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Abstract. Generative models based on the Flow Matching objective,
particularly Rectified Flow, have emerged as a dominant paradigm for
efficient, high-fidelity image synthesis. However, while existing research
heavily prioritizes generation quality and architectural scaling, the un-
derlying dynamics of how RF models memorize training data remain
largely underexplored. In this paper, we systematically investigate the
memorization behaviors of RF through the test statistics of Membership
Inference Attacks (MIA). We progressively formulate three test statistics,
culminating in a complexity-calibrated metric (Tmcical) that successfully
decouples intrinsic image spatial complexity from genuine memorization
signals. This calibration yields a significant performance surge—boosting
attack AUC by up to 15% and the privacy-critical TPRQ1%FPR metric
by up to 45%—establishing the first non-trivial MIA specifically tailored
for RF. Leveraging these refined metrics, we uncover a distinct temporal
pattern: under standard uniform temporal training, a model’s suscepti-
bility to MIA strictly peaks at the integration midpoint, a phenomenon
we justify via the network’s forced deviation from linear approximations.
Finally, we demonstrate that substituting uniform timestep sampling
with a Symmetric Exponential (U-shaped) distribution effectively min-
imizes exposure to vulnerable intermediate timesteps. Extensive evalu-
ations across three datasets confirm that this temporal regularization
suppresses memorization while preserving generative fidelity.

Keywords: Model Memorization - Membership Inference - Rectified
Flow

1 Introduction

Flow Matching (FM) [30] has emerged as a powerful, simulation-free paradigm
to overcome the slow sampling bottlenecks of Diffusion Models (DMs) [18] 20,
39, [41] 42]. Among its variants [4, [30, 43], Rectified Flow (RF) [32] stands out
by connecting data and noise distributions via straight-line trajectories. This
linearizes the generation process, enabling highly efficient, few-step sampling.
Due to its stability and efficiency, RF underpins contemporary state-of-the-art
foundation models such as Stable Diffusion 3 [II], FLUX [25], and Ideogram
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4 |2]. However, while prior work heavily optimizes RF for generation quality [36]
43] and architectural scaling, its memorization and generalization dynamics are
relatively underexplored.

Conventional indicators of overfitting, such as the standard generalization
gap between training and validation losses, fail to accurately capture the com-
plex, time-dependent memorization behaviors inherent to RF (shown in Ap-
pendix C). Even if loss gaps are small, it may be possible to recover the specific
training data from model weights, outputs, or behavior/activations during gen-
eration. This process is known as model inversion [12, 37, [38]. A specific sub-task
of model inversion is classifying samples as drawn from the training set or other-
wise using those same model statistics; this is known as membership inference [7],
and particular methods referred to as membership inference attacks (MIAs).

The ability to perform an MIA against a flow matching model is indicative
of memorization; if we can discriminate between training and non-training data
using the model itself, even though both training and non-training sets are os-
tensibly drawn from the same underlying population, there is some training set
specific information left in the model.

In this work we construct an MIA for rectified flow. We first establish a
baseline test criterion, Tyaive, derived from the theoretical Flow Matching (FM)
objective. We further formulate a Monte Carlo estimator, T}, based on the prac-
tical and commonly used Conditional Flow Matching (CFM) objective. We pro-
vide detailed motivation and show significant performance improvement for the
transition from Taive t0 Tinec. We then propose a correction/calibration Tie cal
for an image-domain specific phenomenon in generative modelling, spatial com-
plexity biases [34], [40]).

Utilizing these refined metrics, we uncover a non-trivial temporal pattern
in the memorization dynamics of continuous-time models. When employing a
standard uniform temporal sampling strategy t ~ (0, 1), the model’s suscepti-
bility to MIA is heavily concentrated in the intermediate integration stages, and
maximal at the midpoint (¢ = 0.5) of the flow (Fig|l] We provide mathematical
justification for this phenomenon by analyzing the deviation between the non-
linear regressor and a Linear Minimum Mean Square Error (LMMSE) baseline.
Specifically, we show that at ¢ = 0.5, the noisy input state becomes statistically
orthogonal to the target velocity. Consequently, the network is forced to bypass
trivial linear approximations and exploit its non-linear capacity to memorize
sample-specific features, thereby maximizing the memorization problem at this
exact juncture.

