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ABSTRACT

Image generative models are known to duplicate images from

the training data as part of their outputs, which can lead to pri-

vacy concerns when used for medical image generation. We

propose a calibrated per-sample metric for detecting mem-

orization and duplication of training data. Our metric uses

image features extracted using an MRI foundation model, ag-

gregates multi-layer whitened nearest-neighbor similarities,

and maps them to a bounded Overfit/Novelty Index (ONI) and

Memorization Index (MI) scores. Across three MRI datasets

with controlled duplication percentages and typical image

augmentations, our metric robustly detects duplication and

provides more consistent metric values across datasets. At

the sample level, our metric achieves near-perfect detection

of duplicates.

1 Introduction

Deep learning models for synthetic image generation are in-

creasingly used to address data scarcity, class imbalance, and

patient privacy concerns [1, 2]. However, these models can

exhibit problematic behaviors, such as memorizing training

data (data leakage) [3]. This risk is especially concerning in

medical applications, as it can compromise patient privacy by

reproducing personally identifiable data.

Validating the safety of these generative models requires

the use of no-reference image-quality metrics (NRIQMs),

since paired ground-truth images are typically unavailable for

direct comparison. Distributional fidelity metrics such as FID

and MMD [4], while useful for assessing visual quality, are

often counter-diagnostic for leakage. When duplicated train-

ing examples contaminate an evaluation set, the empirical test

distribution moves closer to the training distribution, causing

these scores to improve even as memorization increases [5].

Metrics designed specifically for duplication detection,

such as the CT-score [6], authenticity metric [7], or Vendi

score [8], also prove inadequate. These metrics are typically

developed using features from models (like InceptionV3)

trained on natural images. This feature space transfers poorly

to medical images, which are characterized by high anatom-

ical regularity and limited appearance diversity. In medical

images, clinically relevant variation is often subtle and lo-

calized. As a result, metrics based on natural-image features

tend to misinterpret acquisition noise as ªdiversityº or are

easily fooled by simple augmentations, failing to expose

near-duplicates [5].

Furthermore, comparing different no-reference image

quality metrics (NRIQMs) is complicated by arbitrary scal-

ing effects that vary across datasets. An ideal metric for

distribution-level comparisons should be robust to small per-

turbations (e.g., noise, small rotations) and provide a cali-

brated, consistent range of values to be interpretable (e.g., a

score near 0 indicating novelty and a score near 1 indicating

an exact copy) across different datasets. To our knowledge,

no existing NRIQM for medical data memorization satisfies

all these criteria.

We propose a novel, calibrated, multi-scale metric for de-

tecting data memorization in MRI datasets. Our method uses

features extracted from a domain-specific MRI foundation

model (MRI-CORE [9]) at multiple scales, capturing both

fine-grained textures and gross anatomical structures. We

validate our metric on three public MRI datasets (brain, knee,

and spine) [10, 11, 12] and show that it detects data leakage

more consistently than generic metrics and is significantly

more robust to common data augmentations. While tested

on MRI, our methodology is general and applicable to other

medical imaging modalities, provided an appropriate domain-
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specific feature space is used. The implementation code is

available at :- https://github.com/YashDeo-York/Mem-index

2 Methodology

We introduce a calibrated, multi-scale metric for slice-level

memorisation detection in MRI datasets. The pipeline com-

prises: (i) multi-layer transformer feature extraction, (ii) per-

layer whitening and similarity computation, (iii) multi-scale

aggregation and (iv) calibration via empirical null distribu-

tion. A high level overview of the Methodology is shown in

Figure 1.

Fig. 1. Overview of our methodology to calculate the Memo-

risation Index (MI) and the Overfit-Novelty Index (ONI)

2.1 Feature Extraction

We employ the MRI-CORE [9] foundation model (SAM

ViT-B encoder) pretrained on diverse MRI datasets. In ViT,

early layers tend to exhibit localized attention similar to early

convolutions in CNNs, while deeper layers progressively in-

crease their ’attention distance’ to integrate information more

globally [13]; Hence , we extract features from transformer

blocks k ∈ {3, 7, 11}, (from 11 total blocks) capturing repre-

sentations from early texture patterns to high-level anatomical

structures. For block k, spatial token outputs are reshaped to

F(k) ∈ R
Ck×hk×wk and spatially pooled via adaptive average

pooling:

f (k) =
1

hkwk

∑

u,v

F(k)[:, u, v] ∈ R
Ck (1)

We denote train/test pooled features by F
(k)
train = {f

(k)
i }

and F
(k)
test = {g

(k)
j }.

