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Abstract

Text-to-image diffusion models exhibit memoriza-
tion on certain prompts where the model repro-
duces a training image. A widely adopted detec-
tion approach quantifies the difference between
the conditional and unconditional scores. We ana-
lyze this difference as a line integral of the condi-
tional score along the linear interpolation from the
unconditional embedding to the prompt embed-
ding. Along this interpolation the score trajectory
evolves smoothly over most of the interpolation
segment and rises sharply within a narrow inter-
val near the prompt embedding, producing the
anomalously large score difference. We measure
this sharp rise through the condition Jacobian eval-
uated at the prompt embedding, which achieves
state-of-the-art detection accuracy and remains
stable across reduced latent resolutions, enabling
memory efficient detection by lowering the latent
resolution at inference time.

1. Introduction

Diffusion models generate samples by learning to reverse a
gradual noising process, turning an initial Gaussian noise
into a data-like sample through iterative denoising (Ho et al.,
2020; Song et al., 2021). Text-to-image (T2I) diffusion
models (Rombach et al., 2022; Ramesh et al., 2022; Ho
& Salimans, 2022) extend this framework by conditioning
the denoising dynamics on a text representation, commonly
referred to as a text embedding, enabling high-fidelity image
synthesis from natural-language prompts. Despite their
success, diffusion models can exhibit memorization, where
for certain prompts the models reproduce training images
rather than generating genuinely novel content (Carlini et al.,
2023; Somepalli et al., 2023a; Webster, 2023). Such prompt-
specific reproduction raises practical concerns, including
privacy leakage and copyright risks (Carlini et al., 2023;
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Somepalli et al., 2023b).

A representative detection method is the metric of Wen et al.
(2024), which measures the difference between conditional
and unconditional score. However, the measured values
fluctuate substantially across initial noises and its detection
accuracy remains limited, so reliable performance typically
requires multi-step aggregation, where measurements are
averaged across multiple denoising steps and initial noise
samples to mitigate performance variability induced by the
choice of initial noise. Subsequent works (Jeon et al., 2025;
Asthana & Belagiannis, 2026) partially alleviate these issues,
but both limitations still persist.

In this work, we approach the score difference as a line inte-
gral in text embedding space along the linear interpolation
from the unconditional embedding to the prompt embedding.
Through this view, we identify that for memorized prompts
the rate of change of the conditional score along the score
trajectory remains within the non-memorized range over
most of the interpolation segments and rises sharply within
a narrow interval near the prompt embedding, forming an
abrupt transition that accounts for the anomalously large
score difference. The same transition governs the generated
image. Below the interval, the generated image follows the
same behavior as on a non-memorized interpolation and
remains aligned with the prompt semantics. Across the
interval, the generated image switches to the memorized
training image and reproduces it across the remainder of the
score trajectory.

Reliable detection therefore reduces to capturing the con-
tribution of this transition, which we measure through the
Frobenius norm of the condition Jacobian evaluated at the
first denoising step. This signal achieves state-of-the-art
detection accuracy and remains stable across initial noises.
The same stability extends to the latent resolution, with
detection accuracy preserved as the latent resolution is re-
duced at inference time. Lowering the latent resolution then
reduces memory consumption by over two orders of magni-
tude with minimal accuracy loss, enabling memory efficient
detection at a favorable accuracy-memory trade-off.

Our contributions are summarized as follows.

* We interpret the score difference as a line integral over
text embedding space and show that the score variation
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Figure 1. Score variation along the interpolation ¢y at t = T'. First-order log ||@se(\)|| and normalized second-order ||8%sg||/||Os6 |
of sg along A at t = T approximated by finite differences and measured over 100 memorized and 100 non-memorized prompts. Solid
lines denote the prompt mean and shaded regions denote the prompt variance. The two prompt types behave alike at small A and diverge

sharply beyond a particular \.

does not varies gradually along the score trajectory
but arises abruptly within a localized region near the
prompt embedding.

* We capture this localized variation through the con-
dition Jacobian evaluated at the prompt embedding,
which achieves state-of-the-art detection accuracy and
remains stable across initial noises and reduced latent
resolutions, enabling memory efficient detection.

e We track the generated image along the interpola-
tion and find that both prompt types produce prompt-
aligned images across the smooth segment, while mem-
orized prompts switch to the memorized training image
across the narrow interval. This narrow interval sits
farther from the prompt embedding for local memo-
rization than for global memorization, providing an
embedding-space view consistent with the mitigation
difficulty reported in prior work (Wen et al., 2024;
Chen et al., 2025).

2. Related Work

Memorization Detection. Memorization in diffusion
models is determined at the early stage of denoising. Jain
et al. (2025) show that unconditional generation at the early
denoising steps prevents memorization even when memo-
rized prompt is applied afterward, so the trajectory toward
the memorized image is locked in within the first few steps.
At the early stage, the score difference coincides with the
CFG term up to a constant, and Jin et al. (2026) show that
a large CFG term at this stage sharply concentrates genera-
tions onto a narrow set of outputs. The score difference at
the early stage therefore directly governs whether the trajec-
tory converges to a memorized image, and reliable detection
reduces to measuring this quantity.

Existing memorization detection methods accordingly di-
vide into two categories based on whether they use the score
difference as the detection signal. The first category uses
the score difference directly. Wen et al. (2024) first pro-
pose the score difference as a memorization detection sig-
nal, summing it across multiple denoising steps. Jeon et al.
(2025) combine the score difference with the sharpness of
the predicted log-probability with respect to the initial noise.
Asthana & Belagiannis (2026) extend the score difference
by additionally measuring the angular alignment between
the conditional and unconditional scores at last denoising
stage.