Finally, we tackle the persistent utility-privacy trade-off that typically ex-
ists in classic Differential Privacy (DP) mechanisms in generative modeling (see
Section [2.3). To mitigate the accumulation of privacy risks without degrading
the visual quality of generated samples, we intervene directly in the training
dynamics. By substituting the conventional uniform timestep sampling with a
Symmetric Exponential (U-shaped) distribution [26], we deliberately minimize
the model’s exposure to the highly vulnerable intermediate timesteps. Our the-



Generalization and Memorization in Rectified Flow 3

oretical and empirical analyses confirm that this temporal regularization sub-
stantially impedes memorization while preserving generative fidelity (Fig. [4]).
We conduct all experiments on CIFAR-10 [24], SVHN [35], and TinyIma-
geNet [8] datasets. Three datasets consistently justify our proposed MIA test
statistics and analysis of memorization.
In summary, our contributions are the following:

1. We progressively construct three test statistics (Thaive, Tmes Tme cal) for
membership inference attack and justify each one with our motivation and
derivation. We also empirically shows its practical usage.

2. With the MIA test statistics, we substantiate our claim that, under reason-
able assumptions, the expected memorization risk for well-trained rectified
flow across the entire continuous timesteps is strictly upper-bounded by the
memorization evaluated at the midpoint.

3. We replace the standard uniform sampling of ¢ with the Symmetric Ex-
ponential distribution proposed by Lee et al. [26], providing a novel and
comprehensive justification from the dynamics of model generalization and
memorization.

All data splits, model checkpoints, training, and testing code are released on
our GitHub repository https://github.com/mx-ethan-rao/rf_gen_mem.gitl

2 Background and Motivation

2.1 Membership Inference Attack

The goal of the Membership Inference Attack (MIA) is to determine whether a
specific data record = was sampled from the underlying population distribution
to be included in the empirical training set Dy,.q;n of a target model fy. Carlini
et al. [7] formally cast membership inference as a rigorous statistical hypothe-
sis testing problem. A variety of test statistics have been extensively developed
for diffusion-based generative paradigms [10, 13, 23], B8, 49]. However, the re-
search on the diffusion model does not extend to the model trained via flow
matching [30] [32]. We proceed from first principles (the training objectives) to
mathematically derive a novel test statistic inherently tailored to the Rectified
Flow [32] framework. Because models suffering from severe overfitting naturally
exhibit high susceptibility to MIA, this derived statistic also serves as a quantita-
tive metric to evaluate the dynamics between model generalization and training
data memorization [37].

2.2 Generalization and Memorization

The divergence between training and validation loss—formally known in learn-
ing theory as the generalization gap—is the most fundamental statistical signa-
ture of overfitting. This method is extensively used on memorization analysis
of VAE [6], GAN [I7, 46] and Diffusion Model [5] 16, 19l 28, [33 48]. How-
ever, a trivial training/val loss gap proves inadequate for capturing the nuanced
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Fig. 1: MIA performance (AUC and TPRQ1%FPR, at left and right respectively)
across integration timesteps ¢ on CIFAR-10 and SVHN (top row and bottom row).
Our complexity-calibrated statistic (Tmcical) demonstrates a substantial performance
surge over the baselines (Thaive and Timc).

memorization dynamics inherent to Rectified Flows (RF) [32], as evidenced by
the empirical loss trajectories in Appendix C. To establish a rigorous analytical
framework, we repurpose the test statistic formulation traditionally utilized in
Membership Inference Attacks to precisely quantify sample-specific memoriza-
tion within RF. By using this metric across different timestep ¢, we uncover that
memorization is heavily concentrated at the intermediate ¢, whereas the vulner-
ability remains relatively benign at the temporal extremes (i.e., early and late
stages of t). We derive a closed-form expression for the exact timestep at which
model memorization peaks under the overfitting assumption. We elaborate this
time-dependent memorization in Section [4