2.2 Whitening and Layer-wise Similarity

To render cross-layer similarities comparable, we apply ZCA

whitening [14] estimated on train features per layer. ZCA

whitening decorrelates features while maintaining the origi-

nal feature space, unlike PCA which rotates to principal com-

ponents. With mean µ
(k) and covariance C(k):

f̂ (k) = (f (k) −µ
(k))W(k), W(k) = (C(k) + ϵI)−1/2 (2)

where ϵ = 10−6 ensures numerical stability. Whitened vec-

tors are ℓ2-normalized. For each test sample j at layer k, we

compute the maximum cosine similarity to any training sam-

ple:

s
(k)
j = max

i

〈

ĝ
(k)
j

∥ĝ
(k)
j ∥2

,
f̂
(k)
i

∥f̂
(k)
i ∥2

〉

(3)

2.3 Multi-Scale Aggregation

Given the per-layer nearest–neighbour similarities s
(k)
j ∈

[0, 1] computed above for layers k∈K (here K = {3, 7, 11}),

we aggregate them into a single sample-level score via a geo-

metric mean:

sj =

(

∏

k∈K

(

s
(k)
j +ϵ

)

)1/|K|

= exp

(

1

|K|

∑

k∈K

log
(

s
(k)
j +ϵ

)

)

,

(4)

and define the distance dj = 1− sj and set ϵ = 10−6.

This log–average acts as a product-of-experts, rewarding

cross-scale consensus: a sample is scored as highly similar

only if it is simultaneously close across early, mid, and late

features. Relative to an arithmetic mean, it suppresses single-

layer outliers and penalizes cases where any scale fails to find

a close neighbor. For diagnostics, we also retain per-layer

neighbor indices and a consensus count (number of layers se-

lecting the same neighbor).

2.4 Calibration and Memorization Index

To establish significance thresholds, we construct an empir-

ical null distribution by bootstrapping the training set. We

randomly sample independent subsets A,B (50% of training

data, n = 10 iterations) and compute aggregated similarities

sA,B using the same whitening and aggregation pipeline. The

null parameters are:

µnull = E[sA,B ], σnull =
√

Var(sA,B) + 10−8 (5)

Test similarities are standardized into a Memorization

Index (MI) and mapped to a bounded Overfit/Novelty Index

(ONI):

MIj =
sj − µnull

σnull

, ONIj = − tanh(MIj) (6)

Values of ONI close to −1 indicate high similarity (po-

tential memorisation), values of ONI close to 0 indicate sim-

ilarity consistent with the null distribution (i.e., the typical,

expected similarity between two unrelated samples from the

training set) and values close to +1 indicate novelty.

3 Results

Experimental Setup: We evaluated our metric on three

MRI datasets: BRATS [15] brain tumour images (axial),



Table 1. Robustness to augmentations: standard deviation

across 8 augmentation types at each duplication level. Our

metric is 6–20× more stable than CT Score.

Dup
BRATS Spine Knee

CT Ours CT Ours CT Ours

5% 0.32 0.02 0.18 0.02 0.14 0.02

15% 0.87 0.05 0.47 0.05 0.39 0.05

30% 1.75 0.09 0.70 0.10 0.69 0.09

45% 2.73 0.14 0.85 0.14 0.92 0.14

Ratio 18× 9× 7×

knee/thigh images [12] (sagittal), and spine images (sagittal)

[10], each with 500 randomly selected slices divided into dis-

joint train and test sets. We introduced controlled duplication

by replacing test samples with randomly selected training

slices at 5%, 15%, 30%, and 45% duplication levels. To

assess robustness, the duplicates were perturbed with eight

augmentations: Gaussian noise (σ ∈ {0.01, 0.02}), rotations

(±3,±5), horizontal/vertical flips, and intensity scaling ([0.9,

1.1]). We tested the ability of our metrics (MI and ONI) to de-

tect this duplication and compared them against CT Score [6],

FID, MMD, AuthPct [7], and Vendi Score [8].

Metric responses to duplication under augmentations:

Fig. 2 shows the overall trends of each metric as the duplica-

tion level is increased for the different types of augmentations

applied. In general, every metric responded in some way

to increased duplication, with most metric exhibiting lower

sensitivity as more noise or small rotations were applied.

Interpretation of observed trends: As the percentage of

duplication increases, MI increases nearly linearly even in

the presence of augmentations (Fig. 2a). CT score also in-

creases, but is not always monotonic and exhibits a stronger

spread when augmentations are applied (Fig. 2b). FID/MMD

decrease with higher duplication (Fig. 2c–d), which could

falsely imply better image fidelity. The Vendi score provides

little/no usable signal (Fig. 2f), while AuthPct detects dupli-

cation well but is highly sensitive to the augmentation applied

(Fig. 2e).

Robustness over different augmentations. To measure how

consistent the metrics are to different image augmentations,

we computed statistics for the same score over different aug-

mentations. Table 1 quantifies the augmentation spread (stdev

across the 8 augmentations at each duplication level). MI is

6–20× more stable than CT on all three datasets (e.g., at 45%

leak on BRATS: 2.73 vs. 0.14; Spine: 0.85 vs. 0.14; Knee:

0.92 vs. 0.14), making it easier to interpret consistently.