The second category does not rely on the score difference
and instead detects memorization through alternative sig-
nals. Carlini et al. (2023) generate multiple images for
a given prompt and examine whether highly similar out-
puts are produced across different noise samples. Webster
(2023) perform one-step generation across multiple seeds
and detect memorization through edge consistency among
the outputs. Hintersdorf et al. (2024) computes pairwise
SSIM between outputs generated from different seeds. Ren
et al. (2024) measures the entropy of cross-attention scores.

Text Embedding Interpolation. The behavior of text-to-
image diffusion models on intermediate embeddings be-
tween two text embeddings has been studied as a tool for
controllable generation. Deckers et al. (2024) show that
linear interpolation between two prompt embeddings yields
images whose visual attributes blend gradually along the
interpolation path, He et al. (2024) extend this property to
attention-level interpolation for smoother transitions across
the path, and Karris et al. (2025) treat each text embedding
as a point on a Wasserstein space and interpret the interpo-
lation between two text embeddings as an optimal transport
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interpolation on this space.

3. Memorization Detection in text embedding
space

3.1. Wen Metric as a Line Integral

The Wen metric (Wen et al., 2024) quantifies memorization
through the score difference

dt = ||39(If/7t70) - 59($t7t,0¢)||2, (1)

where sg (x4, t, ¢) denotes the score predicted at noise level
t from the noisy latent x; under the prompt embedding c
and cy4 denotes the unconditional embedding. We reinterpret
d, as a line integral over text embedding space. Along the
linear interpolation cy = (1 — X)cg + Ac for A € [0, 1] the
score difference is

1
so(ze,t,¢) — so(,t, ¢4) :/ Onso(xe,t,cn)dN. (2)
0

The magnitude d; is therefore determined by r) =
[[Oxse(zt, t, cx)||2 along A which behaves differently be-
tween memorized and non-memorized prompts.

Non-memorized prompts. Text-to-image diffusion mod-
els generate coherent images not only for prompts outside
the training set but also for embeddings obtained by linearly
interpolating between two prompt embeddings or between
an unconditional embedding and a prompt embedding, with
visual attributes blending gradually along the interpolation
segments (He et al., 2024; Deckers et al., 2024). As shown
in Figure 1, the score trajectory along the linear interpolation
from an unconditional embedding ¢4 to a non-memorized
prompt embedding c evolves gradually in A with low cur-
vature, suggesting that the function the model has learned
on intermediate embeddings between ¢4 and an ordinary
prompt varies smoothly along this path. As a result, the
rate of change r remains comparable across A € [0, 1], so
that s., varies gradually as A changes, without a jump at a
particular value of \.

Memorized prompts. The smoothness observed in Fig-
ure 1 suggests a prediction for memorized prompts. Memo-
rization at high noise requires d; to be anomalously large,
and if cpem Were governed by the same smooth function
as ordinary embeddings, this anomalously large separation
could only arise from a uniformly large 7 along the entire
interpolation segments. Figure 1 shows that this is not the
case. For much of the segments, the trajectory is essentially
indistinguishable from that of a non-memorized pair, with
r, stays within the typical range. The two curves only sep-
arate near the memorized end of the segments, typically
around A ~ 0.7 in our experiments, beyond which 7 grows

abruptly and most of the change in d; occurs within a narrow
neighborhood of ¢pem-

The response near cpep is therefore a local discontinuity
rather than a continuation of the smooth map governing
ordinary regions of text embedding space, and this disconti-
nuity is what makes d; large for memorized prompts. Pre-
cisely measuring d; thus reduces to accurately capturing the
contribution of this discontinuity.

3.2. Detection via the Condition Jacobian

The rate of change 7 analyzed in Section 3.1 can be written
via the chain rule as

Orso(t,t,cn) = Jo(xe,t,e0) A, A £ c—cy (3)

where D30 )
sg(xs,t, c

c(z,tc) & ——2 = 4

J«(xt7 ’C) ac ( )

is the condition Jacobian. The abrupt shift identified
in Section 3.1 therefore manifests as a sharp rise of
[Je(zt, t, cs) All2 near ¢pem, and precise measurement of
d; reduces to capturing this rise.

A direct measurement of the underlying response is the
Jacobian itself, evaluated at the early stage. The directional
response ||J. A||2 admits the upper bound

1Je Allz < [1Jell# [[All2, ®)

so we summarize .J, by its Frobenius norm
ne(e) £ |[Je(zr, T, 0)| - (©)

We adopt n.. as the detection signal because ||.J.||% admits
an unbiased Hutchinson estimator built from VJPs, which
is compatible with the standard backward of the diffusion
UNet, allowing the detection signal to be computed effi-
ciently in both compute and memory. The same VJP-based
estimator further extends to an input-noise sensitivity term
that complements n., which we introduce below. This ap-
proximation is justified by the structure of J. at memorized
embeddings, where the response tends to be large not only
along A but along all directions in text embedding space,
so the Frobenius norm captures the relevant signal that the
directional quantity ||.J. A||2 measures, as we verify in Ap-
pendix E.

