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Abstract

Low-Rank Adaptation (LoRA) has made diffusion model
personalization affordable and widely shareable, but it also
creates moderation risks when harmful or problematic content
is not faithfully disclosed. Hence, it is desired to develop a
mechanism that, given a LoRA adapter, discovers the con-
cept it was trained to generate, so as to support downstream
investigation. We characterize the target concept through the
conditioning input that most clearly exposes what the LoRA
has learned. Such an input should induce coherent LoRA
outputs that are distinctive from those of the base model and
strongly align with the learned LoRA subspace. We therefore
formulate concept discovery as searching for the conditioning
input that jointly maximizes output coherence, LoRA-induced
distinctiveness, and subspace alignment. Even with a clear
objective, however, optimizing it over an open-ended input
space is prohibitively expensive, since reliable evaluation
of coherence and distinctiveness requires repeated diffusion
rendering. Crucially, we observe that an input need not be
rendered to determine whether it is promising. Its alignment
with the learned LoRA subspace provides a lightweight signal
for localizing promising candidates before visual verification.
Based on this insight, we develop a two-stage framework for
text-to-image LoRAs. Subspace-Guided Evolutionary Search
(SGES) uses render-free subspace alignment to explore can-
didate prompts and retain a compact shortlist, while Paired
Visual Identification (PVI) renders only these candidates and
compares the LoRA and base-model outputs to identify those
exhibiting coherent and distinctive generation behavior. This
design enables efficient and reliable discovery of previously
unknown concepts encoded in LoRA adapters.

1 Introduction

Diffusion models have substantially advanced text-to-image
(T2I) generation [5, 15,28,32,34-36]. Low-Rank Adaptation
(LoRA) [18] further reduces the cost of model customization
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and has become widely used for diffusion-model personaliza-
tion [40,48]. By learning compact low-rank updates, LoORA
can encode diverse visual concepts from only a small set of
training images [12,20]. Its low training and storage costs
have facilitated the widespread creation and sharing of cus-
tomized adapters [18,48].

However, this accessibility also creates substantial modera-
tion risks [2,37,39,42,46,54]. LoRAs can encode copyrighted
content, real-person identities, or NSFW concepts, and these
capabilities may not be faithfully disclosed by their upload-
ers [48,55]. A large-scale study of CivitAl analyzed 221,304
model assets and found that 15.27% (33,804) were flagged
as targeting real individuals [48]. Regulatory scrutiny has
also increased. For example, the U.S. TAKE IT DOWN
Act addresses non-consensual intimate imagery, including Al-
generated depictions [45], while the EU Al Act imposes trans-
parency requirements on deepfakes and other Al-generated
content [11]. Yet moderation on model-sharing platforms still
relies heavily on uploader-provided descriptions, tags, trigger
words, and sample images [48]; CivitAl and Hugging Face
illustrate the model-sharing setting [4, 19]. Such metadata
becomes unreliable when disclosure is incomplete or mislead-
ing [55]. Hence, it is desirable to develop a mechanism that,
given a LoRA adapter, discovers the concept it was trained to
generate.

Existing techniques provide only partial solutions to this
problem. Difference-discovery methods identify changes be-
tween a customized model and its base model [8, 10,22], but
LoRA adaptation often alters not only the primary training
target but also related or collateral content [22]. As a result,
detecting what has changed does not reveal which change best
represents what the adapter has learned. Concept-verification
methods take the opposite route: they test whether a prede-
fined concept is encoded by the LoRA, either through prompt
recovery [52] or direct model comparison [55]. Their effec-
tiveness, however, is bounded by the concepts specified in
advance. Both directions therefore leave the same funda-
mental question unresolved: when the hidden concept is
unknown, what exactly should LoRA forensics seek to


https://arxiv.org/abs/2610.18990v1

discover?

To answer this question, we characterize the hidden con-
cept through the conditioning input that most clearly exposes
what the LoRA has learned. A revealing input should in-
duce a coherent and meaningful output distribution under the
LoRA, make this distribution clearly distinctive from that of
the base model, and be strongly represented in the learned
low-rank subspace. These criteria capture complementary ev-
idence from generation behavior and model parameters: the
former establishes whether a stable LoRA-specific behavior
is revealed, while the latter indicates whether that behavior
is strongly supported by the adapter itself. We therefore for-
mulate hidden-concept discovery as searching for the condi-
tioning input that jointly maximizes output coherence, LoORA-
induced distinctiveness, and LoRA-subspace alignment.

However, even with this target well defined, solving the
resulting optimization is far from straightforward. The search
space of possible conditioning inputs is vast and open-ended,
while evaluating output coherence and LoRA-induced distinc-
tiveness requires repeated diffusion rendering. Crucially, we
find a strong correspondence between parameter-space align-
ment and generation-space evidence: inputs that align more
strongly with the learned LoRA subspace are substantially
more likely to induce coherent and distinctive LoRA-specific
behavior after rendering. This finding provides a render-free
signal for navigating the large input space, allowing expensive
visual evaluation to be concentrated on only a small set of
promising candidates.

Building on this finding, we develop a two-stage frame-
work for text-to-image LoRA forensics. We instantiate the
conditioning input as a textual prompt and first use Subspace-
Guided Evolutionary Search (SGES) to explore the open-
ended prompt space using LoRA-subspace alignment alone,
without diffusion rendering. SGES progressively concentrates
the search on highly aligned prompts and produces a com-
pact candidate set. Paired Visual Identification (PVI) then
renders only these candidates with both the LoRA and base
model and identifies those that exhibit coherent LoRA outputs
and clear LoRA-induced distinctiveness. In this way, large-
scale exploration is performed with a lightweight parameter-
space signal, while expensive generation is reserved for final
visual identification.

The main contributions of this work are as follows:

* We study the important problem of discovering previ-
ously unknown concepts encoded in LoRA adapters and
identify three essential characteristics of a valid forensic
target: output coherence, LoRA-induced distinctiveness,
and LoRA-subspace alignment. These characteristics
provide a principled basis for defining and quantifying
hidden-concept discovery.

* We uncover a strong correspondence between LoRA-
subspace alignment and LoRA-specific generation be-
havior, and exploit this finding to develop SGES and PVI.

The resulting framework performs large-scale search
without diffusion rendering and reserves expensive vi-
sual evaluation for only a compact set of candidates.

* We construct a benchmark covering diverse concept
types and scenarios, and compare against representa-
tive difference-discovery, prompt-recovery, and concept-
verification methods. We further introduce a distribu-
tional metric to evaluate how faithfully the discovered
result captures the hidden content encoded by the LoRA.

2 Background and Related Work
2.1 Diffusion Models

Diffusion models generate images by learning to reverse
a gradual stochastic noising process [5, 41]. Denoising
Diffusion Probabilistic Models (DDPMs) introduced an ef-
fective noise-prediction objective [15], while subsequent
work incorporated text conditioning and latent-space denois-
ing, enabling efficient and high-fidelity text-to-image genera-
tion [28,34-36].

Diffusion process. Let x( denote a clean image or its latent
representation. The forward process gradually adds Gaussian
noise according to [15,41]

CI(Xt ‘XI—I)ZN(\/OTtXt—la(l_(xt)I); (1)

where o, = 1 — B, and B; controls the noise level. Defining
0, = [T,_, 0, a noisy sample at timestep 7 can be obtained
directly as

X, = V/0Xo + Vv 1—0yE, e~ A(0,I). 2

A denoising network learns to predict the added noise and
iteratively reverses this process from Gaussian noise X7 to
Xo. Modern T2I models commonly perform denoising in a
compressed latent space and decode the final latent into an
image [35].

Text conditioning. For a text input x, a text encoder produces
contextual token representations C(x) € R%*LX¥) - where
L(x) is the token length and d, is the representation dimen-
sion. These representations condition the denoising network
through cross-attention [35,47]. Let F, denote intermedi-
ate visual features at timestep . The query, key, and value
projections are

Q=WyF,, K=WiC(), V=W,C{x). @3)

The query therefore depends on the evolving visual features,
whereas the key and value inputs are determined directly by
the text conditioning. This mechanism makes generation
sensitive to both the tokens in the text input and their context.

With text conditioning, the denoising network is trained
using the noise-prediction objective [15,35]

Lpm = ]Exo,x,t,E {HE — & (X”t’ C(x)) Hﬂ ' @



At inference time, classifier-free guidance [16] can further
strengthen text conditioning by combining conditional and
unconditional noise predictions:

ée = ge(xt7t7®)+n [SQ(X[,I,C(X)) —EG(XI,[,Q)] ’ (%)

where @ denotes the empty condition and 1 is the guidance
scale.