Cross-dataset consistency: A metric whose scale shifts from

dataset to dataset is hard to interpret. We performed the du-

plicate detection experiments in three different MRI datasets

to test how consistent the metric values were. Table 2 re-

ports the coefficient of variation (CV) across datasets at each

duplication level. MI achieves 5.5× lower CV on average

Table 2. Cross-dataset consistency measured by coefficient of

variation (CV). Our metric achieves 5.5× better consistency,

enabling universal thresholds.

Duplication CT Score Our Metric Improvement

5% 0.683 0.163 4.2×

15% 0.441 0.069 6.4×

30% 0.225 0.035 6.4×

45% 0.229 0.019 12.0×

Mean 0.395 0.072 5.5×

Table 3. ONI scores for clean samples: stable across all con-

ditions (CV < 0.013), enabling universal threshold (ONI <

0.68).

Dataset Mean Std CV

BRATS 0.700 0.004 0.006

Knee 0.710 0.009 0.013

Spine 0.735 0.007 0.010

All 0.715 0.017 0.023

(0.072 vs. 0.395), with the largest gap at high levels of du-

plication (12× at 45%). This potentially enables universal

thresholds for duplication to be set, e.g., a CT value of ª−0.3º

is dataset-dependent, whereas MI or ONI has a stable range

of interpretation. Table 3 showcases clean ONI having sta-

bility across multiple datasets. This consistency / stability of

MI/ONI across datasets justifies their usage as early-leak de-

tectors across datasets.

Detection of duplicate samples (MI only): Unlike most

other metrics, our metric provides per-sample scores and can

be used identify (near) duplicate images. Detection perfor-

mance was quantified via ROC-AUC and average precision

(AP) using known duplication labels from synthetic contam-

ination. Table 4 shows AUC by augmentation: detection

is perfect (≈1.0) for clean, noise, and intensity; it remains

good under geometric transforms (e.g., rot±3◦: mean 0.871;

rot±5◦: 0.758; flips ≈0.73). This directly supports curation

(flagging/removing a small set of memorized slices), which

set-level metrics cannot address.

4 Discussion

We introduced a metric for detecting memorization that:

(i) is monotonic and augmentation-stable at the set-level,

(ii) avoids the misleading directionality of fidelity metrics

under duplication, (iii) maintains cross-dataset scale con-

sistency that permits universal thresholds, and (iv) provides

per-sample scores to identify and remove leaked training

images. Together, these properties turn memorization assess-

ment from a passive diagnostic into a practical curation tool

that complements fidelity metrics and improves the reliability

of image generative models. Our experiments establish three



Fig. 2. Metric response to duplication under augmentations. (a) MI increases near-linearly and remains tight across aug-

mentations. (b) CT spreads across augmentations, especially at higher duplication percentages. (c–d) FID/MMD decrease as

duplication increases, which can be misleading if used as the only quality metric. (e) AuthPct is highly augmentation-sensitive.

(f) Vendi shows little/no signal.

Table 4. Sample-level detection (AUC) by augmentation

type. Perfect detection (1.0) for clean/noise/intensity; good

detection (>0.72) for geometric transforms.

Augmentation Mean AUC Min AUC

Clean 1.000 1.000

Noise (0.01) 1.000 1.000

Noise (0.02) 1.000 0.999

Intensity Scale 1.000 1.000

Rotation (±3°) 0.871 0.805

Rotation (±5°) 0.758 0.711

H-Flip 0.733 0.626

V-Flip 0.727 0.635

Overall 0.886 0.626

practical properties of the proposed memorization detector.

First, at the set level, our distance increases monotonically

with duplication and remains tight across common augmen-

tations, matching the trend-signal of CT while being sub-

stantially more stable (Table 1) and more consistent across

datasets (Table 2). This matters because a metric whose scale

drifts by dataset is hard to interpret; CT’s starting points

vary widely, whereas our score (MI and ONI) exhibit small

cross-dataset CV, enabling universal thresholds.

Second, fidelity metrics (FID/MMD) decrease as du-

plication increases, which by construction suggests ªbetter

qualityº even when the generator is copying. This confirms

that fidelity should be paired with a memorization metric.

Vendi shows negligible sensitivity and AuthPct is highly

augmentation-dependent, limiting their diagnostic value.

Third, unlike set-level metrics, our method yields per-

sample scores and can recover the actual near-duplicate

pairs. Across datasets, ONI achieves near-perfect AUC for

clean/noise/intensity cases and remains effective under small

geometric changes (Table 4), making data curation actionable

(flag/remove a tiny subset) rather than merely observational.

Limitations and failure modes. Sensitivity under small ro-

tations and flips is lower than for appearance-preserving per-

turbations, especially at very low leak (5%). This is unsurpris-

ing given the local-invariance profile of the embeddings and

the calibration’s null. Two lightweight remedies are straight-

forward: (i) rotation/translation pooling of features before

nearest-neighbor aggregation, and (ii) incorporating mild ge-

ometric jitter into the empirical null for MI→ONI calibration.
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