14.324+1.85 0.41+.08 0.56+.06 159.38
DiffPIR 100 9.88+1.41 0.13+.04 0.784+.05 21924 9.79+1.39 0.12+.04 0.78+£.05 22636
DPS 1000  12.37+£1.70 0.31+£.08 0.644+.07 132.84 11.68+1.47 0.29+.08 0.65+.06 133.02
DAPS 1000  11.30+£1.60 0.37+.08 0.69+.05 203.12 11.39+1.54 0.344+.08 0.73+£.05 224.04
QCS-SGM 11555 18.88+£2.30 0.52+.10 0.554.06 211.85 16.84+0098 0.47+.08 0.64+.06 297.27
CelebA 1-bit CS (o = 0.5) 1-bit CS (o = 1.5)

Method NFE PSNR1 SSIM*T LPIPS,  FIDJ PSNR1 SSIMt LPIPS,  FID|
Diff-OneBit 20 2248180 0.66+.09 031+.05 6621 2075103 0.55+.07 040+.04 71.81
SIM-DMIS 150 18.88£2.50 0.564+.09 0.38+£.05 7593 14.7842.36 0.43+.09 0.51+.06 102.75
DiffPIR 100 9.20+1.51 0.13+.05 0.814+.10 18489 9.12+1.49 0.12+.05 0.82+.10 18524
DPS 1000 12.94+1.82 0.364+.09 056+.07 9701 11784171 0.31+£.08 0.60+.06 105.19
DAPS 1000 11.33+1.62 0.38+.08 0.67+.05 18651 11.324+1.53 0.35+.08 0.72+.05 211.46
ImageNet 1-bit CS (o = 0.5) 1-bit CS (o = 1.5)

Method NFE PSNR? SSIMt LPIPS,  FID| PSNR?T SSIMt LPIPS,  FID|
Diff-OneBit 20 2056 £2.34 052+.16 047+.09 9271 1823+1.72 043+.15 055+.07 121.81
SIM-DMIS 150 17.374+2.68 041+.15 050+.08 9572 14.874+279 0.30+.15 0.61+.09 13837

Table 1. Quantitative results of 1-bit CS on FFHQ, CelebA and ImageNet images. We compare our method with DiffPIR, DPS,
DAPS QCS-SGM and SIM-DMIS. Input images have an additive Gaussian noise of ¢ = 0.5 and o = 1.5.

NFE PSNR? SSIMt LPIPS,

20 22.05+1.88 0.64+.07 0.34+.05
50 2239+ 1.34 0.65+.06 0.33+.05
100 22.65+1.08 0.65+.06 0.32+.05

Table 2. Quantitative results of 1-bit CS on FFHQ images
under different NFEs. We evaluate our method under 20, 50
and 100 NFEs with additive Gaussian noise of o = 0.5.

Quantitative results

For 1-bit CS, the main quantitative results for the FFHQ,
CelebA and ImageNet datasets are presented in Table 1. Our
proposed method, Diff-OneBit, consistently outperforms all
baseline methods across all evaluation metrics, demonstrat-
ing its superior reconstruction accuracy. For logistic regres-
sion, the main quantitative results on the FFHQ dataset are
presented in Table 3. We compare our method with DPS,
DAPS, and DiffPIR, which are capable of handling non-
linear measurements. We also compare with SIM-DMIS, as
logistic regression is a special case of SIM.

Our experiments demonstrate that existing solvers for lin-
ear or non-linear measurement models perform poorly in
1-bit quantization tasks. Tables 1 and 3 show that Diff-
PIR, DPS, and DAPS significantly underperforms compared
to specialized methods and our proposed Diff-OneBit ap-
proach. These results demonstrate that optimization and gra-
dient based methods, designed for linear or non-linear prob-
lems, are ineffective for 1-bit measurement models.
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FFHQ logistic regression

Method PSNR?T SSIMt LPIPS|
Diff-OneBit  19.99 +1.94 0.56 + .08 0.42 £+ .05
SIM-DMIS  16.03+£2.34 0.46+.09 0.49 £ .06
DiffPIR 984 +1.40 0.13+.04 0.79+.05
DPS 15.03 £2.37 0.43+£.11 0.534.08
DAPS 13.43+1.64 0.40+.08 0.63+.07

Table 3. Quantitative results of logistic regression on FFHQ
images. We compare Diff-OneBit with DAPS, DPS, Diff-
PIR, and SIM-DMIS without additional Gaussian noise, set-
ting NFE to 20 for Diff-OneBit, 100 for DiffPIR, 150 for
SIM-DMIS, and 1000 for DPS and DAPS.