2.2 Low-Rank Adaptation

Parameter-efficient fine-tuning (PEFT) adapts large pretrained
models while updating only a small number of parame-
ters [1, 6, 17,23-25, 53]. Among PEFT methods, Low-
Rank Adaptation (LoRA) [18] has become widely used for
diffusion-model personalization [40,48]. LoRA keeps the
base model fixed and learns compact low-rank weight updates,
enabling visual concepts to be learned from relatively small
training sets with low training and storage costs [12,20].
Low-rank weight adaptation. Consider a pretrained weight
matrix Wy € R%uxdin T oRA freezes W and represents its
learned update as AW = BA, where A € R” Xdin B g Rourxr
and r < min(diy,doy) [18]. For an input z € R%n, the adapted
layer computes

h=Wyz+AWz, AW = BA. 6)

Only A and B are optimized, reducing the number of trainable
parameters from dindout t0 7(din + dout)-

In T2I diffusion models, LoORA modules can be inserted

into selected linear projections in the text encoder and de-
noising network [20]. The learned updates therefore modify
text representations, denoising behavior, or their interactions,
depending on the adapted sites. After training, the resulting
LoRA weights can be stored and shared independently of the
base model [18].
Input-space interpretation. The change introduced by a
LoRA update is Ah = AWz. Let AW = ULV denote its
compact singular value decomposition, with rank p, right
singular vectors {Vj}?zl, and singular values {Gj}?zl. The
magnitude of the LoRA response satisfies

P
1AR|I3 = |AWz]3 = )" &} (v, 2)*. @)
j=1

j=

Thus, the response largely depends on the alignment of the
input with each right singular vector. Inputs orthogonal to
the right singular subspace produce no LoRA response. The
leading right singular vectors therefore define the dominant in-
put subspace of the LoRA update, motivating our subsequent
parameter-space design.

2.3 Content Moderation for LoORA Adapters

Metadata-based review. Model-sharing platforms primarily
rely on uploader-provided descriptions, tags, trigger words,

and sample images to review shared adapters [48]. However,
such metadata cannot reliably reveal encoded content when
disclosure is incomplete or misleading [55].
Concept-agnostic difference discovery. Related methods
discover differences between models or their generated out-
puts without specifying a concept in advance. VisDiff [10]
describes semantic differences between image sets, Com-
pCon [8] searches for prompts that expose differences be-
tween T2I models, and DriftScope [22] identifies concept
changes caused by model adaptation. Discrete prompt opti-
mization [50] can likewise be adapted to search for LoORA-
base differences. However, adaptation may also affect col-
lateral concepts [22]; therefore, identifying what changes
does not determine which change best represents the creator-
intended concept. Output-based discovery can also require
extensive diffusion rendering during search [8, 50].
Concept-specified verification. A complementary direction
starts from a concept specified in advance. PEZ [52] recovers
prompts for a given concept, providing a way to test whether
that concept can be elicited from the LoRA model. PAIA [55]
more directly verifies whether a fine-tuned diffusion model
has learned a specified concept by comparing its denoising
behavior with that of the base model. While such verifica-
tion can be efficient for an individual concept, its coverage
is limited to concepts provided beforehand. Discovering an
unknown concept therefore requires repeated verification over
a potentially large candidate space.

Summary. Existing methods therefore either discover LoRA-
specific changes without identifying the creator-intended one,
or verify concepts that must already be specified. In con-
trast, our work formulates the creator-intended concept as the
dominant hidden concept and discovers it jointly from LoRA
parameter space and generation behavior.

3 Problem Formulation

3.1 Problem Setting

Suppose we are given a LoRA adapter 4 and its compati-
ble pretrained T2I base model B. Loading A4 into B yields
the LoRA-enabled model B4. The adapter may affect mul-
tiple concepts. We define the dominant hidden concept as
the creator-intended primary training target that is repeatedly
reinforced during adaptation, and distinguish it from collat-
eral concepts affected incidentally [22]. The moderator has
access only to A4 and B, without reliable metadata, known
trigger words, predefined concept queries, reference images,
or training data. The goal is to discover a carrier prompt p*
that reveals the dominant hidden concept encoded by 4.
Prompt-conditioned output distributions. Let X denote the
image space and let £ : X — R be a fixed semantic image
encoder [33]. We use its normalized representation
E(x)

0(x) = ECI (®)



Let P denote the prompt space and let Z ~ 1z represent
the randomness in diffusion generation. For a prompt p € P,
the semantic output of the LoRA-enabled model satisfies

Ya(p) = ¢(Ba(p.Z)) ~ Qal- | p), ©)

where Q4(- | p) denotes the prompt-conditioned semantic
distribution induced by B4 over diffusion randomness. Simi-
larly,

Y3(p) = 0(B(p,2)) ~ Q5(- | p), (10)

defines the corresponding prompt-conditioned semantic dis-
tribution of the compatible base model.

3.2 Dominant Hidden Concept Formulation

We characterize the dominant hidden concept from two com-
plementary views: generation behavior and LoRA parameter
space. A prompt revealing this concept should induce co-
herent LoRA outputs that are distinctive from those of the
compatible base model and align strongly with the dominant
input subspaces of the learned LoRA updates. We formalize
these requirements as output coherence, LoRA-induced dis-
tinctiveness, and LoRA-subspace alignment.

Output coherence. A prompt revealing the dominant hidden
concept should induce a coherent output distribution, with
little variation across diffusion samples generated from the
same prompt. Let C(-) denote a coherence functional over
output distributions, with larger values indicating stronger
coherence. We define the output coherence of prompt p as

Coha(p) = C(Qal- | p))- (1D

LoRA-induced distinctiveness. Output coherence alone is
insufficient, since a prompt may consistently produce a com-
mon concept that is already supported by the compatible
base model. A prompt revealing the dominant hidden con-
cept should therefore induce an output distribution distinct
from that of the base model. Let D(-,-) denote a discrepancy
functional between output distributions, with larger values
indicating greater discrepancy. We define the LoRA-induced
distinctiveness of prompt p as

Distg 3(p) = D(Qa(- | p),0s(-| p))- (12)

LoRA-subspace alignment. Output coherence and LoRA-
induced distinctiveness are still insufficient, since adaptation
may also affect collateral concepts [22]. We assume that the
primary training target is shared across concept-specific ex-
amples and is therefore expected to leave stronger evidence
in the leading input directions than incidental content. A re-
vealing prompt should consequently align strongly with these
directions. Let S4 denote the input subspaces spanned by the
leading right singular directions of the LoRA updates, and let
H(-,-) denote a prompt—subspace alignment functional, with
larger values indicating stronger alignment. We define

Aligng(p) = H(p,Sa)- (13)

Dominant hidden concept. The three properties jointly char-
acterize a prompt that reveals the dominant hidden concept.
We define the dominant carrier prompt as

p* € argmax | Cohg(p) + B Distg 5(p) +'yAlign/q(p)} ,

pEP
(14)
where o, ,7 > 0 balance the three components. The output
distribution induced by p* represents the discovered dominant
hidden concept, while p* serves as its carrier prompt.

3.3 Target-Concept Discrepancy

The formulation above defines the dominant hidden concept
but does not quantify how faithfully a discovered carrier
prompt reveals a given target concept. To provide such a
measure, let ¢ denote a target concept and P;ef its reference
image distribution. For X"°f ~ Pref, Jet
f f f

Y = o(x) ~ O, (15)
where Q™' is the corresponding distribution in the semantic
representation space. We represent the target concept by the
mean direction of its reference distribution:

¢ " Iuref

ref __ —ref __ c

He = IE:YNQEEf [Y]’ ,Lli - ||:urefH2 : (16)
c

The target-concept discrepancy of the carrier prompt p* is
then defined as

Aa(p"se) =1~ Byguep YA (7)

Since ¢(+) is £»-normalized, Equation (17) measures the ex-
pected cosine distance between the LoRA-enabled outputs
induced by p* and the semantic direction of the target concept
c. A smaller Ag(p*;c) therefore indicates that the discovered
carrier prompt more faithfully reveals the target concept.

In evaluation, we estimate the reference direction from a
finite set of reference images and average the cosine distance
over generated outputs. This quantity is used only for evalua-
tion and is unavailable during hidden-concept discovery.

3.4 Threat Model

We consider a model-sharing platform on which a creator
uploads a LoRA adapter whose dominant hidden concept is
not reliably disclosed [4, 19].

Creator capabilities. The creator controls the LoRA training
process and may omit or obscure information about the con-
cept encoded by the adapter, including its description, trigger
words, and example images.

Platform capabilities. The platform moderator has white-
box access to the uploaded adapter A4 and its compatible base
model B. The moderator may inspect the LoORA parameters
and query both B4 and B, but has no access to the training



data, known trigger words, predefined concept queries, or
reference images during discovery.

Moderator goal. The moderator aims to recover a carrier
prompt p* that satisfies the three desiderata formalized in
Equation (14), using only information available from A4 and
B.