Complementary axis from input-noise sensitivity. The
same VJP-based estimator also yields the sensitivity of sy
to z at the same forward pass. We define the input-noise
Jacobian and its norm as

Jo(wr, Tyc) 2 %TTC) )
nm’(c) = ||J$(xT7T>C)||F- (8)
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Figure 2. (a, c, e) 7y, inter-image LPIPS L;, and prompt-image CLIP score C; along A € [0, 1] for a non-memorized prompt (a), a
globally memorized prompt (c), and a locally memorized prompt (e). (b, d, f) Generated images zo(cx) at A € {0.6,0.8,1.0} for the
same prompts. The three prompt types share the same trajectory up to A*, where memorized prompts depart from the non-memorized
regime through a peak in r», a spike in L;, and a switch of zo(cx) to the memorized training image.

A single backward pass evaluated at (27, c) propagates
VIPs to both 7 and ¢ simultaneously, so n, and n. can be
estimated jointly without any additional forward evaluation,
and adding n, incurs negligible overhead once 7. is being
computed.

J, coincides up to a scalar factor with the Hessian of the
log-probability density used by Jeon et al. (Jeon et al., 2025)
as their memorization signal, since V. logpe(zr)
sg(xp,T,c). They report that at the early stage the Hes-
sian magnitudes of memorized and non-memorized prompts
are close to each other and difficult to distinguish at this
level alone, which forces them to amplify the signal through
more refined and costly computations. In our setting, n,,
does not need to provide separation on its own since it
is combined with n., which already separates memorized
from non-memorized prompts on its own. The joint fea-
ture (n.,n.) enlarges the separation margin beyond what

either axis achieves alone, so a small number of Hutchinson
iterations on n, suffices for reliable improvement over 7,
alone.

Joint feature. We use both quantities together,

$(c) £ (na(c), ne(c)), )
and classify by a linear decision rule
g(”m;”c) = N¢ — (anx +b)u (10)

where (a, b) specify a linear boundary in the (n,, n.) plane
and a prompt is identified as memorized when g(¢(c)) > 0.
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4. Generated Image Through the Sharp
Transition

Section 3.1 identified that 7, rises sharply within a nar-
row interval along ¢y = (1 — X)cy + Ac near c¢. A sharp
change in sy implies a corresponding sharp change in the
image xo(cy) generated under c) across this interval, so
the same transition appears in image space. In image space
memorization additionally splits by the spatial extent of
the reproduction (Chen et al., 2025). Global memorization
reproduces the training image over the entire generated im-
age. Local memorization reproduces the training image on
a region of the generated image while the remaining region
varies with x7 and aligns with the prompt semantics.

To characterize how x(cy) varies along ¢ for each prompt
type, we track three quantities on a uniform grid {\; }., C
[0, 1], where 2 (cy) denotes the image obtained by running
the standard sampler from x7 with ¢y held fixed across all
denoising steps.

e ry from Section 3.1 evaluated att = T'.
* L; £ LPIPS(zo(ca,,, ), zo(cr,))-

» C; 2 CLIP(z¢(cy,), ).

Behavior across the transition. The sharp rise in ) and
the switch of z(c ) to the training image occur at the same
A, so the location of the transition is summarized by

\* £ arg max ry. (11)
A€0,1]

Up to \*, the three prompt types in Figure 2 share the same
trajectory. Near cy, C; rises rapidly and L; remains large as
the generated image moves from arbitrary images toward
prompt-aligned images. Over the subsequent segment, C;
and L; stabilize and the generated image varies marginally
with \. For the non-memorized prompt this segment extends
to A = 1 and the generated image in Figure 2b stays visually
consistent across the \.

For globally and locally memorized prompts the trajectory
departs from this regime at A\*. r) peaks, L; exhibits a
localized spike, and the generated image switches to the
memorized training image, which is then reproduced for all
larger A. The two memorization types diverge in their post-
transition behavior. Under global memorization the mem-
orized image occupies the entire image region, L; returns
to small values, and the generated image remains visually
unchanged beyond \*, as shown in Figure 2d. Under local
memorization the memorized region stays fixed while the
remaining region continues to vary with A, so L; stays non-
negligible and the generated image keeps changing outside
the memorized region, as shown in Figure 2f.

[ local_mem
[ global_mem

0 T T T o
0.0 0.2 0.4 0.6 0.8 1.0

A"

Figure 3. Distribution of A* on SD v1.4 over locally and globally
memorized prompts. Local memorization yields smaller \*.

Location of the transition. Figure 3 reports the distribu-
tion of A* over locally and globally memorized prompts.
Global memorization places A* near 1 while local memo-
rization peaks at \* = 0.8, so the transition on local mem-
orization sits farther from c. Since xo(c)) reproduces the
training image for A > \*, the subset of c, that reproduces
the training image is [\*, 1] and is wider for local memoriza-
tion than for global memorization. This wider region in text
embedding space aligns with prior reports that mitigation
methods which suppress localized memorization signals in
cross-attention (Hintersdorf et al., 2024) and methods which
steer x7 away from initial noises that trigger memoriza-
tion (Jeon et al., 2025; Asthana & Belagiannis, 2026) both
perform worse on local memorization (Chen et al., 2025),
providing an embedding-space view that is consistent with
this gap.

5. Experiments

In this section, we present our experimental results orga-
nized into three main phases. First, we evaluate memoriza-
tion detection performance on SD v1.4 and v2.0 (Rombach
et al., 2022) to align with established evaluation protocols
(Sec. 5.1). To ensure a more reliable evaluation, we addi-
tionally verify the detection performance on unseen prompts
using a pre-determined decision boundary. Second, we ana-
lyze the computational efficiency of our proposed approach
specifically within the context of the memorization detection
task (Sec. 5.2).