2.3 Differential Privacy

A classic framework to prevent the deep learning model from memorizing in-
dividual training samples is Differential privacy [I]. Abadi et al. [I] proposed
Differential Privacy-Schocastic Gradient Descent (DP-SGD) and momentum ac-
countant that mathematically guarantee that privacy loss accumulates signifi-
cantly slower over thousands of SGD iterations. However, enforcing differential
privacy on generative models inherently introduces a severe privacy-utility (e.g.
generative fidelity) trade-off [9, [44]. This creates a fundamental tension: from a



Generalization and Memorization in Rectified Flow 5

10
- E D -—E D - E D
X€ D XEDw s X€ D

=0.5)

Tnclx, t

%0 000 T D o BT 00 o T 50 500 2000 0 S0
Image Complexity measured by Compressed Bitrate Image Complexity measured by Compressed Bitrate Image Complexity measured by Compressed Bitrate

CIFAR-10 SVHN TinylmageNet

»»»»»» - ooz -,
e xEDa

Image Complextty measured by Compressed Bitrate Image Complextty measured by Compressed Birate
CIFAR-10 SVHN
(calibrated) (calibrated) (calibrated)

Fig. 2: Top row: The test statistics Tme without calibration. Bottom row: The test
statistics Tme with calibration. The calibrated version provides more separable points
between Dirain and Dyal

privacy perspective, repeated exposure to an individual sample exacerbates the
risk of catastrophic memorization; yet, from a generative modeling standpoint,
the network strictly requires extensive exposure to high-quality data to generate
good examples. This raises a critical question: Can we slow down the privacy loss
accumulation without sacrificing generative fidelity? In Section [£.3] by distort-
ing the sampling distribution (originally, uniform distribution) of the timestep ¢
during the training phase, we empirically show that the model’s memorization
dynamics are significantly disrupted with the same number of SGD steps. We
also provide a theoretical interpretation in section [ for our insight.

2.4 Input Complexity Bias in Generative Models

Inspired by Out-of-Distribution detection, likelihoods computed from genera-
tive models are notoriously susceptible to the inherent complexity of the input
data [14 [34], 40]. Nalisnick et al. [34] first exposed this vulnerability by demon-
strating that generative models (Glow [22], PixelCNN [45], and VAE [21]) often
assign higher likelihoods to visually simpler OOD samples (e.g., SVHN) than to
the complex in-distribution data they were trained on (e.g., CIFAR-10). Serra
et al. [40] formally identified input complexity—often measurable via standard
compression bitrates—as the primary confounding factor, revealing that likeli-
hood estimations are heavily dominated by low-level spatial redundancies rather
than high-level semantic content. This complexity bias has since been shown
to persistently plague modern generative paradigms, including Denoising Diffu-
sion Probabilistic Models [I4]. In continuous-time frameworks such as Rectified
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Flows, the likelihood is computed through the instantaneous change of vari-
ables theorem [I5] [30, BI]. For held-out dataset & € Dqata \ Dirain, we confirmed
the same phenomenon (See Appendix A)on Rectified Flow. The likelihood also
served as an important MIA test statistic. This provides insight that the pro-
posed MIA test statistic is heavily biased towards input complexity as well.

3 MIA Test Statistics for Rectified Flow

In this section, we formalize our proposed methodology. We derive our test statis-
tics for membership inference attack from first principles based on training ob-
jectives (Section and introduce a calibration mechanism conditioned on
input image complexity (Section . We justify this calibration strategy and
demonstrate its empirical benefits in Section |3.2

Preliminaries: The flow matching [30] framework defines a system of or-
dinary differential equations (ODEs) which transport particles from a “base”
distribution 7y (usually chosen to be simple, e.g., standard Gaussian noise) to
an empirical target distribution 71 (e.g., real images). Let Xy ~ mp and X; ~ m
denote the source and target random variables, respectively. Flow matching im-
plicitly defines an interpolent path between these two distributions over a con-
tinuous time variable ¢ € [0,1] by defining flow fields v(z, t)

dXt = ’U(Xt,t)dt (1)

so that X;—q has distribution 7y, and that X;—; has distribution 7. A common
choice of field is the Rectified Flow [32], which is defined implicitly by drawing
straight lines between pairs of points and calculating the interpolant field:

Xy = tX1 + (1 — )Xo 2)

While our theoretical analysis extends to other Flow Matching variants (detailed
in Appendix D), we mainly focus on Rectified Flow, as it is conceptually simple,
quite performant, and thereby has become the most popular in contemporary
work.