4 Methodology

4.1 Framework Overview

Equation (14) characterizes the carrier prompt through out-
put coherence, LoRA-induced distinctiveness, and LoRA-
subspace alignment. Directly optimizing these properties
over the prompt space is impractical: the prompt space is
combinatorially large, while evaluating the two output-side
properties requires repeated diffusion rendering. We there-
fore develop SCOPE, a two-stage framework that separates
render-free prompt search from output-side identification, as
illustrated in Figure 1. SGES first uses an empirical alignment
score to localize a high-alignment shortlist without diffusion
rendering. PVI then renders only that shortlist, rejects candi-
dates whose LoRA-enabled outputs are less coherent than the
corresponding outputs from the compatible base model, and
ranks the survivors using cross-prompt consensus together
with an empirical distinctiveness score. The highest-ranked
candidate is returned as the dominant carrier prompt p*.

4.2 Subspace-Guided Evolutionary Search

SGES first addresses the LoRA-subspace alignment term in
Equation (14). Unlike the two output-side properties, this
alignment can be evaluated from the LoRA parameters and
text-conditioned representations without diffusion rendering.
SGES uses this signal to reduce the combinatorial prompt
space to a compact set of high-alignment candidates for sub-
sequent visual identification.

Text-conditioning sites. To obtain a render-free alignment
signal, SGES focuses on LoRA sites whose inputs are de-
termined by text conditioning and can be computed without
executing the diffusion denoising trajectory. We consider
LoRA sites in the text encoder and the key/value projec-
tions of text-facing cross-attention layers in the denoising
backbone [32, 35]. For the U-Net-based models studied in
this work, we group the retained sites into text-encoder te,
down-path down, and up-path up groups. Let J, denote the
retained LoRA sites in group b, and define the groups present
in adapter 4 as

Ga = {b € {te,down,up} : | 7| > 0} . (18)

denote the three site groups, and let J, denote the retained
LoRA sites in group b € G4. Architecture-specific site selec-
tion and grouping details are provided in Appendix A.1.

For a text input x and a retained site s € Jp, let
H(x) = [hy1(x),... . hy g (x)] € REED (19)

denote the text-conditioned input sequence at site s, where
L(x) is the tokenized sequence length and u indexes a token
position. We denote the £,-normalized representation at posi-
tion u by h; ,,(x).

Dominant input subspaces. For each retained LoRA site s,
the learned weight update can be written as AW, = B;A; =
USESVST. For an input representation h, the response AWh
is determined by the projections of h onto the right singular
vectors of AW;. Accordingly, the right singular vectors as-
sociated with the largest singular values therefore define the
dominant input subspace of the LoRA update. We retain the
top-k directions {VS’]'}I;ZI as the dominant input subspace at
site s.

Site-position alignment. Given the dominant input directions
at site s, we measure the alignment of each token position
with these directions.

k ~ 2
8s.u ()C) = H |:(VI/'hS,u ()C)) :| : (20)
Jj=1

The product favors token positions that align consistently
across the retained dominant directions, rather than exhibiting
a strong projection onto only one direction.
Composed-word discovery. The tokenizer vocabulary con-
sists of lexical units that may represent only fragments of a
word [33,38]. A candidate word may therefore span multiple
tokenizer units. SGES performs composed-word discovery
separately for each site group, combining promising units into
candidate words before prompt-level search.

For a candidate word w composed of one to three lexical
units, let L(w) denote its tokenized sequence length. Because
different LoRA sites may respond most strongly at different
positions, we identify the position jointly supported by the
sites in group b:

/191
up(w) = argmax [H gs,u(w>] : (1)
1<u<L(w) | s,
We then score the candidate by
1
Sp(w) =1 Y Soupony (W) (22)

SETp

This selection favors positions whose alignment is consis-
tently supported across LoRA sites in the same group. SGES
progressively extends high-scoring lexical units into two- and
three-unit candidate words; detailed construction rules are
provided in Appendix A.2.

Atomic candidate pools. SGES forms its prompt-search
units from vocabulary words, the composed words discovered
above, and common phrases. We refer to each such unit as an
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Figure 1: End-to-end SCOPE workflow. Training data, trigger words, predefined concept queries, and reference images are
unavailable during discovery. Given only a LoRA adapter and its compatible base model, SGES extracts leading LoRA input
subspaces, constructs Atomic pools, and performs SAS-guided evolutionary search to produce Pypor; Without diffusion rendering.
PVI renders the shortlisted prompts with the LoRA-enabled and base models under matched seeds, filters and ranks them
using coherence, cross-prompt consensus, and LoRA-induced distinctiveness, and returns the top-ranked prompt p* with its

LoRA-enabled generated images.

Atomic. An Atomic may span multiple tokenizer positions
but is treated as a single unit during prompt search.

For an Atomic a occurring in the text context x, let pos,(a)
denote its token positions. Its response in site group b is
defined as

1
|,71;| s, uepos (a)

Rb(a | x) 8s, u( ) (23)

Each LoRA site therefore contributes the position within a
that aligns most strongly with its dominant input subspace.

To construct compact search pools, each Atomic is first
evaluated in isolation using Rp,(a | a) and assigned to the site
group in which it ranks highest. Each group retains its top-
ranked Atomics, forming the candidate pool (. This reduces
the lexical search space while preserving candidates that ex-
hibit strong LoRA-subspace alignment. Pool construction
details are provided in Appendix A.3.
Prompt-level alignment. LoRA-subspace alignment is con-
text dependent, so Atomics that score highly in isolation may
no longer receive high scores when combined into a prompt.
SGES therefore re-evaluates each Atomic in the context of the
complete prompt. Each present site group contributes three
Atomics:

p= [aéa]begﬂ,izl,zg? a, € Gp. (24)

We instantiate the abstract alignment functional H (p,Sg) in
Equation (13) using the Subspace Alignment Score (SAS):

Aligna(p) £ SAS(p) = 3|§al Y ZRb dy|p). (25)
b

CGqi=

SAS measures prompt-level LoRA-subspace alignment af-
ter contextual interaction among its Atomics.
Evolutionary prompt search. Although the Atomic pools
substantially reduce the search space, exhaustive enumeration
remains impractical because SAS(p) depends on the com-
plete prompt context. SGES therefore performs evolutionary
search [27] using SAS(p) as the fitness function. The result-
ing high-alignment prompts form the shortlist Psport, Which is
passed to PVI for visual identification. The evolutionary oper-
ators and shortlist construction are detailed in Appendix A.4.

4.3 Paired Visual Identification

SGES reduces the full prompt space to candidates with strong
LoRA-subspace alignment, but alignment alone does not guar-
antee that their generated outputs reveal a coherent LoRA-
specific concept. PVI therefore evaluates the two output-side
properties in Equation (14): output coherence and LoRA-
induced distinctiveness. It first filters unstable LoRA re-
sponses, then uses cross-prompt consensus to suppress visual
outliers, and finally combines consensus with LoRA-induced
distinctiveness to identify the dominant carrier. Figure 2 mir-
rors these two stages.

Paired output samples. For each prompt p € Pypor, PVI eval-
uates By and B using the same R random seeds {z,}X_|. We
denote the resulting realizations of Y z(p) and Yg(p) from
Equations (9) and (10) by y’;(p) and y/(p), respectively.
Using matched seeds controls diffusion randomness when
comparing the LoRA-enabled and base models [13].
Intra-prompt coherence filtering. We instantiate the co-
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Figure 2: Two-stage PVI workflow. Intra-prompt coherence
filtering first forms P} by retaining prompts whose LoRA-
enabled outputs are at least as coherent as the correspond-
ing outputs from the compatible base model under matched
seeds. Inter-prompt concept identification then ranks the
survivors using two complementary signals: cross-prompt
consensus down-ranks isolated candidates whose images are
visually anomalous relative to the recurring cross-prompt
pattern, while LoRA-induced distinctiveness favors prompts
whose LoRA-enabled outputs are separated from the base-
model outputs, providing evidence of LoRA-specific behavior.
Their combined PVI score returns the top-ranked complete
prompt p* together with its LoRA-enabled generated images.

Top-ranked prompt p*

herence functional C(-) in Equation (11) using the average
pairwise cosine similarity across random generations. For
X € {4, B}, we define

2

Cohy (p) £ (%) ¥k (p).  @0)

(R - 1) 1<r<r'<R

A fixed coherence threshold is unsuitable because different
concepts naturally exhibit different output variation. We there-
fore use the compatible base model under the same prompt
as an adaptive reference. Since the adapter is trained to rein-
force its encoded concept, a revealing prompt should yield
LoRA-enabled outputs at least as coherent as the correspond-
ing outputs from the compatible base model. We thus retain

2 = {p € Ruon | Coha(p) > Coha(p)}.  @7)

Inter-prompt concept identification. After intra-prompt fil-
tering, let ?; = {pi,..., pu} denote the surviving candidates.