5.1. Memorization Detection

Experiment Setup. We adopt the same evaluation setting
as recent memorization detection studies (Jeon et al., 2025;
Asthana & Belagiannis, 2026; Wen et al., 2024). For mem-
orized prompts, we use the sets curated by Webster (Web-
ster, 2023), which contain 500 and 219 prompts for SD
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Table 1. Comparison of memorization detection methods on SD v1.4 and SD v2.0. We generate 100 samples using 100 different seeds.
For n = 1, each sample is used independently to compute a detection score. For n = 4, every four samples are grouped and their scores
are averaged. Mean = standard deviation are reported over the resulting scores. Best results are shown in bold.

Method SDvl.4 SD v2.0
AUC 1 TPR@1%FPR 1 AUC 1 TPR@1%FPR 1
n=1
Ren et al. (2024) 0.899 + 0.018 0.263 £ 0.056 0.869 £ 0.011 0.000 £ 0.001
Wen et al. (2024) 0.947 + 0.032 0.746 + 0.133 0.941 £ 0.034 0.576 £ 0.270
Hintersdorf et al. (2024) 0.782 + 0.013 0.363 + 0.025 0.915+£0.011 0.488 £+ 0.069
Jeon et al. (2025) 0.966 + 0.032 0.824 £ 0.111 0.923 +£0.078 0.552 +0.273
Asthana & Belagiannis (2026) 0.947 4+ 0.032 0.748 +£0.134 0.946 + 0.033 0.600 + 0.271
Ours(J. only) 0.994 + 0.003 0.959 £ 0.028 0.989 £+ 0.006 0.874 £0.137
Ours(J. with J,) 0.998 £0.001 0.980+0.012 0.997+0.003 0.971+0.028
n=4
Ren et al. (2024) 0.903 + 0.007 0.248 £0.030 0.870 £+ 0.006 0.000 £ 0.000
Wen et al. (2024) 0.986 + 0.006 0.889 £ 0.055 0.976 £ 0.008 0.828 £ 0.070
Hintersdorf et al. (2024) 0.934 + 0.004 0.523 +£0.012 0.985 £ 0.001 0.873 £ 0.007
Jeon et al. (2025) 0.994 + 0.005 0.965 + 0.019 0.975+£0.013 0.812+£0.044
Asthana & Belagiannis (2026)  0.985 + 0.008 0.896 + 0.039 0.977 £+ 0.006 0.848 +0.055
Ours(J. only) 0.999 + 0.001 0.992 £ 0.005 0.996 £+ 0.002 0.976 4+ 0.008
Ours(J. with J,) 1.000 + 0.000 0.995+0.002 1.000-+0.000 0.995+ 0.004

v1.4 and v2.0 (Rombach et al., 2022), respectively. The
non-memorized counterpart consists of 500 prompts drawn
from four diverse sources, namely COCO (Lin et al., 2014),
Lexica (Shen et al., 2024), Tuxemon (HuggingFace, 2024),
and GPT-4 (OpenAl et al., 2024). All methods are evalu-
ated under two detection regimes, single-sample (n = 1)
and four-sample averaging (n = 4), and compared using the
Area Under the ROC Curve (AUC) and True Positive Rate at
1% False Positive Rate (TPR@ 1%FPR) on a single NVIDIA
A40 GPU. Baselines include the cross-attention approach
of Ren et al. (2024), the prediction discrepancy method of
Wen et al. (2024), the sharpness-based method of Jeon et al.
(2025), the anisotropy-based method of Asthana & Belagian-
nis (2026), and the pairwise SSIM method of Hintersdorf
et al. (2024). Unlike existing approaches that rely on a sin-
gle scalar score, our method produces a two-dimensional
feature, which precludes direct AUC computation. To en-
able a fair comparison, we fit a logistic regression decision
boundary and project the joint feature onto the direction or-
thogonal to this boundary, yielding a single scalar score. All
results in this subsection are reported using these projected
scores.

Results. Table 1 reports detection performance on SD
v1.4 and v2.0 under single sample (n = 1) and four sample
averaging (n = 4). The J. only variant already exceeds
all baselines on both metrics across both models. On SD
vl.4 at n = 1 it attains 0.994 and 0.959 against the best
baseline values 0.966 and 0.824 of Jeon et al. (2025). On

SD v2.0 at n = 1 it attains 0.989 and 0.874 against the best
baseline values 0.946 and 0.600 of Asthana & Belagiannis
(2026). The margin is wider in the high confidence regime,
which reflects that score difference based baselines saturate
below 1 at low FPR while J. separates the two classes in
this regime.

Adding J, raises both metrics to near saturation. On SD
v1.4 the joint feature reaches 0.998 and 0.980 at n = 1 and
1.000 and 0.995 at n = 4. On SD v2.0 it reaches 0.997 and
0.971 at n = 1 and 1.000 and 0.995 at n = 4. The gain
over the .J, only variant is largest in the high confidence
regime on SD v2.0, where the score rises from 0.874 to
0.971 at n = 1, indicating that .J,, supplies a complementary
axis when J, alone leaves residual overlap in this regime.
A residual gap between SD v1.4 and SD v2.0 remains in
our method, with SD v2.0 trailing SD v1.4 in the high
confidence regime at n = 1.