Qualitative results

For 1-bit CS, Figures 1 and 2 provide visual comparison
of the reconstruction results on FFHQ and CelebA images
for the 1-bit CS.? Images reconstructed by Diff-OneBit ex-
hibit significantly fewer artifacts and preserve finer textu-
ral details and structural integrity. In contrast, specialized
solvers like QCS-SGM produce reconstructions with notice-
able smoothing, while SIM-DMIS results in loss of high-
frequency details. DiffPIR, DPS, and DAPS fail to capture
the semantic content of images from 1-bit measurements us-
ing gradient information. For logistic regression, Figure 6
provides visual comparison of the reconstruction results on
FFHQ images for logistic regression. Images reconstructed
by our Diff-OneBit approach exhibit significantly fewer ar-

2We use ATy to denote the measurement, ensuring dimen-
sional consistency.
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Figure 4. Qualitative results of 1-bit CS on FFHQ images.
We compare Diff-OneBit under varying Gaussian noise lev-
els in 1-bit CS.
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Figure 5. Qualitative results of logistic regression on FFHQ
images. We compare Diff-OneBit under varying Gaussian
noise levels in logistic regression.

tifacts and preserve finer textural details and structural in-
tegrity.

Moreover, Figures 4 and 5 provide a visual comparison of
reconstructed FFHQ images for 1-bit CS and logistic regres-
sion based on the Diff-OneBit method under varying Gaus-
sian noise levels, specifically with o € {0.5,1.0,1.5,2.0}
for 1-bit CS and o € {0.0,0.5,1.0, 1.5} for logistic regres-
sion. These figures demonstrate that our approach consis-
tently achieves high-fidelity image recovery across different
noise intensities, showing robust performance in preserving
details, for which detailed quantitative results are provided
in the appendix.

Ablation studies and further analysis

To validate the design choices and flexibility of our method,
we conduct further analysis.

Experiment under varying NFEs. We evaluate our method
by varying NFEs from 20 to 100 for 1-bit CS on 100 FFHQ
images with Gaussian noise o = 0.5. Table 2 demonstrates
that our method is efficient even at low NFEs. Moreover,
the reconstruction quality further improves as NFE increases
from 20 to 100, showing the scalability of our method.
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Figure 6. Qualitative results of logistic regression on FFHQ
images. We compare Diff-OneBit with DPS, DAPS, DiffPIR
and SIM-DMIS.

A 0.0001

Figure 7. Effect of hyperparameters \. Reconstructed im-
ages from the same 1-bit CS measurement with input images
corrupted by additive Gaussian noise of o = 0.5.

Comparison with DiffPIR. Our method, similar to Diff-
PIR, employs the HQS approach but differs in two major
aspects. First, DiffPIR lacks specific modeling for 1-bit mea-
surements, resulting in inferior reconstruction, as shown in
our experiments. Then, unlike DiffPIR, which adds Gaus-
sian noise during sampling, our algorithm performs better
without random noise. The impact of varying random noise
levels is presented in the appendix. We adopt similar hy-
perparameters, with A controlling the data-fidelity term via
i = Ma?/o?). Figure 7 demonstrates that our method,
Diff-OneBit, exhibits robust performance across a range
of A values on the FFHQ dataset. However, overly strong
(A < 0.0001) or weak (A > 0.1) guidance causes noisy or
overly smooth reconstructions, respectively.

Computational efficiency. Our algorithm achieves high-
quality reconstructions using only 20 NFEs. However, the
gradient descent optimization introduces additional compu-
tational overhead. To ensure a fair performance comparison,
we provide a detailed analysis of the time overhead in the
appendix.

Conclusion

In this paper, we address the challenge of signal recov-
ery under 1-bit quantization in the context of 1-bit com-
pressed sensing and logistic regression using diffusion mod-
els. We propose Diff-OneBit, an approach that integrates a
differentiable surrogate likelihood function with a plug-and-
play optimization scheme, leveraging a pretrained diffusion
model. Experimental results demonstrate that Diff-OneBit
achieves state-of-the-art reconstruction quality on the FFHQ
and CelebA datasets, offering high computational efficiency
and versatility across 1-bit quantized measurement models.
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