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Abstract

Transport-based methods have emerged as a leading paradigm for building gen-
erative models from large datasets. However, in many scientific and engineering
domains, clean data samples are often unavailable: instead, we only observe cor-
rupted measurements obtained through a noisy, ill-conditioned forward map. We
introduce a novel framework for inverse generative modeling that learns to generate
clean data using only these corrupted observations. Our approach leverages stochas-
tic interpolants to construct a self-consistent training procedure: we iteratively
transport corrupted observations to clean data samples, then verify consistency by
passing the generated samples back through the forward map to match the original
observation distribution. This bypasses the need for clean training data while main-
taining theoretical guarantees. The resulting method is (i) computationally efficient
compared to variational alternatives, and (ii) highly flexible, handling arbitrary
nonlinear forward models with only black-box access. We demonstrate superior
performance on a variety of inverse problems arising in imaging applications.

1 Introduction

Transport-based methods have become the primary approach for training high-quality generative
models with large amounts of data. In many scientific and engineering applications, however, direct
access to the data x ~ 7 of interest is unavailable. Instead, we only observe corrupted measurements
y through a forward map y = F(x) that is typically noisy and ill-conditioned. Examples include
medical imaging, where we observe tomographic projections of internal structures, astronomical
observations affected by atmospheric distortion, and other measurement processes that introduce
noise and information loss [Tarantola, [2005|.

In this work, we introduce a framework for inverse generative modeling that learns to generate clean
data x using only these corrupted observations y and simulation of the forward process F. Our
approach leverages stochastic interpolants (SI) [Albergo and Vanden-Eijnden| 2023 |Albergo et al.}
2023]], building on the broader family of transport-based methods including flow matching [Lipman
et al.,[2022] and rectified flows [Liu et al., [2023]. We construct a self-consistent training procedure:
we iteratively transport observed data to clean samples via a learned velocity field, then enforce
consistency by requiring that these generated samples, when passed through F, reproduce the original
observation distribution. This circumvents the need for clean training data while extending classical
generative modeling to inverse problem settings where only indirect measurements are available.

1.1 Problem setup

We consider a probability distribution of interest 7 € P((2), and a forward model F : 2 — Q
that we allow to be stochastic, i.e., y = F(z) defines a conditional distribution of y given x on
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Q. Some representative examples in 2 = R? include the additive white gaussian noise (AWGN)
channel y = z + o€, with £ ~ v4 = N(0,1;), or tomography, where y = M + o&, T is the Fourier
transform of x and M is a certain (possibly random) projection operator along frequency rays.

Since F is a channel that does not introduce additional information about x, we assume that the
observation space {2 can be embedded back into the data space 2 without loss of information. With a
slight abuse of notation, we therefore redefine 7 as a map F : € — 2. We define the kernel &z (y, )
associated with F as the conditional distribution of y = F(x) given x. This channel pushes forward
the data distribution 7 to an observation distribution 1 € P(f2), given by u = K x7, where K is the
integral operator with kernel kz, i.e., u(y) = [ kr(y,z) dn(z).

The forward operator F is often ill-conditioned, non-deterministic (and therefore non-invertible) as a
mapping in €2, thus justifying the need to regularize the inverse problem of recovering = from the
observations y = JF(x). However, the situation is different when viewed at the level of probability
measures P (£2): as soon as K is invertible in PP(£2), one can hope to recover 7 from y by inverting
the linear relationship p = Kxzm. To illustrate this point, consider the AWGN channel: while the
optimum reconstruction at the level of the samples (in the MSE sense) is given by the posterior mean
& = E[z|F(x)], and generically we have E ||z — Z||* > 0, the associated inverse problem at the level
of distributions amounts to a deconvolution, i.e., it = T * 7,, which is invertible for any o.

We approach such ‘inverse’ generative modeling by first assuming that we have access to p, either
directly, or from a dataset of observations {y; };, y; ~ p that can be fed into a generative modeling that
produces an estimate ji. We also assume only black-box access to a general (potentially nonlinear)
forward model, without requiring its analytical form or gradients.