Threshold Transferability. Beyond score-based metrics
such as AUC, it is also important to test whether a decision
threshold calibrated on one subset of prompts generalizes
to held-out prompts, as evaluated by binary classification
metrics such as accuracy and F-score. However, prior work
has primarily reported score-based metrics such as AUC and
has not explicitly evaluated this threshold transferability. To
address this, we conduct a threshold transferability experi-
ment on both SD v1.4 and SD v2.0 using the prompt sets
described above. We calibrate the classification threshold on
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Table 2. Comparison of memorization detection methods across reduced latent resolutions on SD v1.4 and SD v2.0. r denotes the spatial
side of the latent so that the latent resolution is 4 X r X r with default » = 64 for SD v1.4 and r = 96 for SD v2.0. We generate 100
samples using 100 different seeds. Every four samples are grouped and their scores are averaged and the mean over the resulting scores is

reported. Best results per row are shown in bold.

SDvl4

AUC Ren Wen Hintersdorf  Jeon  Asthana  Ours
r=2=8 0.567 0.884 0.559 0.821 0.828 0.743
r =16 0.719 0.951 0.401 0.935 0.893 0.895
r=232 0.837 0.779 0.514 0.691 0.627 0.946
r =64 0.903  0.986 0.876 0.995 0.986 0.999
TPR@ 1%FPR

r=2=8 0.002 0.489 0.125 0.349 0.167 0.215
r =16 0.011 0.652 0.068 0.546 0.441 0.494
r=232 0.0564 0.238 0.155 0.045 0.106 0.574
r =64 0.248  0.892 0.478 0.968 0.891 0.995

SD v2.0

AUC Ren Wen  Hintersdorf  Jeon  Asthana  Ours
r=2=8 0.784 0.967 0.507 0.946 0.966 0.987
r=16 0.747 0.982 0.560 0.942 0.982 0.996
r =232 0.935 0.989 0.453 0.920 0.989 0.994
r =64 0.932 0.923 0.794 0.830 0.922 0.999
r =96 0.870 0.976 0.969 0.976 0.968 1.000
TPR@ 1%FPR

r=2=8 0.025 0.621 0.015 0.569 0.616 0.908
r=16 0.001  0.881 0.022 0.697 0.880 0.969
r =232 0.438 0.929 0.010 0.269 0.927 0.956
r =64 0.634 0.336 0.243 0.081 0.333 0.989
r =96 0.000 0.818 0.821 0.824 0.795 0.996

a randomly selected 20% subset of prompts and evaluate on
the remaining 80%, repeating this procedure 10 times with
different splits and reporting mean + standard deviation.

Across both models and both aggregation settings, our
method attains the best accuracy and F-score among all
baselines, indicating that the decision boundary generalizes
reliably to held-out prompts. As a representative exam-
ple, on SD v1.4 with n = 1, our method achieves an F-
score of 0.979 4 0.003, while the strongest baseline reaches
0.898 +0.003. The same conclusion holds for SD v1.4 with
n = 4 and for SD v2.0 with both n = 1 and n = 4, where
our method remains the top performer across metrics. Full
results for all methods, models, and settings are provided in
Table 4 and Table 5 in Appendix B.

5.2. Efficient Detection

Performance across Latent Resolutions. In UNet-based
latent diffusion models such as Stable Diffusion, the fully
convolutional architecture allows the latent resolution to
be adjusted at inference time. Reducing the latent resolu-
tion lowers memory consumption and accelerates inference,
but typically degrades generation quality and, for existing

detection methods, reduces detection performance.

Table 2 reports the AUC and TPR@ 1%FPR of each method
as a function of latent resolution on SD v1.4 and SD v2.0,
with scores averaged over n = 4 samples. Across both mod-
els, existing methods exhibit a substantial drop in detection
performance as the resolution decreases.

On SD v2.0, the joint feature retains its discriminative power
across all tested resolutions. Our method maintains an AUC
above 0.987 from the default resolution 4 x 96 x 96 down
to 4 x 8 x 8 and a TPR@1%FPR above 0.908 over the
same range. At the smallest tested resolution 4 X 8 x 8,
our method already exceeds the performance every baseline
achieves at the default resolution 4 x 96 x 96.

On SD v1.4, all methods degrade at resolutions below 4 x
32 x 32. Since the degradation appears across all detection
methods, its source lies in the denoiser sy on this model
rather than in the choice of detection method. SD v2.0
supports resolution reduction down to 4 x 8 x 8 without
comparable degradation, and we apply memory efficient
detection on this model.
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Figure 4. Memory efficient detection on SD v2.0. Each method is shown as a point in the (AUC, TPR@1%FPR) plane. At the default
4% 96 %96 resolution with n = 4, baselines (Ren et al., 2024; Wen et al., 2024; Hintersdorf et al., 2024; Asthana & Belagiannis, 2026)
consume ~1.2 GB while our method requires ~8.2 GB and Jeon et al. (2025) consumes ~67 GB. Reducing the latent resolution to
4x8x 8 lowers our memory to ~64 MB with n = 4 at performance comparable to the best baseline at the default resolution, and to ~300
MB with n = 16 surpassing all baselines on both AUC and TPR@ 1%FPR.