The time derivative of linear path flows yield a constant vector field pointing
directly from Xg to X7, given by dj? = X7 — Xj. During inference, the high level
objective of flow matching is to fit a neural network vy (X4, t) to that vector field
condition, fitting an explict function that for any given timestep ¢ and position
x can produce the appropriate vector. The original flow matching procedure fit

vg by least-squares optimization of the linear path criterion [30]:

Lenm(0) = Einri(0,1), Xo~mo, X1~ | [[(X1 — Xo) — U@(Xtvt)HQ} : (3)

where U(0, 1) denotes the uniform sampling of ¢ € [0, 1].
Directly optimizing the original FM objective is computationally intractable
due to the integration over a data distribution required to compute the marginal
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vector field. To circumvent this limitation, Lipman et al. [30] introduced Con-
ditional Flow Matching (CFM). By conditioning on individual image samples
x1, the CFM objective utilizes conditional vector fields that can be efficiently
computed and optimized over on a per-sample basis. The CFM objective is

Lerm(0]21) = Eori(0,1), xommo | I(X1 — Xo) —vo(Xe, )|? | X1 = 21| . (4)

A crucial observation is that VgLpp(0) = VoLera(0)z1) [30, BI], meaning
that the CFM objective has the same optima as the original FM objective, and
that 6 optimized for one objective have the same relative quality for the other
objective.

3.1 Deriving MIA Test Criteria

Naive attack: Based on the FM objective (Eq. , we can construct a basic
model inversion attack. Given a test image x, we sample Gaussian noise . We
write the “naive” test criterion for MIA

2
|

Thaive(®, ) = || — (vo(@t,t) +€)||” with @y =t + (1 — t)e. (5)

For models minimizing Eq. as the models overfit, we observe Thaive(T €
Dirain) < Thaive( € Dyar). Clearly an “oracle” perfect flow would have the same
T value in expectation over training and validation datasets, but as the model
becomes specialized toward individual datapoints, a classic overfitting pattern,
the flow will fail to generalize, and this gap will widen. As a demonstration, we
give the following conceptual experiment: consider a single draw from a Gaussian
as the target dataset. The Lgy; or Lopy flow would eventually point towards
that draw from all positions, meaning that subsequent draws from the mode of
the Gaussian would be pulled away from that mode, even though in expectation
they should not move.

The Thaive criterion includes a chosen/sampled €. We can take this one step
further and derive a Monte Carlo-amortized criterion 7;,.. Consider a fully over-
fit model minimizing the CFM loss, i.e., with Lopp = 0,

Ei4(0.1), Xomro |II(1 = Xo) = va(X1,t)5] = 0. (6)
which is equivalent to
Efz1] — E[Xo] — E [ve(X¢,1)] = 0. (7)

Since 7 is the standard Gaussian distribution, E [X(] = 0. The sample z; does
not depend on xg, so E [z1] = z;1. Thus,

1 — E [vp(Xe, 1)) = 0. 8)

Or in other words, under the assumption that the CFM loss has been minimized,
the empirical distribution samples z; should approximate E [vg(X},t)], which
gives a way to distinguish the training data from the held-out data.
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Monte Carlo attack: Given a test image x and N Monte Carlo (MC)
samples €,, ~ my, a Monte Carlo version of the naive test statistics is defined

T, t) = o — 5 3 [eolt + (1~ )z, 1) 13 Q

n

Similar to the naive method, Tyne(z € Dirain) < Tme(® € Dyar), if the model
is over-fit.

3.2 Complexity-Calibrated Test Criteria

Likelihood estimates for out-of-distribution data derived from deep generative
models are biased towards the inherent complexity of the input image [34], 40].
Serra et al. [40] demonstrated that likelihood scores are positively correlated to
the input spatial complexity, often quantified via standard compression bitrates,
both within distribution and out-of-distribution. For held-out dataset € Dgata\
Dhrain, We observe the same phenomena in rectified flow (Appendix A).

