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Abstract. Flow Matching (FM) models generate images by integrating
an ordinary differential equation (ODE) that transports Gaussian noise
to a target data distribution. Because the same ODE can be integrated
backward, a conditional FM model also provides a natural inverse map
from an image to a label-conditioned latent variable. This paper stud-
ies this inverse map as an interpretable signal for medical image clas-
sification. We show that, when an image is inverted using its correct
class label, the inverse output retains little residual image structure and
the recovered latent is closer to Gaussian noise; when an incorrect la-
bel is used, the inverse output retains structured image remnants. We
quantify this behavior using spectral descriptors—spectral flatness, low-
frequency energy, anisotropy, and radial spectral slope—together with
cosine similarity between the input image and inverse output. MNIST
is used as a proof-of-concept benchmark, where inverse-flow statistics
achieve 95.19% test accuracy using only cosine similarity and spectral
slope. We then evaluate the method on CAMUS echocardiography view
classification, a medical image task distinguishing two-chamber and four-
chamber views. Reliable echocardiographic view classification supports
downstream cardiac ultrasound tasks, including segmentation and func-
tional assessment. On CAMUS, inverse-flow features achieve 92.50% test
accuracy and test average precision of 0.884 for correct-versus-incorrect
label inversion. These results support inverse-flow analysis as a compact,
interpretable bridge between conditional generation and medical image
classification.

Keywords: Flow Matching · Inverse Flow · Medical Image Classifica-
tion · Echocardiography · Gaussianity.

1 Introduction

Generative models that map simple priors to complex data distributions un-
derpin advances in vision, graphics, and machine learning. In medical imaging,
such models are increasingly attractive because they can capture data distri-
butions, support synthesis, and potentially reveal uncertainty or structure not



2 Mshari Alsirhni et al.

exposed by standard discriminative classifiers. GANs [6], VAEs [12], and diffu-
sion models [8,20] have led this progress, but require adversarial optimization,
approximate inference, or lengthy stochastic sampling procedures.

Flow Matching (FM) [16,1] offers a deterministic ODE-based formulation
that avoids some of these limitations. By directly regressing a time-dependent
velocity field that transports Gaussian noise to the data, FM supports stable
training and efficient sampling using standard ODE solvers. A distinctive advan-
tage of FM lies in its exact invertibility : since the generative process is defined
by an ODE, reversing the learned flow field yields a mathematically well-defined
map from data back to noise.

Despite this theoretical property, the inverse flow of FM has received lit-
tle attention. Existing work focuses mainly on the quality of forward gener-
ation, architectural design, or theoretical links to diffusion models and opti-
mal transport [1,17,4] . The inverse process, which does not require encoders or
optimization-based inversion, remains underexplored.

The general idea of using a conditional generative model as a classifier by
scoring candidate labels has been explored previously in diffusion models. In
particular, diffusion-as-classifier methods evaluate candidate labels, or their cor-
responding text prompts, using diffusion likelihood, ELBO, or denoising-error
proxy scores [15,3]. Our work builds on this broader generative label-scoring
perspective, but studies a different setting: inverse conditional Flow Matching.
Instead of relying on diffusion denoising or diffusion likelihood proxies, we invert
the conditional flow and score the resulting label-dependent latent or residual
structure. Thus, our novelty is not the general idea of converting a conditional
generative model into a classifier, but rather the formulation and analysis of label
scoring through inverse conditional Flow Matching, using Gaussianity-inspired
spectral and structural inverse-flow descriptors.

This paper investigates Inverse Flow Matching in the conditional setting,
with an emphasis on medical image classification. We uncover an interesting
phenomenon: when a real image is inverted using its correct class label, the
recovered latent variable closely resembles Gaussian noise; when an incorrect
label is used, the inverse output retains structured, semantic remnants of the
image. These label-dependent differences are strong enough to enable accurate
classification.

We introduce spectral and structural measures to quantify deviations from
Gaussianity, demonstrate their empirical effectiveness, and provide theoretical
insights into their behavior. The resulting framework shows that inverse-flow
analysis is not merely a byproduct of FM but a powerful tool for understanding
and exploiting continuous-time generative models.