Memory Efficient Detection. Figure 4 reports the
memory-accuracy trade-off on SD v2.0. The best base-
line Hintersdorf et al. (2024) consumes ~ 1.2 GB at AUC
= 0.985 and TPR@1%FPR = 0.873 with n = 4 at the de-
fault resolution 4 x 96 x 96. Reducing the latent resolution
to 4 x 8 x 8 with n = 4 lowers the peak GPU memory of
our method to ~ 64 MB, 19x below the best baseline, at
AUC = 0.987 and TPR@1%FPR = 0.908. Increasing the
sample count to n = 16 raises the memory to ~ 300 MB,
still 4x below the best baseline, and the performance to
AUC = 0.995 and TPR@1%FPR = 0.967, exceeding every
baseline at the default resolution on both metrics.

6. Limitation

Our method attains state-of-the-art memorization detection
accuracy and retains this accuracy under reduced latent res-
olutions enabling memory efficient detection at a favorable
accuracy-memory trade-off. Two aspects remain open. We
identify the sharp rise of the conditional score along the in-
terpolation near the prompt embedding as the source of the
anomalously large score difference on memorized prompts
but we do not characterize why the conditional score de-
parts from the smooth variation observed on non-memorized
prompts within this interval. We track the generated image
along the interpolation and locate the switch to the memo-
rized training image but we do not translate this behavior
of the generated image into a mitigation procedure that sup-
presses the reproduction of the memorized training image
at the prompt embedding.
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Table 3. Effect of the number of Hutchinson iterations K on detection performance. K denotes the number of random vectors used to
estimate each Frobenius norm. All results use the joint feature space. Mean = standard deviation are reported over the resulting scores.
Best results are shown in bold.

K SDvl4 SD v2.0
AUC 1 TPR@ 1%FPR 1 AUC 1t TPR@1%FPR 1
n=1
K=1 0.994 4+ 0.003 0.960 £ 0.028 0.995 + 0.004 0.934 + 0.067
K=2 0.996 4+ 0.002 0.972 £ 0.019 0.997 + 0.003 0.955 4+ 0.049
K=4 0.998+0.001 0.980+0.012 0.997+0.003 0.971 4 0.028
n=4
K=1 0.999 + 0.001 0.992 + 0.004 1.000 £ 0.000 0.990 #+ 0.007
K=2 0.999 + 0.001 0.994 + 0.002 1.000 £ 0.000 0.994 + 0.005
K=4 1.000+0.000 0.995+0.002 1.000+ 0.000 0.995+ 0.004

A. Effect of Hutchinson Estimator Iteration

Our detector estimates ||.J, || 7 and || J.|| 7 using a VIP-based Hutchinson estimator. For a matrix J € R™*", the estimator
approximates
-
1711 =E[I7 " v[13]

by averaging over K i.i.d. Gaussian random vectors v. Each iteration requires one vector-Jacobian product and is therefore
much cheaper than materializing the full Jacobian. We next examine how K affects detection performance.

Table 3 shows that increasing K consistently improves both AUC and TPR@ 1%FPR. At n = 1, the gain is clear on
both models. On SD v1.4, AUC increases from 0.994 to 0.998 and TPR@ 1%FPR from 0.960 to 0.980. On SD v2.0, the
improvement is larger in the high-confidence regime, where TPR@ 1%FPR rises from 0.934 to 0.971. These gains are
expected: larger K reduces the variance of the Hutchinson estimator, yielding more accurate Frobenius norm estimates and
more stable joint features.

The effect is also reflected in the standard deviations. On SD v2.0 at n = 1, the standard deviation of TPR @ 1%FPR
decreases from 0.067 at K = 1to 0.028 at K = 4, showing that larger K makes detection outcomes more consistent across
runs. This is particularly desirable in practice, where stability matters in addition to mean accuracy.

At n = 4, the differences become smaller because averaging over multiple noise samples already suppresses part of the
estimation noise. Even so, K = 4 still yields measurable improvements over smaller K, especially in TPR@ 1%FPR. We
therefore use K = 4 in all main experiments as a favorable balance between additional VJP cost and improved accuracy and
stability.

B. Threshold Transferability

As discussed in Sec. 5.1, existing memorization detection evaluations typically compute scores for all prompts, determine an
optimal threshold on the entire dataset, and report performance at that threshold. While informative, this protocol does not
assess whether the selected threshold generalizes to unseen prompts. In practice, a deployed detector must determine its
threshold from a limited calibration set and apply it to previously unseen queries.

To evaluate this setting, we split the prompt set into 20% for calibration and 80% for testing, repeat the procedure 10 times
with different random splits, and report the mean =+ standard deviation of Accuracy, Precision, Recall, and F-score. For
baseline methods that produce a single scalar detection score, we determine the binary decision threshold by maximizing
Youden’s J statistic (J/ = TPR — FPR) on the calibration split. For our method, which produces a two-dimensional feature,
we fit a logistic regression decision boundary on the calibration split and apply it to the test split.

Tables 4 and 5 report the results on SD v1.4 and SD v2.0, respectively. Our method achieves the best performance across all
four metrics in both the single-sample (/N = 1) and four-sample (N = 4) settings on both models. On SD v1.4 with N = 1,
our method attains an F-score of 0.979 % 0.003, compared to 0.898 4 0.003 for the strongest baseline, Jeon (Jeon et al.,
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Table 4. Threshold transferability results for Accuracy and Precision. We use 20% of prompts for threshold calibration and 80% for
testing, and report mean =+ standard deviation over 10 random splits.