Although their LoRA-enabled outputs are stable, some can-
didates may still be visual outliers. Such outliers can appear
highly distinctive from the base model without representing
the dominant concept. PVI therefore combines cross-prompt
consensus with LoRA-induced distinctiveness for concept
identification.

For each candidate p;, we define its cross-prompt consensus
as

Cona(pi) ——Z Z Ya(pi))
Z R

"Valpy).  (28)

A larger Con g (p;) indicates stronger agreement with the other
surviving candidates and thus a lower likelihood of being a
visual outlier. Outputs are compared under matched random
seeds to reduce variation from diffusion randomness.

We next instantiate the LoRA-induced distinctiveness in
Equation (12) using the average cosine dissimilarity between
the LoRA-enabled outputs of p; and the base-model outputs
across the surviving prompts:

- M | R
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A larger Dist a,8(pi) indicates stronger separation from the
base-model outputs.

PVI combines cross-prompt consensus with the empirical
distinctiveness score above:

PVI(p;) = Cong(p:) + ADista z(pi), (30)

where A > 0 balances the two terms. The highest-scoring
candidate is returned as the dominant carrier prompt p*.

5 Evaluation

5.1 Evaluation Setup

Benchmark and models. We evaluate SCOPE on LoRA
adapters from the SD1.5 and SDXL model families [32, 35,
43,44]. The benchmark spans real identities, synthetic identi-
ties, anime characters, and artistic styles, and combines public
adapters [4,19] with identity adapters trained under controlled
settings. Each adapter is paired with a compatible base model
from the same model family. Appendix B.1 gives the bench-
mark composition; Appendices B.2 and B.3 give the local
training and data-construction procedures. We keep these
cohort details in the appendix and state below whenever a
result uses a restricted subset.

Baselines. Hidden-concept discovery requires identifying an
unknown concept without a predefined concept, and few ex-
isting methods directly address this setting. To enable broad
comparison, we evaluate seven representative methods from
closely related tasks. These methods can be broadly grouped
into two categories:



» Concept-agnostic difference discovery. DriftScope [22],
CompCon [8], VisDiff [10], and DPO-Diff-EPO [50]
share the goal of exposing differences between model
behaviors without assuming a predefined concept. We
adapt them to compare the LoRA-enabled model with
its compatible base model and interpret the discovered
LoRA-specific differences as candidate hidden concepts.

e Concept-specified verification. PEZ [52] recovers
prompts from example images of a specified con-
cept, which we use to query the LoRA-enabled model.
PAIA [55] instead directly verifies whether a specified
concept is encoded by comparing the denoising behav-
ior of the LoRA-enabled and base models. All three
methods require the concept to be specified beforehand,
so their coverage is limited to the candidate concepts
examined.

Detailed baseline adaptations are provided in Appendix B.4.
Evaluation metric. Equation (17) defines the discrepancy be-
tween the outputs induced by a discovered carrier prompt and
the semantic direction of a target concept. In evaluation, let
9+ ={yi}}_, and K = {r;}""_, denote finite samples from
Q4(-| p*) and Q™, respectively. We estimate the reference

c
concept direction by

¢ 1 ﬁref
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The empirical target-concept discrepancy is then
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§ince the semantic representations are ¢, normalized,
Az(p*;c) is the average cosine distance between the gener-
ated outputs and the estimated semantic direction of concept
c. A smaller discrepancy indicates that the discovered carrier
more faithfully reveals the target concept.

Implementation details. SGES retains the top k = 2 right
singular directions at each selected LoRA site. Each present
site group retains 50 Atomic candidates, including 30 to-
ken candidates and 20 phrase candidates. Evolutionary
search uses a population of 48 for 100 generations and
is repeated over three independent runs. PVI uses R =
5 paired generation seeds and sets A = 0.5. We use
openai/clip-vit-large-patchl4 [29,33] for PVI and fi-
nal evaluation. For each evaluated prompt, we generate n = 10
images and separately generate m = 10 held-out references
using disjoint random seeds; references are never available
during discovery. All image generation follows the compati-
ble configuration of each benchmark case. Experiments run
on NVIDIA A40 GPUs. The precise text-conditioning sites,
composed-word procedure, Atomic-pool construction, and
evolutionary shortlist are documented in Appendices A.l1-
A4

Table 1: Hidden-concept discovery on the common faithful
SD1.5 cohort. Concept Input indicates access to target exam-
ples. Entries report mean target-concept discrepancy within
each category; Mean is adapter-weighted across adapters.
Lower is better.

Concept Synthetic
Method Input RealID| ID] Anime | Mean |
DriftScope X 0.451 0437 0416 0435
CompCon X 0.543 0462 0404 0475
VisDiff X 0.396 0.333  0.393 0.383
DPO-Diff-EPO X 0.552 0449 0490 0.509
PEZ v 0.171 0.196  0.190 0.183
Ours X 0.078 0.178 0.123 0.114

5.2 Main Results
5.2.1 Hidden-Concept Discovery

Table 1 compares the semantic fidelity of the returned
prompts using the target-concept discrepancy in Equa-
tion (17). DriftScope, CompCon, VisDiff, DPO-Diff-EPO,
and SCOPE receive no predefined concept during search.
PEZ is instead supplied with target-concept images, provid-
ing a reference-assisted comparison.

Results. SCOPE achieves the lowest discrepancy for every
category, with an adapter-weighted mean of 0.114. VisDiff is
the strongest comparison method under the same no-concept-
input setting, with a mean of 0.383; SCOPE reduces this
discrepancy by 70.2%. PEZ benefits substantially from its
target images and reaches 0.183, yet SCOPE further reduces
its discrepancy by 37.7% without receiving a concept name,
trigger, or target example.

The category-level results follow the same ordering. For

real identities, SCOPE reaches 0.078, compared with 0.396
for VisDiff and 0.171 for PEZ. For synthetic identities, it
reaches 0.178, improving on 0.333 for VisDiff and 0.196 for
PEZ. For anime characters, it reaches 0.123, compared with
0.393 and 0.190, respectively. Thus, the overall gain is sup-
ported by all three categories rather than being driven by one
concept type.
Analysis. The separation from the concept-agnostic base-
lines highlights the difference between exposing an arbitrary
LoRA-base change and identifying the adapter’s dominant
hidden concept. A LoRA can alter several concepts or visual
attributes, so a prompt that maximizes a behavioral differ-
ence need not reveal the encoded target concept. SCOPE
adds two complementary sources of selectivity: SGES prior-
itizes prompts supported by the leading input subspaces of
the LoRA updates, and PVI retains coherent responses that
recur across high-alignment prompts and remain distinctive
from the compatible base model. The component results in
Section 5.3.1 directly isolate these contributions.

PEZ provides an informative second comparison. Its



Table 2: Concept-specificity verification with one target and
one fixed non-target query per adapter. PEZ and PAIA receive
the queried concept, whereas SCOPE uses its fixed discov-
ered prompt. Higher is better.

Method Accuracy T Precision T Recall T F11

PEZ 0.941 0.959 0.922  0.940
PAIA 0.951 0911 1.000 0.953
Ours 0.980 0.980 0.980  0.980

improvement over the concept-agnostic baselines confirms
that target images offer strong guidance for prompt recov-
ery. SCOPE nevertheless achieves a lower discrepancy in
every category without this guidance. This result is consis-
tent with the paper’s central premise: the adapter parameters
themselves contain useful evidence for localizing the dom-
inant concept, and output-side identification can turn that
evidence into a prompt whose generations match the target.
The comparison therefore tests the deployment setting di-
rectly: whether an unknown target can be localized from a
submitted adapter, rather than whether a supplied target can
be reproduced.

5.2.2 Concept-Specificity Verification

The discrepancy experiment above measures how closely a
returned prompt reveals the target. We next test the comple-
mentary property of concept specificity: whether the same
evidence distinguishes the target from a non-target concept
instead of merely expressing a broad category or incidental
attribute. For each adapter, we form one positive query using
its ground-truth concept and one negative query using a de-
terministically selected non-target concept. This produces a
balanced evaluation with identical queries for all methods.