This work makes the following major contributions:

– Inverse-flow characterization. We provide a systematic study of inverse
flows in Conditional Flow Matching (CFM) models for label scoring, posi-
tioning this setting as a Flow-Matching counterpart to diffusion-as-classifier
methods while focusing on label-dependent inverse-flow statistics.
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– Spectral and structural descriptors. We introduce a suite of inter-
pretable descriptors for inverse-flow output, including spectral flatness, low-
frequency energy, anisotropy, radial spectral slope, and cosine similarity. We
further demonstrate that these statistics reliably distinguish correct from
incorrect label inversions.

– Generative-model-based classification. We show that these descriptors
enable accurate classification using only a lightweight linear head (logistic
regression) on a few interpretable features, rather than a dedicated deep
discriminative backbone, using MNIST as a proof of concept and CAMUS
echocardiography view classification as the main medical image application.

– Theoretical insight. We use straight-path interpolants and vector-field
perturbation analysis to explain why correct-label inverse flows recover Gaus-
sian noise, while mismatched labels produce structured residuals.

In summary, we reposition flow matching as a classification-capable and ana-
lytically interpretable framework. Using inverse flow matching and inverse-flow
statistics, we demonstrate that class information emerges naturally from flow
dynamics, opening new applications of flow matching beyond image generation
and toward health-oriented image analysis.

2 Related Work

2.1 Flow Matching and Continuous-Time Generative Models

Flow Matching [16] learns a time-dependent velocity field uθ(t,x) that defines
an ODE that transports a simple prior (e.g., Gaussian) to the data distribution.
The velocity is trained via a supervised regression objective using analytically
known target velocities derived from interpolants between noise and data.

FM is closely related to Neural ODEs [2] and Continuous Normalizing Flows
(CNFs) [7]. Unlike CNFs, which require log-determinant Jacobians for likelihood
evaluation, FM focuses purely on velocity regression and can be used without
explicit density computation. Stochastic and rectified variants [1,17,4] connect
FM to diffusion models and optimal transport.

2.2 Conditional Flow Matching and Classifier-Free Guidance

Conditional Flow Matching (CFM) extends FM by conditioning the velocity
field on labels:

uθ(t,x | k).

Practical implementations often use U-Net [19] backbones with FiLM-based con-
ditioning [18]: time and label embeddings modulate intermediate feature maps
via learned affine transformations. Attention layers are often used to aggregate
global context information.
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Classifier-Free Guidance (CFG) [9], originally proposed for diffusion mod-
els, interpolates between unconditional and conditional predictions. In the FM
setting, one defines:

uCFG(t,x) = uθ(t,x|∅) + γ (uθ(t,x|k)− uθ(t,x|∅)) ,

where ∅ is the empty set that implies unconditional generation, γ ≥ 1 controls
the trade-off between fidelity and diversity. The larger γ increases the semantic
alignment but also amplifies the curvature in the learned flow field.

2.3 Inversion in Generative Models

In GANs and diffusion models, mapping from data to latent space typically re-
quires encoders or optimization-based inversion, which can be costly or yield
approximate results. In contrast, FM defines a deterministic ODE and the in-
verse mapping corresponds to the solution of the reverse-time ODE. This work
leverages this property to study the statistics of inverse flows and their applica-
tions.

3 Inverse of Flow Matching Models

Given an FM model defined by:

dx

dt
= uθ(t,x(t)), t ∈ [0, 1], (1)

with x(0) ∼ N (0, I) and x(1) ∼ pdata, we can define the inverse process by
z(t) = x(1− t):

dz

dt
=

dx

ds

ds

dt
(s = 1− t)

= −uθ(s,x(s))

= −uθ(1− t, z(t)). (2)

Thus, starting from z(0) = x(1) (a data sample), integrating Eq. (2) from
t = 0 to t = 1 yields z(1), which ideally lies in the Gaussian prior.

In the conditional case, the velocity field depends on a label k:

dz

dt
= −uθ(1− t, z(t) | k). (3)

We denote the output noise for a real image Ireal under label k by Vk. If k is
the correct label, the reversed output is expected to lie in the Gaussian prior,
otherwise, the reversed output should be far from the Gaussian noise.