SDvl.4
Method N=1 N =4
Acc. Prec. Acc. Prec.
Ren 0.835 £ 0.007 0.828 £ 0.008 0.841 4 0.008 0.830 £+ 0.011
Wen 0.881 £ 0.003 0.939 £ 0.012 0.945 £ 0.004 0.973 £ 0.010
Hintersdorf 0.707 £ 0.005 0.794 £ 0.021 0.784 4 0.006 0.818 £ 0.016
Jeon 0.902 £ 0.002 0.954 £ 0.004 0.961 4 0.002 0.975 £ 0.003
Asthana 0.881 £ 0.003 0.939 £ 0.012 0.946 & 0.004 0.972 £ 0.011
Ours 0.979 + 0.003 0.996 + 0.001 0.989 + 0.002 1.000 + 0.000
SD v2.0
Method N=1 N =4
Acc. Prec. Acc. Prec.
Ren 0.827 £ 0.009 0.667 £ 0.028 0.827 £ 0.011 0.667 £ 0.031
Wen 0.875 £ 0.004 0.822 4 0.026 0.938 4 0.005 0.912 £ 0.029
Hintersdorf 0.871 £ 0.005 0.782 £ 0.015 0.938 & 0.004 0.916 £ 0.020
Jeon 0.850 £ 0.002 0.830 £ 0.022 0.915 4 0.003 0.911 £ 0.021
Asthana 0.852 + 0.009 0.906 + 0.013 0.918 + 0.006 0.956 + 0.021
Ours 0.976 & 0.005 0.977 £ 0.008 0.988 4 0.007 0.993 &+ 0.007

2025). With N = 4, the difference remains substantial, with our method reaching 0.989 4 0.003 versus 0.964 £ 0.002.

On SD v2.0, where detection is more challenging overall, the advantage of the joint feature space becomes even clearer.
With N = 1, our method achieves an F-score of 0.958 4= 0.010, substantially outperforming the best baseline, Asthana and
Belagiannis (Asthana & Belagiannis, 2026), at 0.833 £ 0.017. With N = 4, our method further improves to 0.980 £ 0.012,
while the best baseline reaches 0.914 4 0.007. The consistently low standard deviations across random splits indicate that
the decision boundary learned from the joint feature space transfers reliably to held-out prompts.

C. Detection Performance Across Time Steps

This appendix examines whether the our method signal persists across the entire denoising trajectory, rather than being
confined to a single time step. In the Sec. 5.1, all detection results are reported at the first denoising step (t = T"). Here we
evaluate our method independently at each time step ¢ along the DDIM schedule, computing AUC and TPR@ 1%FPR with
n = 4 samples on both SD v1.4 and SD v2.0.

Fig. 5 reports the results. On SD v1.4, both AUC and TPR@ 1%FPR remain consistently high across the entire denoising
trajectory. AUC stays above 0.99 at all time steps, and TPR@ 1%FPR remains above 0.97, with narrow confidence bands
throughout. This demonstrates that the discriminative power of the joint feature space is not confined to a particular noise
level but persists as a stable property throughout the generation process.

On SD v2.0, AUC also exhibits strong stability, remaining above 0.93 across all time steps. TPR@ 1%FPR, however, shows
a gradual decrease as t approaches zero, declining from approximately 0.99 at ¢ = T to around 0.74 at ¢ ~ 0. While the
detection signal remains meaningful at all time steps, the separation in the high confidence regime becomes less pronounced
at later stages of generation.

Overall, these results indicate that the heightened local sensitivity of memorized prompts is not a transient phenomenon tied
to a specific noise level, but rather a persistent characteristic that the denoiser exhibits throughout the generation process.

D. Detection on Another Model

To evaluate whether our joint detection method generalizes beyond the Stable Diffusion models, we conduct additional
experiments on Realistic Vision v5.1!, a community fine-tuned model based on Stable Diffusion v1.5. We use the memorized

"https://civitai.com/
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Table 5. Threshold transferability results for Recall and F1-score. We use 20% of prompts for threshold calibration and 80% for testing,
and report mean =+ standard deviation over 10 random splits.

SDvl.4
Method N=1 N =4
Rec. F1 Rec. F1
Ren 0.847 £+ 0.018 0.837 £ 0.008 0.858 4 0.026 0.843 £ 0.010
Wen 0.829 £ 0.014 0.870 £ 0.005 0.917 £0.014 0.943 £ 0.005
Hintersdorf 0.561 £ 0.002 0.656 £ 0.015 0.732 4 0.030 0.772 £ 0.011
Jeon 0.858 £ 0.008 0.898 £ 0.003 0.959 £ 0.005 0.964 £ 0.002
Asthana 0.820 £ 0.015 0.870 £ 0.005 0.918 & 0.016 0.944 £ 0.005
Ours 0.962 + 0.006 0.979 + 0.003 0.978 £ 0.005 0.989 + 0.003
SD v2.0
Method N=1 N =4
Rec F1 Rec F1
Ren 0.878 £ 0.051 0.756 £ 0.006 0.879 £ 0.059 0.756 £ 0.009
Wen 0.784 £ 0.037 0.787 £ 0.010 0.886 4 0.021 0.898 £ 0.006
Hintersdorf 0.804 £ 0.013 0.792 £ 0.006 0.879 & 0.018 0.897 £ 0.006
Jeon 0.686 £ 0.035 0.718 £ 0.015 0.852 £ 0.027 0.871 £ 0.005
Asthana 0.792 £ 0.034 0.833 £ 0.017 0.879 + 0.024 0.914 £ 0.007
Ours 0.944 + 0.023 0.958 +£0.010 0.967 4= 0.026 0.980 £+ 0.012

1.00 e~ ) 1.00
0.95 0.95

075 [—— AUC 0.75
—=— TPR @ 1% FPR

1000 800 600 400 200 0 1000 800 600 400 200 0

Time Step Time Step
(a) SDv1.4 (b) SD v2.0

Figure 5. Detection performance of our joint method across denoising time steps. Scores are computed by averaging over n = 4 samples,
and the procedure is repeated 25 times to obtain the mean and standard deviation.

prompt set provided by Webster (Webster, 2023) and follow the same evaluation protocol as in Sec. 5.1, computing detection
scores under both single sample (n = 1) and four sample averaging (n = 4) settings.