Our proposed test statistics, Tyajve and T, also exhibit these biases. As
illustrated in Fig. [2, visually simple samples systematically yield lower T}, val-
ues, whereas complex samples produce spuriously high Ti,. values across both
the CIFAR-10, SVHN, and TinyImageNet datasets. It is thus valuable to decou-
ple image complexity from actual memorization signal by calibrating our test
statistics. We formalize our complexity-calibrated test statistic, Tine cal:

Tne_cal(z,t) = with z; = tx + (1 —t)e. (10)

The input complexity, denoted as C'(x), is flexibly defined; while its best theoret-
ical definition, Kolmogorov complexity [27], is not computable in most practical
settings, we could also use the byte length of the input image = compressed into
a bitstream by any popular compression method. These form an upper bound
for the uncomputable Kolmogorov complexity [27]. A parameterized calibration
equation is Ty,./ ComplexityB , where (3 is the single parameter.

This can be transformed to a log-linear relationship: log(Ty,.) ~ Blog(complexity)+
c. We choose JPEG as the compression method, as it results in § = 1 across
datasets, removing the need for an additional calibration step to select 5. Addi-
tional discussion is relegated to Appendix B, as other options are available, but
those options also result in additional calibration steps.

By integrating complexity calibration, we achieve substantial empirical gains
in distinguishing training members (z € Diyain) from non-members (x € D),
as detailed in our Experiments section [5.3] Furthermore, we demonstrate in
Appendix E that calibrating T}, yields a significantly more pronounced perfor-
mance improvement compared to applying an equivalent calibration to the naive
baseline, Thajve-
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Fig. 3: The gap between vg and viinear for Dirain and Dyay. Solid lines denote the mean,
while the shaded areas indicate + standard deviation.

4 Memorization Dynamics across Different Timesteps ¢

The continuous timestep t, as an important input of our proposed test statistics,
serves as a critical lens in reflecting overall model memorization. In our empiri-
cal evaluations (Fig. , we surprisingly discover that, under a uniform temporal
sampling strategy ¢ ~ U(0, 1), the model’s vulnerabilities to MIA peaks dis-
tinctly at the midpoint, around ¢ = 0.5. This phenomenon is not a spurious
empirical artifact; rather, we show that it is intrinsically rooted in the underly-
ing architectural properties of RF. In this section, we theoretically analyze the
model memorization (is equivalent to the vulnerability to attacks) across varying
timesteps ¢. Moreover, in Section [£:3] we propose a mitigation strategy designed
to enhance robustness against catastrophic overfitting without compromising
generative fidelity, as evaluated by the Fréchet Inception Distance (FID).

4.1 The Linearity Gap between vg and vjjpear across t

In Rectified Flow, the neural network vy is trained to regress the complex, non-
linear vector field. To study the generalization and memorization on rectified
flow, we draw inspiration from recent theoretical studies that analyze complex
diffusion denoisers through the linear filter, Wiener filter [19] [29] [33, 47|, We use
the Linear Minimum Mean Square Error (LMMSE) estimator as the linear re-
gressor (Ulinear) representing the absolute absence of non-linear feature extraction
or memorization. Let the global mean of the data distribution be p,, = E[z]
and its global covariance matrix be X, = Cov(x1). Recap RF forward process,
the state x; is defined as:

xy =tx1 + (1 —t)zo
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where zg ~ N(0,1) is the standard Gaussian noise independent of ;. For non-
linear regerssor vy, The input information is x; and the target velocity vector is
v = 21— xg. To formulate the LMMSE baseline, we formulate it as a constrained
optimization problem.