PEZ and PAIA receive the queried concept before making
each decision. In contrast, SCOPE first discovers p* without
a concept query and then uses that same fixed prompt for both
its target and non-target decision. For PEZ and SCOPE, we
apply the pre-specified threshold T = 0.3 to the target-concept
discrepancy:

$(Fic)=1 [Kﬂ,.(p;c) < fc} . 1=03. (33

Here p = p* for SCOPE and is the prompt recovered from the
supplied query images for PEZ. PAIA uses its native binary
decision rule.
Results. Table 2 shows that SCOPE achieves the highest
accuracy, precision, and F1, all at 0.980, while also reach-
ing 0.980 recall. PAIA attains perfect recall but has lower
precision of 0.911, indicating that its operating point favors
positive decisions. PEZ has higher precision of 0.959 than re-
call of 0.922, showing the opposite imbalance. In comparison,
SCOPE obtains equal precision and recall while improving

overall accuracy and F1. The advantage therefore comes from
treating target and non-target decisions more evenly rather
than optimizing only one side of the binary task.
Analysis. These results complement the continuous fidelity
measurement in Table 1. A low discovery discrepancy shows
that the returned prompt reveals the intended concept, while
high specificity additionally requires rejecting a controlled
non-target. The 0.980 precision and recall show that the fixed
p* supports both properties. In particular, the result is ob-
tained without query-conditioned search: SCOPE discovers
the prompt once and then evaluates it against both concepts.
PEZ and PAIA begin from the concept being tested,
whereas SCOPE must first determine what concept the
adapter predominantly encodes. Its higher accuracy and F1
therefore show that open-ended discovery can produce evi-
dence useful for a subsequent concept-specific decision. To-
gether, Tables 1 and 2 establish two distinct properties of the
returned prompt: semantic fidelity to the hidden target and
specificity against a non-target concept.

5.2.3 Composition of the Top-Ranked Prompt

Figure 3 shows how the content of the top-ranked prompt re-
lates to the training trigger and encoded concept. For Chun-Li,
the complete chunli string occurs inside several Composed-
word Atomics; for Brad Pitt, brad and pitt recur inside
different Composed-word Atomics. These examples demon-
strate the value of BPE-aware composition for names rep-
resented by multiple lexical units. For Elise Rowan, both
trigger words are recovered as separate Word Atomics. The
Watercolor example follows a complementary semantic route,
combining watercolour with target-related descriptions.

Because SGES selects Atomics by alignment with the dom-
inant LoRA input subspaces, literal fragments and semantic
descriptions can jointly activate the encoded concept. Ex-
act trigger recovery is not the discovery objective: a carrier
prompt succeeds when its LoRA-enabled outputs reveal the
encoded concept. Semantically related or partially overlap-
ping Atomics can therefore be sufficient even when p* does
not reconstruct the training trigger.

5.2.4 Visual Discovery Results

Figure 4 makes the quantitative result visually concrete. For
both Chun-Li and Julian Frost, generations from SCOPE’s
top-ranked prompts preserve the defining identity visible in
the references. PEZ is the closest comparison method and
is additionally given target-concept images; in the anime
example, however, it recovers the anime domain rather than
the same character. In the examples shown, the remaining
methods return different identities, characters, or incidental
visual patterns. In contrast, SCOPE reveals both hidden
identities without any target-concept information, showing
that the parameter-guided search recovers the dominant LoORA



Atomic type: |Word IComposed word:

Relation to trigger:

Literal trigger overlap

Target-related  Unrelated/Noise

Category Trigger token Top-ranked prompt
Anime
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Real ID
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Brad Pitt brad pi
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Style
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Figure 3: Composition of representative top-ranked prompts. The first column reports each LoRA category and concept, the
second gives its training trigger revealed only after discovery, and the third decomposes p* returned by SCOPE. Solid blue,
dashed purple, and dotted ochre borders denote Word, Composed-word, and Phrase Atomics. In p*, red text marks literal trigger
overlap, italic green text marks target-related descriptions, and black text marks unrelated/noise. All annotations are added post

hoc and are never used by discovery.

concept rather than only a conspicuous output difference.

5.2.5 Discovery Across Backbones and Concept Types

Figure 5(b) shows that the same discovery procedure pro-
duces concept-aligned prompts on both SD1.5 and SDXL,
with all concept-type means below 0.3. For real identities,
synthetic identities, and anime characters, discrepancies are
0.078, 0.178, and 0.123 on SD1.5 and 0.111, 0.212, and
0.173 on SDXL. Style discovery reaches 0.264 on SD1.5 and
0.249 on SDXL, extending the method to concepts defined
by shared visual attributes rather than one identity.

Figure 5(a) makes this result visible. The oil-painting
prompts reproduce painterly texture and color treatment
across different subjects, while the stained-glass prompts
reproduce segmented geometry, dark leading, and luminous
color across different scenes. The returned prompts therefore
recover the shared high-level style instead of copying one
reference subject.

5.3 Ablation Study

We isolate the contribution of the two pipeline stages, the
LoRA input directions used by SGES, contextual prompt
search, and site-specific Atomic pools. Appendix C.1 addi-
tionally evaluates the retained subspace dimension.

5.3.1 Impact of the Core Components

CW denotes composed-word discovery; Coh., Cons., and
Dist. denote intra-prompt coherence filtering, cross-prompt
consensus, and LoRA-induced distinctiveness. Composed-
word discovery first enriches the lexical search space: remov-
ing it raises the mean from 0.114 to 0.122, with the largest
change for real identities (0.078 to 0.092). This agrees with
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Table 3: Contributions of SGES, PVI, composed-word dis-
covery, and the three PVI operations. Each row removes one
component and reruns discovery; lower target-concept dis-
crepancy is better.

Variant Real ID | Synthetic ID | Anime | Mean |
w/o SGES 0472 0.313 0.344 0.393
w/o PVI 0.096 0.192 0.138  0.130
w/o CW 0.092 0.180 0.126  0.122
w/o Coh. 0.087 0.187 0.131  0.123
w/o Cons.  0.164 0.238 0.242  0.208
w/o Dist. 0.083 0.179 0.128 0.119
Full 0.078 0.178 0.123 0.114

Figure 3, where multi-unit names are recovered through com-
posed Atomics.

SGES then converts this richer vocabulary into parameter-
supported prompt candidates. Removing SGES and sampling
from the raw lexical source raises the mean to 0.393, the
largest change in Table 3. PVI acts on the resulting SGES
shortlist; removing it raises the mean to 0.130, showing
that output-side identification adds a consistent gain after
parameter-guided search.

The PVI ablations follow its processing order. Intra-prompt
coherence filtering removes unstable candidates and improves
the mean from 0.123 to 0.114. Cross-prompt consensus pro-
vides the largest identification gain: without it, the mean rises
to 0.208 and anime discrepancy rises from 0.123 to 0.242,
confirming the value of down-ranking visual outliers that
do not recur across other high-alignment prompts. LoRA-
induced distinctiveness then favors outputs introduced by the
adapter, improving the mean from 0.119 to 0.114. Together,
the components form a connected progression from BPE-
aware candidates, to parameter-guided localization, to visual



Reference VisDiff DPO-DIff-EPO

Anime
Chun-Li

Synthetic ID
Julian Frost

Figure 4: Visual comparison of hidden-concept discovery for an anime character and a synthetic identity. Reference images are
generated by the LoRA-enabled model under verified trigger prompts; the remaining columns show LoRA-enabled generations
under each method’s returned prompt. PEZ receives target-concept images, whereas SCOPE and the other displayed methods
receive no target-concept input.

Oil Painting Stained Glass
SD1.5 SDXL

=
a; ==
Y

SDXL

I SD1.5 [@m SDXL

0.30
0.264

Reference
Target-concept discrepancy, A, (L)

Real ID Synthetic ID Anime Style

(a) Qualitative style discovery (b) Discrepancy by concept type and backbone

Figure 5: Discovery across backbones and concept types. (a) Trigger-prompt generations (top) and generations from SCOPE’s
top-ranked prompts (bottom) for two styles on SD1.5 and SDXL. (b) Mean target-concept discrepancy by concept type and
backbone; lower is better.

update subspace or a dimension-matched random orthonormal
subspace.

Table 4 gives the same strict ordering in every category.
Leading directions achieve a mean discrepancy of 0.114, com-

Table 4: Effect of LoRA input-direction selection at k = 2.
Random uses a dimension-matched orthonormal subspace;
lower target-concept discrepancy is better.

Direction Real ID | Synthetic ID | Anime | Mean | pared with 0.334 for random directions and 0.398 for trailing
Random 0.396 0.258 0.301 0.334 directions. Because the random control has the same dimen-
Trailing 0.485 0.343 0.327  0.398 sion, low dimensionality alone does not explain the gain.
Leading  0.078 0.178 0.123  0.114 Singular-value ordering concentrates the LORA evidence that

SGES uses to localize hidden-concept prompts. The dimen-
sion sensitivity in Appendix C.1 further gives means of 0.128,
identification. 0.114, and 0.127 for k = 1,2,4, respectively; k = 2 is best,
and the tested range varies by at most 0.014.