Figure 1 provides a diagram for the overview of the forward and reverse flow
matching.
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v ∼ N (0, I)

Forward ODE
t : 1 → 0

x0
Inverse ODE
t : 0 → 1

vk

Gaussianity
Features

y = k

Fig. 1. Overview of forward and inverse flow matching. Forward integration map Gaus-
sian noise to images; inverse integration maps images back to label-conditioned latents.
Gaussianity of vk varies with condition correctness.

3.1 Theoretical Analysis of Gaussianity in Inverse CFM

We now provide intuition for why inverse flows under the correct label approxi-
mate Gaussian noise, whereas mismatched labels produce structured deviations.

Straight-Path Interpolants and Ideal Velocities A common FM setup uses
straight-path interpolants:

x(t) = (1− t)x0 + tx1,

where x0 is Gaussian noise and x1 is a data sample. The ideal velocity field is:

u⋆(t,x) = x1 − x0,

constant along the path. When the CFM model is trained on correctly labeled
pairs (x0,x1, k∗), the learned conditional field uθ(t,x|k∗) approximates u⋆ along
these paths.

For the inverse process with correct label k∗, we then have:

dz

dt
≈ −u⋆(1− t, z(t)),

which closely follows a straight reverse path from x1 to x0. Since x0 is Gaussian,
the endpoint z(1) is approximately Gaussian.

Label Mismatch as Vector Field Perturbation If an incorrect label k ̸= k∗
is used, the learned field can be decomposed as:

uθ(t,x|k) = u⋆(t,x|k∗) +∆k(t,x),
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where ∆k captures label-dependent deviations from the ideal velocity. The in-
verse ODE becomes:

dz

dt
= −u⋆(1− t, z(t))−∆k(1− t, z(t)).

Even if u⋆ dominates, integrating this perturbed system accumulates structured
errors correlated with class mismatch, leading to non-Gaussian endpoints Vk

that retain semantic remnants of the image.

Effect of Classifier-Free Guidance CFG modifies the conditional velocity
as:

uCFG(t,x) = uθ(t,x|∅) + γ
(
uθ(t,x|k)− uθ(t,x|∅)

)
.

The perturbation term becomes:

∆
(γ)
k = γ

(
uθ(t,x|k)− uθ(t,x|∅)

)
,

which scales with γ. For inverse flows, higher guidance amplifies differences be-
tween correct and incorrect labels: correct-label inverse flows better recover the
Gaussian prior; incorrect labels produce more pronounced non-Gaussian struc-
ture. This motivates using Gaussianity tests and similarity metrics as discrimi-
native features.

4 Spectral and Structural Features of Inverse Flows

For each real image Ireal with ground-truth label k∗, we compute inverse-flow
outputs under all labels:

Vk = InverseFLOW(Ireal; k), k = 0, . . . ,m.

Wherem+1 is the number of classes. When k = k∗, Vk should resemble Gaussian
white noise; otherwise, it should contain structured remnants. We quantify this
using the following features.

4.1 Spectral Features from the 2D Power Spectrum

Let Vk ∈ RH×W denote the inverse-flow output image under condition k, and let
V̂k(fx, fy) be its two-dimensional discrete Fourier transform (DFT) [5,10]. For
pixel coordinates (x, y) and frequency indices (fx, fy), the DFT is defined as

V̂k(fx, fy) =

W−1∑
x=0

H−1∑
y=0

Vk(x, y) exp

(
−2πi

(
fxx

W
+

fyy

H

))
,

where fx = 0, . . . ,W − 1 and fy = 0, . . . , H − 1.
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The Fourier coefficients V̂k(fx, fy) ∈ C represent the contribution of spatial
frequencies along the horizontal and vertical directions. The power spectrum is
given by

Pk(fx, fy) = |V̂k(fx, fy)|2.

To obtain an orientation-invariant description, we convert (fx, fy) to polar

coordinates and define the radial frequency r =
√
f2
x + f2

y . The radially averaged

power spectrum Pk(r) is computed by averaging Pk(fx, fy) over all frequency
bins with similar radius [21]. Low values of r correspond to large-scale, smooth
image structures, whereas large r capture fine-scale details and noise.