The LMMSE estimator seeks an optimal weight matrix W* € RP*P and bias
vector b* € RP that minimize the expected squared ¢5-norm of the prediction
error:

W*, b* = argrvrg%E(U,xt) [Hv - Wz, + b)||§] (11)

By solving this constrained objective via the orthogonality principle, we obtain
the closed-form global linear predictor:

W* =Xy, 255, b =E[v] — W*E|[zy] (12)

Ty

Substituting the time-dependent moments of the Rectified Flow forward process
into this general solution (see Appendix F for detailed derivations of the covari-
ance terms), we obtain the closed-form global linear baseline for any input ;:

vlinear(zt) = Mgy T+ (tE-Tl - (1 - t)I) (tzE-'L'l + (1 - t)2I)_1 (mt - t,uml) (13)

We define the Linearity Gap Av as the mean squared error between the network’s
output and the analytical LMMSE prediction:

Av(l‘t’ t) = Vp (xtv t) - 'Ulinear(mt) (14)

A lower || Av(xy,t)||? suggests a more linear behavior of the vector field vg(z¢,t).
By empirically plotting ||Av||? across the trajectory t € [0,1] in Fig. [3] it is
clear that Av|zep,,, is lower than Av|zep,,,., and the difference is maximized
around intermediate timesteps ¢ € [0.45,0.55]. This timeframe corresponds to
that of peak MIA vulnerability in Fig[l] We explain this phenomenon in the
next subsection.

4.2 Orthogonality between x; and v at t = 0.5

Yyz, is calculated as follows:

Sow = El(v —E[])(z — )" (15)

Previously, we explicitly compute p;, and X, on Dirgin. For analytical
tractability, we assume the data distribution is normalized such that p,, = 0 and
the covariance X;,, = I. This assumption is reasonable as the data is normalized
before being sent to the model. Therefore,

Yoz, =E [va:;r] =FE [(ﬂcl —x9)(tx + (1 — t)mo)T] (16)

Given the independence of the signal and noise for unseen data (E[zox{ ] = 0),
this expands to:
Yoz, = tE[z12] ] — (1 — t)E[zoz, ] (17)
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Since x is standard Gaussian (X,, = I):
gy w=tI—(1—=t)I=(2t—-1)I (18)

Observation: From Eq. it is evident that at precisely ¢ = 0.5, the covariance
Yrosw = 0. At this timestep, the input zg5 = 0.5(z1 + o) is statistically
orthogonal to the target velocity v = x1 — zg.

At t = 0.5 the input provides zero linear information regarding the target
and Vjpear degenerates towards mean-prediction (substitute t = 0.5 to Eq.
Vlinear (€0.5) = Mz, = 0). For training samples & € Diain, the intermediate
timesteps (around ¢ = 0.5) represent the primary regime where catastrophic
memorization occurs. In this heavily mixed state, the model vy can no longer
rely on the trivial linear structure of the input. Consequently, during the train-
ing phase, the network memorizes the sample-specific structures to minimize
the vector field estimation error. At the inference stage, the independence as-
sumption between the target x; and the model parameters 6 is violated since the
network leverages its overfitted weights to condition its prediction on the specific
identity of training sample. Conversely, for unseen validation samples z € Dy,
successful generalization relies entirely on whether these samples share these
learned modes [19]. In the absence of such shared structures, the theoretically
optimal predictor reduces to the baseline LMMSE estimator, vjjpear, causing the
network’s output to fully collapse to this uninformative state. However, at the
temporal boundaries (¢ — 0 or ¢ — 1), the dynamics shift. Here, vy retains
near-perfect visibility of either the pure noise or the original data.

Peak Memorization in Rectified Flows: Assume the integration timestep
is uniformly sampled, t ~ U(0, 1), and the target data variable x; is standard-
ized such that its expectation p,, = 0 and covariance X;, = I. Under these
structural conditions, the expected memorization risk across the entire continu-
ous trajectory is strictly upper-bounded by the memorization evaluated at the
trajectory midpoint. That is, the maximal memorization occurs at ¢ = 0.5.

In order to model more general cases where X, departs from I, we need to
generalize Eq. from a zero variance criterion to min variance, i.e., min; Tr[t X, +
(1—¢)X,,]- The optimal ¢ is the point at which the ¢-weighted mean of the eigen-
values of X, and X, is minimal. We demonstrate these cases in Appendix H.