Related works. In contrast, most existing works impose stronger assumptions on the forward
model. For example, Daras et al.| [2023]], [Kawar et al.|[2024] train diffusion models with corrupted
data under explicit linear forward models and additional full-rank condition. |Akyildiz et al.| [2025]]
learns a generative prior by minimizing the sliced-Wasserstein-2 distance between observed data
and model outputs. A classical alternative is variational inference, such as the EM algorithm used
in Rozet et al.|[2024]]. On the theoretical side, [L1 et al.| [2024} [2025]] study inverse problems over
measure spaces, analyzing stability, variational structures, and gradient flows.

2 Stochastic Interpolants for Inverse Generative Modeling

2.1 Standard generative nodel (assuming access to clean data)

Let 7 be the clean data distribution we wish to sample from and y be the distribution of the corrupted
data that are available to us, both supported on R?. Following|Albergo et al.|[2023], a linear stochastic
interpolant I; between 7 and p is defined by

Iy = ayxg + /thl + 1z, tE€ [0, 1], (1)

where (xg, 21) is sampled from a joint distribution (or coupling) v(dzo, dz) that maintains the
marginals [;, v(-,dz1) = 7, [, v(dzo,-) = p, and z ~ 74 is independent Gaussian noise. The
schedules oy, B:, 7+ satisfy boundary conditions ag = 51 = 1, a3 = By = 0, and g = 71 = 0.
Define the velocity field b(t, 2) := E[I;|I, = z]. The solutions to the probability flow ODE

X, = b(t, X;) ()

have the property that X;—; ~ p if Xy—¢ ~ 7 (forward direction), and Xy;—g ~ 7 if X;—1 ~ p
(backward direction). The latter enables clean sample generation from the observation distribution by
integrating backward using the drift b. The drift b can be learned efficiently in practice by solving the
least-squares regression problem

1
arg min/ E[|b(t, I;) — I;|*] dt, 3)
b 0
where E denotes an expectation over the coupling (xg, 1) ~ v and z.

In the standard generative modeling setting with direct access to clean data samples xg ~ 7 and
corrupted samples x1 ~ p, one may use, for example, the independent coupling v(dzg,dx;) =
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7(dxo)p(dey) to construct a Monte Carlo approximation of the expectation in the objective ().
However, in our inverse problem setting, we only observe corrupted data from i and lack access to
clean samples from 7. So it is a priori not obvious how to construct the SI (I). Next we explain how
to proceed assuming access to the forward map F.

2.2 Self-consistent generative model (assuming no access to clean data)

Let ®;, denote the transport map induced by the velocity field b; that is, ®;(y) = Y under backward
ODE Yt = b(t, Y;) with terminal condition Y7 = y. The key idea is to view the clean data distribution
as the pushforward of the observation distribution £ under the map ®;, denoted by 7, := ()44,
and require that this inferred 7, reproduces the observation distribution under the forward model F:
Kzmp = p. To implement this, we define a new SI between ®;(y) and F (P (y))

ID = a®y(y) + BF (Po(y)) + vz, t€0,1], y~p, 2~y Lz, “4)

where the superscript b emphasizes dependence on the transport map. We then minimize a modified
version of the SI loss:

L(b) = /0 1 E(b(t, I}) — I} dt. )

(for defining 7p)
b 1

% self-consistency

The minimizer b* of the above objective gives Tp
us the desired velocity that transports corrupted
samples from g into clean samples from 7. To
see this, consider 7y« = (Pp~)xp. By defini-
tion, b* transports 7« to w1 under the forward
probability ODE @ On the other hand, I g* Figure 1: Schematic of the method: the minimizer b*
can be viewed as a SI between 7+ and K-, Of the objective () satisfies Ky, = y, which in turns

As a result we must have K rmy« = u, which implies that 7m,, = 7. Note that no samples from 7 are
means that 7 = 7 ’ required—the approach only uses corrupted samples from

w and the map F.

(for updating b) { /C]:ﬂ'b

Data Probability Space Observation Probability Space

2.3 Practical optimization

The loss function (3)) depends on the velocity field b in two ways: first, through the stochastic
interpolant I?, which involves the transport map ®;, applied to the observations; and second, through
the regression term itself. Optimizing this objective directly requires differentiating through the
transport map, leading to high computational cost and instability during training.