5.3.2 TImpact of the LoRA Subspace Selection

] ) ] 5.3.3 Impact of the Search Strategy
This experiment tests the parameter-space signal at the center

of SGES. We fix k = 2 and replace the leading right-singular This experiment holds the group-specific Atomic pools, short-
directions with either the final two directions in the effective list budget, and PVI stage fixed and changes only how com-
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Table 5: Prompt-search strategies over identical group-
specific Atomic pools with fixed shortlist and PVI budgets.
Lower target-concept discrepancy is better.

Strategy Real ID | Synthetic ID | Anime | Mean |
Greedy 0.148 0.217 0.180 0.173
Random 0.107 0.191 0.138  0.135
Evolutionary 0.078 0.178 0.123 0.114

Table 6: Contribution of text-encoder (TE), U-Net up-path
(UP), and U-Net down-path (DOWN) site groups. One
Bucket merges candidates from all retained sites; lower target-
concept discrepancy is better.

Variant Real ID | SyntheticID | Anime | Mean |
One Bucket  0.097 0.183 0.156  0.136
w/o TE 0.091 0.180 0.150  0.131
w/o UP 0.136 0.250 0.203  0.183
w/o DOWN  0.112 0.271 0.133  0.151
Full 0.078 0.178 0.123  0.114

plete prompts are selected. Greedy combines the strongest
standalone Atomics, Random samples from the already con-
structed Atomic pools, and Evolutionary re-encodes each
complete prompt and optimizes its contextual SAS. Thus,
Random here differs from w/o SGES in Table 3: it retains
SGES’s parameter-enriched Atomic pools rather than sam-
pling from the raw lexical source.

Table 5 shows the same ordering in every category. Ran-
dom reaches 0.135, demonstrating that the group-specific
Atomic pools already contain useful signal. Greedy reaches
0.173 because Atomics that align well alone need not re-
main optimal after contextual encoding. Evolutionary search
reaches 0.114 by optimizing the complete prompt in context,
improving on both fixed alternatives.

5.3.4 Impact of the Site Grouping

Table 6 separates access to LoRA sites from the organization
of their evidence. One Bucket retains all selected sites but
merges their candidates, increasing mean discrepancy from
0.114 to 0.136. Separate pools therefore add value even when
no site is removed: they preserve complementary evidence
and prevent one pathway from dominating prompt construc-
tion.

The removal results show how those contributions combine.
Excluding UP has the largest overall effect, increasing the
mean to 0.183. Excluding DOWN is especially costly for
synthetic identities, increasing their discrepancy from 0.178
to 0.271, while excluding TE also degrades every category.
These distinct category profiles explain why the full method
constructs prompts from all available site groups.
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Table 7: Discovery under matched human-readable and
opaque-trigger training. Each pair shares its data and op-
timization settings and differs only in the trigger; Ayjg is
opaque minus human-readable discrepancy. Lower is better.

Human-

Model Concept readable | Opaque | Agjg |
Real ID 0.078 0.224  +0.147

SD1.5 SyntheticID  0.178 0.292  +0.114
Overall 0.112 0.247  +0.136

Real ID 0.111 0.204  +0.093

SDXL SyntheticID  0.212 0.358  +0.145
Overall 0.146 0.257  +0.111
Combined 0.129 0.252  +0.123

5.4 Robustness to Concealed Triggers and
Adaptive Training

We evaluate two increasingly targeted challenges: an opaque
training trigger that removes semantic disclosure, and adap-
tive training that disperses the dominant LoRA input sub-
spaces used by SGES.

5.4.1 Discovery Under Opaque Triggers

Each controlled identity is represented by a matched human-
readable and opaque-trigger adapter on both backbones. A
pair shares training images and optimization settings and
differs only in its caption trigger. Neither trigger is available
during discovery. For each pair, we define

~

Aig = A-qopaque (p gpaque s¢) — Aﬂrcadablc (p :eadable; c). (34

Table 7 shows that replacing readable names with opaque
strings increases the combined mean discrepancy from 0.129
to 0.252. Nevertheless, the opaque-trigger means remain
0.247 on SD1.5 and 0.257 on SDXL, and the combined mean
remains below the evaluation threshold of 0.3. Thus, SCOPE
continues to expose substantial concept evidence even when
the training trigger provides no human-readable semantics.
Because neither trigger is supplied during discovery, this ro-
bustness comes from evidence encoded in the adapter rather
than direct access to the trigger text.

5.4.2 Adaptive Training: Subspace Dispersion

We next evaluate a creator who knows that SGES uses the
dominant LoRA input subspaces and adds a fixed spectral-
dispersion regularizer during training. The creator does not
know the retained dimension, inspected sites, or other discov-
ery hyperparameters. The attack counts as a successful eva-
sion only when the creator’s fixed trigger prompt still reveals
the target but the top-ranked prompt returned by SCOPE does



Table 8: Adaptive subspace-dispersion attack. Prompt
columns report mean target-concept discrepancy under at-
tacked adapters. Conditional evasion is measured only among
adapters whose fixed trigger prompt preserves target genera-
tion,

Trigger Top-ranked Utility (Conditional
Prompt | Prompt | Preserved T Evasion |

0.153 0.162 86.2% 4.0%

Attack

Dispersion

not. Appendix D gives the threat model, objective, schedule,
and matched controls.

For an attacked adapter, pyie denotes the fixed genera-
tion prompt containing its human-readable training trigger;
it is available to the creator but unavailable during discov-
ery. SCOPE instead returns p*. Utility Preserved is the
fraction satisfying Az(pyigic) < 0.3. Conditional Evasion
is the fraction of these utility-preserving adapters for which
Az(p*;c) >0.3.

Attack effectiveness. The mean spectral-concentration
statistic in Equation (44) falls from 0.127 to 0.013, an 89.8%
reduction. The attack therefore substantially flattens the
LoRA spectrum and directly weakens the structure SGES
is designed to use.

Utility-preserving evasion. The attacked adapters retain
target-generation utility in 86.2% of cases. Their mean trigger-
prompt and top-ranked-prompt discrepancies are 0.153 and
0.162, respectively. Although dispersion raises the top-
ranked-prompt discrepancy from 0.112 on the matched clean
cohort to 0.162, conditional evasion among utility-preserving
adapters is only 4.0%. Under this fixed attack, even an 89.8%
reduction in spectral concentration rarely conceals the target
while preserving the creator’s ability to generate it.

6 Discussion

Why parameter-guided discovery works. The experiments
show that LoRA parameters provide useful evidence for open-
ended concept discovery even when the concept name, train-
ing trigger, and reference images are unavailable. SGES
uses the dominant LoRA input subspaces to concentrate
search on parameter-supported prompts. PVI then applies
intra-prompt coherence filtering, cross-prompt consensus, and
LoRA-induced distinctiveness to select the prompt whose out-
puts most consistently reveal the adapter-specific concept.
The ablations connect these roles: removing SGES produces
the largest overall degradation, while cross-prompt consensus
is the most important operation within PVI.

Evidence for platform review. SCOPE returns a top-ranked
carrier prompt together with its generated images. A reviewer
can therefore inspect both the lexical evidence and the visual
concept it elicits, even when the prompt does not reproduce
the original trigger. This output is designed to support mod-
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eration and downstream investigation rather than make an
enforcement decision by itself. Failure to discover a carrier
prompt is not evidence that an adapter is benign or contains
no undisclosed concept.

7 Limitations

We evaluate separately loaded, U-Net-based LoRAs for
SD1.5 and SDXL under white-box access to the adapter
and its compatible base model. The current implementation
searches short English-language, ASCII-only Atomics at text-
conditioned LoRA sites. The results therefore do not establish
performance for DiT-based generators, merged or quantized
adapters, black-box access, or multilingual and nonlexical
carriers.

The formulation seeks one dominant hidden concept rather
than an exhaustive inventory. Adapters containing several
comparably strong concepts, or concepts deliberately dis-
tributed outside the inspected subspaces, may require repeated
or broader discovery. Evaluation uses CLIP representations
and one mean reference direction, verification uses one con-
trolled non-target per adapter, and the adaptive study tests one
fixed subspace-dispersion schedule. Broader safety concepts,
attacks, independent semantic encoders, human evaluation,
and runtime measurement remain important before deploy-
ment.