4.3 U-shape Sampling Distribution for Timesteps t

To operationalize our insights regarding the memorization dynamics, we replace
the conventional uniform sampling ¢ ~ #(0,1) with a Symmetric Exponential
distribution. This temporal prior explicitly assigns higher probability density to
the boundary regions (¢ — 0 and ¢ — 1) while suppressing the intermediate
regime. Formally, for a given concentration parameter a > 0, the probability
density function (PDF) is defined as:

(0%

e (). o

p(t;a) =
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Note that as o — 0, p(¢; ) degenerates to the standard uniform distribution.
In practice, to ensure numerical stability, we linearly map the sampled ¢ from
[0,1] to a tightly bounded interval [tmin, tmax], Where tmin = 1075 and tpay =
1 — 105, While this technique was initially introduced by Lee et al. [26] based
on the empirical observation that the loss of 2-Rectified Flow [32] is high at the
boundaries and low in the middle. We justify this with full reasons, that is, from
the perspective of model generalization and memorization. For completeness, we
show fo (t;) dt = 1 in Appendix G.

While early stopping is a standard regularization technique to mitigate mem-
orization, determining the optimal stopping criterion for generative models re-
mains challenging. Practitioners typically wait for the FID to stabilize; however,
as illustrated in Fig. [l moderate memorization occurs before this convergence.
Alternatively, while differential privacy guarantees protection against per-sample
memorization, it inherently degrades generative fidelity. Hence, one need for tech-
niques that decelerate the rate of memorization without sacrificing sample qual-
ity. In Section we empirically demonstrate that our proposed modification
successfully achieves this optimal balance.
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Table 1: Correlation analysis between Input Complexity (Compressed Bitrate) and
Tme (before calibration). We report Pearson (p) and Spearman (r,) correlation coeffi-
cients for both training and validation sets.

Split CIFAR-10 | SVHN | TinyImageNet64
Pearson p Spearman rs | Pearson p Spearman r, | Pearson p Spearman 7,

Train  0.6030 0.5917 0.8520 0.8699 0.5275 0.5535

Val 0.8318 0.8561 0.8842 0.9060 0.7837 0.8111

5 Experiments

5.1 Setup

We tested our findings on three public datasets, CIFAR-10, SVHN, Tinylma-
geNet, MSCOCO with resolution 322, 322, 642, 5122 (see Appendix J for detailed
dataset descriptions and train/validation splits). All experiments are executed
on eight NVIDIA A40 GPUs.

Evaluation Metrics: We compute the proposed test statistics for both
Dirain and Dy,1. To quantify memorization, we evaluate the separability between
the distributions of T(x € Dirain) and T(x € Dy,y). This is measured by the
Area Under the ROC Curve (AUC), where we assign binary labels to the sam-
ples (e.g., class 1 for Dipain and class 0 for Dy,)). We report TPR at a 1% FPR
(TPRQ1%FPR) because standard AUC can be misleadingly high even if the
attack fails to identify any specific member with high confidence. For compu-
tational purposes, the number of queries to compute Thaive; Tme, and Tme cal
(#Query). We evaluated the generative image fidelity standard metric, Fréchet
Inception Distance.

Dataset Configuration: We follow standard dataset construction protocols
for MIA. For CIFAR-10, we evenly split the original training set into 25K /25K
samples for Diyain and Dy, respectively, and train the RF model for 500K
steps on Dipain. Similarly, we construct 20K /20K splits for SVHN (trained for
500K steps), 50K /50K splits for TinylmageNet (trained for 100K steps) and
3K/3K for MSCOCO (trained for 45K steps). To maintain data diversity, we
ensure a balanced class distribution across both Di;ain and Dya;. All models are
trained using the standard RF scripts from https://github.com/lucidrains/
rectified-flow-pytorch.gitl

5.2 Calibration Analysis

To demonstrate that standard test statistics are highly biased by input im-
age complexity, we plot the likelihood estimation against input complexity in
Appendix A, and Ty, against input complexity in the first row of Fig. 2] A
corresponding correlation coefficient analysis is provided in Table [1} Because
this inherent bias obscures the true extent of memorization, we decouple the
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Table 2: MIA Performance comparison across three datasets. All values are reported
in percentage (%). A represents the improvement over the method immediately above.