Spectral flatness. The spectral flatness (SF) of Vk is defined as:

SF(Vk) =
exp(E[logPk])

E[Pk]
, (4)

where expectations are taken over frequency bins. White Gaussian noise yields
SF close to 1; structured signals yield SF < 1.

Low-frequency energy fraction. Let r0 be a threshold radius. The low-frequency
energy fraction is:

LF(Vk) =

∑
r<r0

Pk(r)∑
r Pk(r)

. (5)

Digits and structured images tend to have larger low-frequency energy; Gaussian
noise distributes energy more uniformly.

Anisotropy. We convert (fx, fy) to polar coordinates (r, θ) and define the angular
energy Ak(θ) by integrating over a radial band. Normalizing Ak(θ) to sum to 1
yields a discrete distribution p(θ). The anisotropy is defined as:

ANISO(Vk) = 1− H(p)

logM
, (6)

where H(p) is the entropy and M is the number of angular bins. White noise
yields near-uniform p(θ) and low anisotropy; structured images with oriented
strokes yield higher anisotropy.

Spectral slope. We fit a line to logPk(r) versus log r:

logPk(r) ≈ ak log r + bk,

and use ak as the spectral slope. For white noise, ak ≈ 0 (flat spectrum); for
structured images, ak is typically negative (more low-frequency power).
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4.2 Cosine Similarity between Image and Inverse Output

In addition to spectral features, we introduce a structural feature that captures
alignment between the real image and its inverse output:

CosSim(Ireal, Vk) =
⟨Ireal, Vk⟩

∥Ireal∥2 ∥Vk∥2
. (7)

When k = k∗, Vk ideally contains no image structure and CosSim is close to
zero. For incorrect labels, Vk often contains residual patterns of the input im-
age, yielding higher cosine similarity. Empirically, this feature provides a strong
discriminative signal and significantly improves classification performance when
combined with spectral features.

5 Classification Using Inverse-Flow Features

For each image Ireal with label k∗, and each label k, we compute Vk and the
feature vector:

ϕk =
[
SF(Vk),LF(Vk),ANISO(Vk), ak,CosSim(Ireal, Vk)

]
.

We assign binary labels:

yk =

{
1, if k = k∗

0, if k ̸= k∗.

A logistic regression classifier trained on {ϕk, yk} distinguishes Gaussian (true
label) vs. non-Gaussian (incorrect label) cases.

Aggregating the probabilities per-label p̂k and selecting argmaxk p̂k produce
a predicted class.

Interpretability. We call the proposed classifier interpretable in a feature-level
and inversion-level sense. The final decision is based on a small set of named,
physically meaningful statistics rather than a high-dimensional hidden repre-
sentation: spectral flatness and low-frequency energy measure departure from
white-noise Gaussianity, radial spectral slope measures residual natural-image
structure, anisotropy measures directional structure, and cosine similarity mea-
sures how much of the input image remains aligned with the inverse output.
For each candidate label k, the method also exposes the intermediate inverse
image Vk, so a prediction can be inspected by comparing whether the selected
label produces the most noise-like latent and whether rejected labels preserve
anatomical remnants. Thus, the explanation for a decision is given by the per-
label inverse outputs and their feature values; for example, a correct CAMUS
view label is supported when its inverse output has lower residual similarity and
more Gaussian-like spectral statistics than the competing view.
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6 Experiments

The experiments have two roles. First, MNIST is used only as a controlled proof
of concept to verify the inverse-flow Gaussianity effect and to identify compact
features. Second, CAMUS echocardiography is used as the example of applica-
tions of the inverse flow matching to medical image classification.

6.1 Datasets and Evaluation Protocol

MNIST proof of concept. MNIST contains 60,000 training images and 10,000
test images from ten digit classes. Images are normalized to [−1, 1] and resized
to 32 × 32. For each image, inverse-flow outputs are computed under all ten
label conditions. This benchmark is not used to claim medical relevance; it is
used to demonstrate the mechanism in a familiar setting where the correct label
is unambiguous.