Table 6 reports the results. Our method achieves an AUC of 0.964 + 0.007 and TPR@ 1%FPR of 0.804 4 0.064 with a
single sample, improving to an AUC of 0.976 + 0.002 and TPR @ 1%FPR of 0.884 + 0.004 with four sample averaging.
These results demonstrate that the joint signal transfers effectively to a fine-tuned model without any modification to the
detection method, suggesting that the relationship between local sensitivity and memorization is not specific to the original
Stable Diffusion training but persists across model variants.

E. Additional Analysis on Condition Jacobian

This appendix provides supplementary evidence for the analysis in Sec. 3.2, where we showed that the memorization signal
in the condition Jacobian, as sensitivity, is concentrated near the target condition c rather than distributed along the entire
interpolation path from ¢y to c.

In Sec. 3.2, we further argued that the Frobenius norm ||.J.|| ¢ serves as a reasonable proxy for the directional sensitivity
|Je - All2. A natural concern is whether the heightened sensitivity of memorized prompts is concentrated specifically along
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Table 6. Memorization detection performance on Realistic Vision v5.1. Mean = standard deviation are reported over the resulting scores.

Method N=1 N=4
AUC 1 TPR@1%FPR 1 AUC 1 TPR@1%FPR 1
Ours 0.964 + 0.007 0.804 + 0.064 0.976 + 0.002 0.884 + 0.004
Memorized

6001 —e— Unmemorized

500 1

400 1

IJe - All2

300 4
200 1

100

_.’/“\‘\‘\,_,_’

T T T T T T
0.0 0.2 0.4 0.6 0.8 1.0
N

Figure 6. Per-segment contribution || J.(z¢,t, ¢(s:)) - Al|2 along the interpolation path from ¢y (s = 0) to ¢ (s = 1) on SD v2.0. The
same near-endpoint localization observed on SD v1.4 (Fig. 2 in the main text) is reproduced here.

the A = ¢ — ¢y direction, in which case ||J.||r would be a loose upper bound and a poor proxy. To investigate this, we
examine two comparisons on both SD v1.4 and SD v2.0.

First, Fig. 7a and Fig. 7c compare the directional sensitivity along A = A/||Al| with the average sensitivity along 20
random unit directions. Specifically, for each prompt we sample 20 independent random vectors vy, . . . , V3¢ uniformly on
the unit sphere in the condition embedding space, compute ||J; - v||2 for each, and take their average. If the sensitivity
were concentrated entirely along A, memorized prompts would appear far above the y = x line, since ||.J; - A||2 would be
much larger than the average over random directions. On SD v1.4, memorized prompts lie relatively close to the y = x line,
indicating that the sensitivity increase is distributed fairly uniformly across directions rather than concentrated along A.
On SD v2.0, memorized prompts tend to lie further above the y = x line, suggesting a relatively stronger concentration
along the A direction compared to SD v1.4. Nevertheless, the random direction sensitivity of memorized prompts is still
substantially elevated compared to non-memorized prompts on SD v2.0, confirming that the sensitivity increase is not
confined to the A direction alone but spread broadly across the condition embedding space. This supports the use of the
direction-agnostic Frobenius norm as a detection feature on both models.

Second, Fig. 7b and Fig. 7d directly compare ||.J..|| z with ||.J, - A||2. The dashed line in each plot indicates the expected
relationship under the assumption that the Jacobian acts isotropically. Under this assumption, the directional sensitivity
along any unit vector 4 satisfies

I -l = 1l
Vd

where d is the dimension of the condition embedding space. On SD v1.4, memorized prompts cluster near the isotropic
baseline, indicating that the sensitivity is distributed relatively evenly across directions, and ||.J.|| 7 captures the directional
sensitivity ||J. - A||2 well through the isotropic scaling alone. On SD v2.0, memorized prompts lie noticeably above the
isotropic baseline, reflecting the stronger concentration along the A direction observed in Fig. 7a and Fig. 7c. Despite this
deviation from isotropy, the key observation is that ||.J, - A || increases monotonically with ||.J,|| » on both models: prompts
with larger Frobenius norms consistently exhibit larger directional sensitivities. This monotonic relationship ensures that
||J. || = preserves the ranking between memorized and non-memorized samples, the Frobenius norm clearly separates the two
classes on both SD v1.4 and SD v2.0. This confirms that ||.J. || p serves as an effective proxy for the directional sensitivity
without requiring knowledge of the specific direction A.
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Figure 7. Directional vs. overall condition sensitivity. Left column: ||.J. - Al|2 against the average of ||J.. - v |2 over 20 random unit

vectors. Right column: ||.J. - Al|2 against ||.J.|| #; the dashed line shows the isotropic baseline ||J. || /v/d. Top row: SD v1.4. Bottom
row: SD v2.0.
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