8 Conclusion

We formulate open-ended hidden-concept discovery for LoORA
adapters and develop SCOPE, which combines render-free
parameter-guided search with output-based visual identifica-
tion. On the faithful SD1.5 cohort, SCOPE reaches a mean
target-concept discrepancy of 0.114, reducing discrepancy
by 70.2% relative to the strongest baseline with the same
no-concept-input setting and by 37.7% relative to reference-
assisted PEZ. Its discovered prompts further attain 0.980
precision, recall, and F1 in controlled target-specificity evalua-
tion. Under adaptive subspace dispersion, conditional evasion
remains 4.0% among adapters that preserve target-generation
utility. More broadly, the evaluation separates open-ended dis-
covery from concept-specified verification. SCOPE does not
assume what a reviewer should test; it first extracts parameter-
supported candidates and then confirms them through gen-
erated evidence. This matches the model-sharing setting,
where the concealed concept is unknown before inspection,
and makes the returned prompt-image pair directly useful for
review rather than only reporting a model-level score. These
results demonstrate that LoRA parameter structure can guide
discovery of previously unknown concepts and produce con-
crete prompts and images for subsequent human review.
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to be evaluated without image generation. Retained sites
and inputs. We retain LoRA sites in the text encoder and
the key/value projections of text cross-attention in the denois-
ing backbone [32,35]. For a text-encoder site, h; ,(x) is the
contextual representation entering that site when processing
prompt x. For a retained cross-attention site, h; ,(x) is the
final text representation supplied by the text encoder. In both
cases, the required inputs are available from text conditioning
alone. Query projections and other denoiser LoRA sites are
excluded because their inputs depend on the evolving latent
or subsequent denoising computation. Valid LoRA updates.
For each selected site s, SGES requires both LoRA factors
Ay and B, and forms the raw update AW, = B;A;. Sites with
an incomplete factor pair or an exactly zero update are dis-
carded, while non-finite updates are treated as invalid. For
each retained site, the dominant input directions are obtained
from the SVD of the unscaled update AW, retaining the top-k
right singular directions. Site grouping. Retained sites are
grouped by their location in the model. Text-encoder sites
form the te group, while retained cross-attention sites in the
down and up paths of the denoising backbone form the down
and up groups, respectively. Mid-block sites are excluded
in our implementation. Since an adapter may not contain
retained sites in every group, we define

Ga = {b € {te,down,up} | | J| > 0}. (35)

Only groups in G4 participate in subsequent SGES computa-
tion.

A.2 Composed-Word Discovery

A meaningful word may be split into multiple tokenizer
units [33,38], so searching only individual vocabulary entries
can miss strongly aligned words. SGES therefore composes
multiple lexical units into candidate words before construct-
ing the Atomic pools. Lexical units. We divide alphabetic
tokenizer entries into prefix units and final units according to
the tokenizer’s word-ending marker. Prefix units may appear
at the beginning or middle of a composed word, whereas final
units terminate the word. All units are scored separately for
each site group. Single-unit words are handled directly by
the original vocabulary and are therefore not produced by the
composer. Progressive composition. SGES constructs words
of two and three lexical units. For each group, we first retain
the top 30 prefix units and take their union across groups.
Each retained prefix is paired with every final unit to form
two-unit candidates. Final units are not pre-filtered by their
individual scores, allowing combinations whose alignment
emerges only after composition. All candidates are evaluated
as complete text inputs using Equations (21) and (22), and
each group retains its top 120 two-unit candidates.
Three-unit candidates are formed by inserting a middle
prefix into promising two-unit compositions. The outer units
are drawn from the union of the top 40 two-unit candidates
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from each group, while the middle-unit set contains the top 60
prefixes from each group together with all prefixes of at most
two characters. Each group retains its top 80 three-unit candi-
dates. Composition stops after three units. Validation and
filtering. Retained compositions are decoded and accepted
only if they remain unchanged after tokenizer re-encoding
and decoding. Candidates are deduplicated by decoded text,
with the shorter composition retained when multiple chains
produce the same word.

The valid words are then retokenized and rescored as com-
plete candidates. In each group, a composed word must score
at least as high as the strongest individual lexical unit. To
suppress near-duplicate compositions, let P(w) denote the set
of lexical units used to form word w, and define

dpicce (W, w') =max{|P(w)|,|P(W)|} — [P(w) NP(W')]. (36)

Candidates are processed in descending score and retained
only if dpiece(w,w') > 1 for every previously retained candi-
date. We additionally allow each prefix or final unit to appear
in at most two retained compositions within a group.

After filtering, each group contributes at most 75 composed-
word proposals. Duplicate texts across groups are merged,
and composed words already represented by native whole-
word vocabulary entries are removed. The remaining propos-
als compete directly with native words during Atomic pool
construction in Appendix A.3.

A.3 Atomic Candidate Pool Construction

SGES constructs a compact Atomic pool for each present site
group from two complementary candidate sources: lexical to-
kens and common phrases. Candidate sources. We consider
two types of Atomics. TOKEN candidates consist of native
whole-word vocabulary entries and the composed words dis-
covered in Appendix A.2. PHRASE candidates are drawn from
the fixed public prompt corpus Gustavosta/Stable-Diffusion-
Prompts [14], shared across all adapters and independent of
target-specific information.

To construct the phrase source, corpus prompts are lower-
cased and reduced to alphabetic words of at least two char-
acters. We extract adjacent word pairs occurring at least five
times and retain those tokenized into two or three lexical
units. After removing duplicate token sequences, the 3,000
most frequent phrases form the shared candidate set. Corpus
frequency is used only for source construction; subsequent
ranking depends solely on the LoRA-specific alignment score.
Candidate selection. Each candidate is independently scored
in every present group using Rp(a | a) from Equation (23).
TOKEN and PHRASE candidates are ranked and filtered sep-
arately. We remove non-ASCII candidates and retain only
the highest-scoring candidate within each lemma-equivalent
family. We also limit repeated lexical-root families to prevent
closely related forms from dominating a group pool.



Because the same Atomic may rank highly in multiple
groups, each candidate is assigned to the group in which it
achieves the best within-type rank. Let rank(a) denote this
rank. We define

owner(a) = argminrankp(a),
beGg

(37

with ties resolved by the fixed priority te > up > down. Final
Atomic pools. Each present group retains the 30 highest-
ranked TOKEN Atomics and the 20 highest-ranked PHRASE
Atomics assigned to that group:

G = Igokenu leyhrase, |CI§oken| — 30, ‘Clghrase‘ —20. (38)

Native and composed words compete for the same TOKEN
quota, so composed words receive no dedicated allocation.
The resulting group-specific pools provide the search space
for evolutionary prompt search.

A4 Evolutionary Search and Shortlist Con-
struction

Although the Atomic pools substantially reduce the lexi-
cal search space, the number of prompt combinations re-
mains large. Moreover, SAS(p) depends on the jointly en-
coded prompt, so Atomics cannot be optimized independently.
SGES therefore performs evolutionary search over complete
prompts. Evolutionary search. Each present site group con-
tributes three Atomic slots. Initial prompts are sampled from
the corresponding group-specific pools with a mixture of
rank-biased and uniform probabilities:

1 exp(—ri/tea)

P(i)=03- 407 "V EA) =100, (39)
) n Y jexp(—r;j/TeA) B

where 7; is the zero-based rank of Atomic i in a pool of size n.
Sampling excludes Atomic texts already used elsewhere in the
same prompt. Each run maintains a population of 48 prompts
for 100 generations, and we perform three independent runs.

Prompts are ranked by contextual SAS. Parent selec-
tion uses three-way tournaments [27], followed by slot-wise
crossover with probability 0.7 and per-slot mutation. Both
operations preserve the site-group assignment of each slot
and prevent duplicate Atomic texts. Fresh random prompts
are periodically injected to maintain exploration, with a larger
restart triggered when the best prompt remains unchanged for
three consecutive generations. Diversity preservation. Maxi-
mizing SAS alone can produce many minor variations of the
same high-scoring prompt. SGES therefore groups prompts
according to their Atomic-set overlap. Let S(p) denote the
set of Atomic texts in prompt p. We define

dser(p. p") = max{[S(p)[.|S(P") |} = S(p) N S(p")].

Prompts with dset(p, p') < 3 are treated as belonging to the
same family, and only the highest-scoring member of each

(40)
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family retains selection fitness [31]. The four strongest family
representatives are preserved as elites. Coordinate refine-
ment. Every three generations, SGES further refines up to
four of the highest-scoring family representatives through
coordinate-wise search. For each Atomic slot, all valid re-
placements from its group-specific pool are evaluated while
the remaining slots are fixed. The replacement yielding the
highest contextual SAS is retained if it improves the current
prompt. Up to two passes are performed, with early termina-
tion when a complete pass produces no improvement. Short-
list construction. After evolution, each run retains the five
highest-scoring prompts as confirm candidates. To increase
family diversity, SGES further selects up to five reservoir
candidates from approximately the top 5% of all evaluated
prompts, requiring a distance ds; > 3 from every previously
selected candidate.

SGES additionally constructs shorter candidates from at
most two family-distinct high-scoring lineages. Starting from
a full prompt, Atomics are greedily removed according to
contextual SAS while preserving at least one Atomic from
every originally present site group. We retain candidates with
lengths of 7, 5, and 3 whenever feasible. Finally, candidates
from all three runs are merged and deduplicated to form

E)Short:{pla"'7p]\’}7 (41)

which is passed to PVI for output-side concept identification.