CAMUS medical image task. The main medical imaging experiment uses the CA-
MUS echocardiography dataset [14]. We formulate an image-level view-classification
task between two standard apical views: two-chamber (2CH) and four-chamber
(4CH). Reliable discrimination between 2CH and 4CH acquisitions is clinically
relevant because these views are routinely used for cardiac assessment and left
ventricular volume quantification [13]. Correct view identification is also an
important preprocessing step in automated echocardiography pipelines before
downstream segmentation, quantitative measurement, and functional analysis [11,23].
For each patient, we use the End-Diastole (ED) and End-Systole (ES) frames
and exclude segmentation masks and temporal sequence files. We follow the of-
ficial patient-disjoint split provided with the CAMUS dataset files, using 400
patients for training, 50 patients for validation, and 50 patients for testing. This
gives 1600 training images, 200 validation images, and 200 test images, where
each patient contributes four images: 2CH-ED, 2CH-ES, 4CH-ED, and 4CH-ES.
The task is balanced because each patient contributes the same number of 2CH
and 4CH images.

Model and inverse-feature classifier. For both datasets, the velocity field is im-
plemented by a compact conditional U-Net with FiLM-based time and label
conditioning, Group Normalization, SiLU activations, and an intermediate self-
attention block. The model is trained using straight-path Flow Matching. ODE
sampling and inversion use the Dopri5 solver with tolerances rtol = 10−5 and
atol = 10−5; classifier-free guidance uses γ = 2 unless otherwise stated. For
each image I and each candidate label k, we compute Vk = InverseFLOW(I; k)
and extract spectral flatness (F), low-frequency energy fraction (L), anisotropy
(A), radial spectral slope (S), and cosine similarity (C). A logistic regression
classifier is trained on these inverse-flow features to distinguish correct-label in-
versions from incorrect-label inversions. The final class prediction is obtained by
selecting the label with the largest correctness probability, k̂ = argmaxk p̂k.
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6.2 MNIST Proof-of-Concept Results

Figure 2 illustrates the central phenomenon on MNIST. When the condition
matches the true digit label, the inverse output is visually closer to unstructured
noise; incorrect labels often leave digit-like residuals. This supports the use of
Gaussianity and residual-structure statistics as classification features.

Fig. 2. MNIST inverse-flow outputs under all candidate label conditions. Correct-label
inversions are more noise-like, while incorrect labels preserve stronger digit remnants.

Table 1. MNIST digit classification accuracy using inverse-flow statistics. Cos-
Sim, LowFreq, Aniso, Flatness, and Slope are denoted by C,L,A, F, S, and SPs =
{S, F, L,A} denotes all four spectral features.

F L A S C C+L C+S C+SPs

Training 0.5336 0.6923 0.2530 0.6546 0.9100 0.9450 0.9531 0.9518
Testing 0.5443 0.7022 0.2534 0.6601 0.9031 0.9463 0.9519 0.9516

Table 1 shows that cosine similarity is the strongest single feature, achieving
90.31% test accuracy, while spectral flatness and anisotropy are weaker as stan-
dalone signals. This suggests that the dominant cue is not a direct standalone
test of latent Gaussianity, but rather a residual-direction or residual-structure
consistency signal. Among the spectral features, low-frequency energy and ra-
dial spectral slope remain the most informative complementary descriptors. The
compact pair C + S achieves the best MNIST test accuracy of 95.19%, essen-
tially matching the full feature set. We therefore interpret the proposed features
as Gaussianity-inspired inverse-flow descriptors, with cosine similarity providing
the dominant classification signal, and reserve the main experimental emphasis
for the medical task below.

6.3 CAMUS Medical Image Classification Results

Figure 3 shows samples generated by the conditional FMmodel for 2CH and 4CH
conditions. These samples are included to confirm that the model learns class-
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conditioned echocardiographic image distributions; classification is performed
using inverse-flow statistics rather than direct image features.

Fig. 3. Generated CAMUS echocardiography images using Flow Matching. Left: 2CH
samples. Right: 4CH samples.

Figure 4 shows representative CAMUS inversions. For 4CH and 2CH inputs,
the correct label produces a more noise-like inverse output, whereas the wrong
label retains visible anatomical structure. This behavior mirrors the MNIST
proof-of-concept but is more clinically relevant because the residual structure
corresponds to view-dependent cardiac anatomy.