To address this, we adopt an iterative scheme that alternates between two steps: (1) sampling SI
using a frozen copy b of the velocity field, and (2) updating the parameters 6 of a trainable field by by
minimizing the regression loss. Every Ty, steps, we update b« by. See Algorlthmlfor a detailed
description. We remark that in the special case T;; = 1, the algorithm is equivalent to applying
stop-gradient to I, and in some cases we find choosing Ttr > 1 leads to better performance.

3 Experimental Case Studies

We present results on imaging tasks with three different forward models, each highlighting a distinct
aspect of our approach. Using the CIFAR-10 dataset as the clean data distribution 7, we generate
one observation y per image with the forward model, resulting in 50,000 observation samples. To
optimize the velocity field b in our SI, we use the same U-Net architecture as Dhariwal and Nichol
[2021] but with only 64 channel! resulting in ~30 million parameters.

i) Random masking: Following |Daras et al.[[2023]], [Rozet et al.[[2024]], this map generates an
observation y by masking each pixel of an image = independently with probability p, and adding
negligible isotropic Gaussian noise with covariance ¥ = 107, As in their setting, we assume access
to the mask M for each y and use it to condition our SI. We also pre-process the observations by
adding an independent standard Gaussian noise to masked pixels as it improves the final results.

'Specifically, we use the implementation here!


https://github.com/NVlabs/edm/blob/main/training/networks.py
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Algorithm 1: Self-Consistent Generative Modeling

Input :Observation distribution i, Forward mapping F, Interpolant schedule («, /3, ), Drift
network by, Number of transport steps 73, Total number of iterations 7’
Output : Optimized drift network

b=by // Initialize transport map
foriinl...T do
Yy~ p
T = @g(y) // Backward ODE integration to get a data sample
g = F(x) // Map back to observations
2z ~N(0,1); t ~U(0,1)
Iy = v + By + ez
L) =E|by(t, I¢) — L]
0+ 0—eVyeL // ADAM update
if ¢ % T, == 0 then b= be // Update transport map
return by

Original

Motion blur

Restored Gaussian blur Original

Do

Restored Random Mask Original

Restored

(a) F: Random mask
(p =0.5).

(c) F: Motion blur
(kernel size=7)

(b) F: Gaussian blur + noise
(cr =1,0, =0.1).

Figure 2: Restored samples for different forward maps.

Our SI, based on a finite dataset, is not itself a

. . . ‘ Method Corruption level ‘ FID ‘

generative model. To compare with generative

models from prior work, we use the trained SI Ambient 0.20 11.70
to restore the observations; that is, we transport Diffusion 0.40 18.85
all observations y to the data space via ®,(y), 0.25 588
and use these samples to train a generative dif- EM ’ ’
fusion model. We use the same architecture as Posterior 0.50 6.76
above, but with 96 channels. Table [T]shows the Ours 0.25 5.38
FID scores for observations with two different (generated) 0.50 6.74
masking probabilities. Our method vastly outper- Baseli 0.00 516
forms [Daras et al.| [2023]]. It is comparable with aselne - -

[Rozet et al.| [2024]], but more computationally ef-
ficient and required a combined 120 GPU hours
on A100 compared to their 512 GPU hours.

Table 1: FIDs for random masking. To account for
architectures, ‘baseline’ is FID for our model on clean
CIFAR-10 data.

ii) Gaussian blurring with noise: The forward map consists of blurring with a Gaussian kernel
with o = 1, followed by adding Gaussian noise with 0 = 0.10. This demonstrates that unlike
previous works, e.g.,|Daras et al.|[2023]], our approach can handle non-negligible noise.

iii) Motion blurring: The previous two examples involve linear forward maps. We now consider a
nonlinear one: motion blur. Figure 2c|shows restored samples for observations with a 7-pixel motion
kernel and small Gaussian noise (¥ = 10~%). The blur direction is randomly assigned per image and

assumed known for conditioning the SI. While [Daras et al.| [2023]], [Rozet et al.| [2024] are limited to
linear operators, our method handles nonlinear maps with only black-box access.
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