Mothod CIFAR-10 | SVHN | TinyImageNet
AUCT TPR@1%FPRT | AUCT TPR@1%FPRT | AUCT TPRQ@1%FPR?
Thaaive 70.98 2.70 | 68.04 1.89 | 72.33 4.10
Tine (#me=5) 75.12 3.05 70.92 1.54 76.44 5.33
A (vs. Taaive)  +4.14 +0.35 +2.88 -0.35 +4.11 +1.23
Time_cal (#mc=5) 84.89 27.88 79.43 16.46 92.96 50.03
A (vs. Tme) +9.77 +24.83 +8.51 +14.92 +16.52 +44.70

Table 3: Comparison of membership inference attack (MIA) performance on
MSCOCO across different timesteps t, for a Rectified Flow model trained in the latent
space of a VAE All values are reported in percentage (%). A represents the improve-
ment over the method immediately above.

t ‘0.10 0.20 030 040 050 0.60 0.70 0.80

Thaive ‘57.94 70.63 75.50 77.04 76.14 73.16 68.94 48.46

Twme (#me=5) |59.11 73.15 80.25 85.14 85.33 8345 75.63 64.37
A (vs. Thaive) | +1.17 +2.52 +4.75 +8.10 +9.19 +10.29 +6.69 +15.91

test score from input complexity. As shown in the second row of Fig. 2| our cali-
brated test statistic (Tinc ca1) achieves a significantly cleaner separation between
Dtrain and Dval-

5.3 MIA Experiments

We initially evaluate the baseline statistic Thaive and observe that FM objective-
based statistics tend to underestimate memorization. To validate our proposed
T, we evaluate its performance by increasing the number of Monte Carlo sam-
ples (Np,) from 1 to 10. As illustrated in Fig. [5| Ti,c underperforms Tyaive at
Ny = 1, but surpasses it at N,,. > 2 and continues to improve. This behavior
suggests that as we sample more noise vectors e, E[xo] approaches zero, allowing
the velocity network vy to predict the test image &1 more directly. We prescribe
Ny = b for subsequent experiments to balance computational overhead and
AUC performance. Furthermore, because reconstruction error is heavily influ-
enced by image complexity, adopting our calibrated statistic Ti,c ca1 yields a
significant performance surge, particularly in TPRQ1%FPR. The final results
are summarized in Table

For the dataset with high-resolution images such as MSCOCO, we trained an
RF in the latent space of a Variational Autoencoder (VAE). We directly employ
the publicly released autoencoder model stabilityai/sd-vae-ft-mse [3] with-
out further fine-tuning. We swept different ¢ for this experiment and the results
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are summarized in Table B[ For T} .ive, we observe a slight shift towards ¢ = 0
for optimal ¢ as the images exhibit spatial auto-correlation. For Ty, optimal ¢
perfectly remains on 0.5. VAE spaces have regularized covariances, so on average
Y, will be closer to identity. Notably, Tine ca1 is not applicable for latent RF,
but we can use the encoder/decoder metric for the calibration. This is described
in [37].

5.4 Impact of Symmetric Exponential Time Sampling

To validate the theoretical insights from Section [£:3] we train additional RF
models using a Symmetric Exponential Distribution for time sampling with o =
2 and « = 4. Larger values of a concentrate the sampling density toward the
boundaries (t — 0 and ¢ — 1). The results are presented in the third column
of Fig. [I} with supplementary TinyIlmageNet experiments detailed in Appendix
I. Note that we report the maximum AUC over ¢, which typically occurs near
t = 0.5. The figures clearly demonstrate that introducing this sampling technique
significantly decelerates memorization during training, while maintaining or even
reducing the FID score. This empirical evidence directly supports our analysis
and claims regarding memorization dynamics in Section [4]

6 Conclusion and Discussion

In this paper, we present a series of test statistics for MIA on RF and provide
a theoretical justification for each refinement. Our analysis of memorization dy-
namics across timesteps ¢ reveals that memorization is primarily concentrated
at the midpoint of ODE trajectory. We justify this observation by establishing
a link to the Linear Minimum Mean Square Error (LMMSE) estimator. Lever-
aging this insight, we adjust the sampling distribution of ¢, a modification that
decelerates memorization without compromising generative image fidelity.
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