Fig. 4. Label-dependent inversion on CAMUS. Top: a 4CH example. Bottom: a 2CH
example. In each row, the input image is compared with inverse outputs under correct
and incorrect labels. Correct-label inversion is more Gaussian-like, while incorrect-label
inversion preserves anatomical remnants.
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Table 2. Indicative comparison with previously reported downstream CAMUS image-
level classification results.

Model / Method Input / Representation Setting ACC

ResNet18 [22] Real images Direct image classifier 0.89
ResNet18 [22] DDPM synthetic images 50 sampling steps 0.78
ResNet18 [22] MOTFM synthetic images 10 inference/ODE steps 0.82

ResNet50 [22] Real images Direct image classifier 0.88
ResNet50 [22] DDPM synthetic images 50 sampling steps 0.78
ResNet50 [22] MOTFM synthetic images 10 inference/ODE steps 0.81

Ours Real images Inverse-flow, C only 0.905
Ours Real images Inverse-flow, All features 0.925

Note. The ResNet18, ResNet50, DDPM, and MOTFM results are reported by Yaz-
dani et al. [22]. DDPM denotes Denoising Diffusion Probabilistic Models [8]; DDPM
(50) indicates 50 diffusion sampling steps. MOTFM denotes Medical Optimal Trans-
port Flow Matching [22]; MOTFM (10) indicates 10 inference/ODE sampling steps.
For our method, real CAMUS images are transformed into inverse-flow outputs
through image-to-noise inversion. Classification is then performed using statistics
extracted from these inverse-flow outputs. Here, C denotes cosine similarity, and All
features denotes {F,L,A, S,C}, where F is spectral flatness, L is low-frequency frac-
tion, A is anisotropy, and S is spectral slope. These previously reported values are
included as contextual reference points, since they were obtained under the original
setting of Yazdani et al. [22]. Therefore, Table 2 should be interpreted as an indica-
tive comparison rather than a controlled same-split benchmark. Accordingly, while
the reported reference values are useful for context, the absence of a fully matched
same-split discriminative baseline remains a limitation for direct head-to-head inter-
pretation.

Table 2 compares our CAMUS image-level view-classification results with the
downstream classification results reported by Yazdani et al. [22]. Their best real-
image classifier achieved an ACC of 0.89, while classifiers trained on synthetic
images generated by DDPM and MOTFM achieved lower performance. Using
only cosine similarity (C), our inverse-flow-based method achieved 0.905 ACC
on the CAMUS test set, and using all five inverse-flow features improved the
result to 0.925 ACC. This suggests that inverse-flow statistics extracted from
image-to-noise inverse outputs provide discriminative information for CAMUS
view classification.

Figure 5 further evaluates the underlying binary decision of whether a candi-
date inverse output corresponds to the correct label. The test average precision
of 0.884 indicates that inverse-flow features are not only useful for final view clas-
sification but also provide a calibrated correctness signal for label-conditioned
inversion. Together, the MNIST and CAMUS experiments strengthen the em-
pirical case for inverse FM as an interpretable generative-model-based classifier
for health imaging applications.
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Fig. 5. Precision–Recall curves for correct-versus-incorrect CAMUS inversions. The
average precision is 0.896 on train, 0.889 on validation, and 0.884 on test.

7 Conclusion

This paper presented inverse-flow analysis for Conditional Flow Matching models
and applied it to interpretable medical image classification. We showed that
inverse flows under the correct label condition map real images back to more
Gaussian-like noise, while incorrect label conditions produce structured, non-
Gaussian outputs. We introduced spectral and structural features to quantify
these differences.

Experiments on MNIST demonstrate the concept in a controlled setting,
while the CAMUS echocardiography results show that the same inverse-flow
statistics transfer to a real medical image classification task. The best CAMUS
setting achieves 92.50% test accuracy for 2CH-vs.-4CH view classification, and
the correct-versus-incorrect inversion classifier achieves 0.884 test average preci-
sion.

These findings suggest that inverse-flow analysis is a useful tool for under-
standing and exploiting continuous-time generative models in health imaging.
Future work includes extending the method to disease classification, larger multi-
center datasets, multimodal conditioning, and stochastic flow variants.
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