B Evaluation Details

B.1 Benchmark and Models

We evaluate our method on 164 LoRA adapters across the
SD1.5 and SDXL model families. The benchmark covers real
identities, synthetic identities, anime characters, and artistic
styles. It combines 48 adapters collected from public model-
sharing platforms [4, 19] with 116 adapters trained locally
under controlled settings.

The locally trained adapters focus on identity concepts,
comprising 19 real identities and 10 synthetic identities. For
each identity, we train adapters under both SD1.5 and SDXL.
Within each model family, we train two matched variants that
differ in how faithfully the target concept is disclosed by the
trigger. The faithful variant uses a human-readable trigger
that reveals the target identity, whereas the unfaithful variant
uses an opaque alphanumeric trigger that does not reveal the
target semantics. The matched variants use identical training
images and optimization settings and differ only in the trigger
used in their training captions. This construction yields 116
locally trained adapters.

Among the 164 adapters, 106 use faithful triggers and 58
use unfaithful triggers. The latter comprise 29 opaque-trigger
variants in each model family. The baseline comparison,
verification experiment, and main ablations use one fixed
faithfully disclosed SD1.5 cohort for which every compared



method is applicable. Cross-family and trigger-disclosure
results use their respective benchmark subsets, as stated with
each result.

Each adapter is evaluated with a compatible base model [32,
35,43, 44]. The benchmark includes multiple compatible
checkpoints from both the SD1.5 and SDXL families.

B.2 Local LoRA Training

All locally trained identity adapters use LoRA rank r = 128.
LoRA is applied to both the denoising network and the text
encoder. For SDXL, both the CLIP-L and OpenCLIP-G text
encoders are adapted [3,32,33,43]. The main training config-
uration is summarized in Table 9.

Table 9: Training configuration for locally trained identity
LoRAs.

Setting SD1.5 SDXL
Base model Stable Diffusion 1.5 SDXL 1.0
Training resolution 512 px 1024 px
LoRA rank 128 128
U-Net learning rate 1x1074 1x107*
Text-encoder learning rate 5 x 107> 5%x1073
Optimizer AdamW AdamW
LR schedule Constant Constant
Training steps 3,000 1,000

We use AdamW [26] with B = (0.9,0.999), €xgam = 1076,
weight decay 0.01, and maximum gradient norm 1.0. Training
follows the standard diffusion noise-prediction objective [15,
35]. Given an image x, a training caption p,p, a sampled
timestep ¢, and Gaussian noise €, the model minimizes

2
Lirain = ]Ex,pcap,t,e [He - 89(Zt7tapcap) Hz} . (42)

All SD1.5 adapters are trained for 3,000 optimization steps,

whereas all SDXL adapters are trained for 1,000 steps.

B.3 Training Data for Locally Trained LoRAs

The locally trained LoRAs use two sources of identity images.
Real identities are represented by web-collected photographs
of public figures, whereas synthetic identities are represented
by images generated from fixed synthetic identity specifica-
tions. Both sources follow the same captioning protocol for
LoRA training. Real-identity images. For each of the 19
real identities, we collect publicly available images of the
corresponding public figure through web image search. The
resulting training sets contain 19-46 images per identity and
cover varied viewpoints, poses, clothing, scenes, and photo-
graphic conditions. Synthetic-identity images. For each of
the 10 synthetic identities, we first construct a synthetic iden-
tity specification describing a fixed set of identity-defining
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visual attributes, including face shape, eyes, hair, eyebrows,
nose, jaw structure, and a distinctive feature. GPT-5.5 via
Codex [30] is used to generate specifications.

Given an identity specification, we then generate a batch
of images while keeping its identity-defining attributes fixed
and varying only image-specific factors such as viewpoint,
pose, expression, clothing, scene, lighting, framing, and shot
scale. The same specification is used throughout the batch
to maintain identity consistency across images. Synthetic
training sets contain 25-50 images per identity. Training
captions. Real and synthetic images follow the same caption-
ing protocol. For each training image, GPT-5.5 via Codex [30]
generates an image-specific caption describing visible factors
that vary across examples, such as framing, viewpoint, pose,
expression, clothing, scene, lighting, and occlusion.

Each caption begins with the trigger and a class word,
uses the trigger exactly once, and contains 20—45 English
words. For each matched faithful and unfaithful LoRA pair,
the images and caption content are held fixed; only the iden-
tity trigger is replaced. The faithful variant uses the human-
readable identity name, whereas the unfaithful variant uses
the corresponding opaque alphanumeric trigger. Generation
and captioning templates. The principal templates used for
synthetic-image generation and training-caption construction
are provided below. Placeholders in braces are instantiated
from the fixed identity specification or trusted training meta-
data.

Synthetic identity specification

Design {N} entirely synthetic human identities
for a controlled

diffusion-model benchmark. None should resemble
or be named after a

real public figure.

Make the identities visually distinguishable
using independent

combinations of age band, face shape, skin tone,
eye shape and color,

hair texture, color, and cut, eyebrow geometry,
nose geometry,

chin geometry, and one subtle distinctive feature.

jaw or

Keep the attributes of each identity internally
consistent. Avoid

occupations, personality descriptions,
stereotypes, costumes, fantasy

features, or exaggerated deformities.

Return JSON containing:

id, synthetic_name, class_word, age_band,
face_shape, skin_tone, eyes,

hair, eyebrows, nose, jaw_or_chin,
distinctive_feature, and




identity_signature.

Synthetic identity generation

Generate a diverse batch of photorealistic images
of the same
synthetic identity defined below.

IDENTITY:
{IDENTITY_SPECIFICATION}

The identity-defining attributes in the
specification must remain

consistent across all generated images. Every
image must depict the

same person.

Across the batch, vary only image-specific
factors,

shot scale, viewpoint, pose, gaze, expression,
clothing, scene,

lighting, framing, and aspect ratio.

including:

Include diverse close-up, head-and-shoulders,
upper-body,
three-quarter, and full-body views; front, three-
quarter, and profile
viewpoints; indoor and outdoor scenes; and varied
natural photographic
conditions.

Maintain realistic human anatomy, natural skin
texture,

facial identity across the entire batch. Do not
introduce additional

people, text, watermarks, or logos, and do not
make any image resemble a real

public figure.@*)

and consistent

Training caption generation

You are a conservative visual annotator creating
captions for an

identity-conditioned LoRA training dataset.
Describe only directly

visible, image-specific factors that vary across
images. Do not infer

the person’s identity from the image and do not
repeatedly describe

stable identity-defining facial attributes.

TRIGGER: "{TRIGGER}"
CLASS_WORD: "{CLASS_WORD}"

Generate a 20-45-word English caption that:
1. begins with the exact TRIGGER followed by
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CLASS_WORD;
2. uses TRIGGER exactly once;
3. describes only visible factors such as shot
scale, viewpoint, pose,
gaze, expression, clothing, scene, lighting,
occlusion, and
rendering;
4. contains no additional proper name or inferred
identity.

B.4 Baseline Configurations

We compare with six prior methods from two related problem
settings: concept-agnostic difference discovery and concept-
specified verification. Table 10 summarizes how each method
is used in our LoRA setting and the concept information it
requires. We use official implementations when available [7,
9,21,49,51].Since PAIA does not provide public code, we
independently reproduce it from the published method.

Table 10: Prior methods, their use in our LoRA evaluation,
and the concept information they require.

Method Use in LoRA evaluation Required input

DriftScope Rank tokens by their None
LoRA-base drift

CompCon Search for prompts exposing None
LoRA-base differences

VisDiff Describe differences None
between paired LoRA and
base image sets

DPO-Dift- Optimize prompts for None

EPO paired-model divergence

PEZ Recover a hard prompt from Concept images
concept images

PAIA Verify supplied concepts for Candidate
each LoRA images

For every prompt-returning baseline, the reported carrier is
selected using that method’s own score or ranking; target-
concept references are used only for final evaluation and
never for carrier selection. We retain each method’s standard
search configuration and use the same generation and final-
evaluation protocol wherever the method’s task permits. PEZ
receives a concept-image set that is disjoint from the held-
out references used to compute target-concept discrepancy.
Concept-agnostic difference discovery. These methods do
not assume a concept to be examined in advance. Instead,
we adapt them to expose changes introduced by the LoRA
through model comparison, output comparison, or prompt
optimization.

DriftScope [22] studies semantic drift introduced by
diffusion-model adaptation. Given an original and an adapted



model, it identifies lexical tokens whose associated visual con-
cepts change most after adaptation. We instantiate the model
pair with the compatible base and LoRA-enabled models and
insert the resulting high-drift tokens into DriftScope’s prompt
templates to form candidate prompts.

CompCon [8] compares two T2I models and discovers vi-
sual attributes on which their generations diverge, together
with prompts that expose these differences. We use the LoRA-
enabled and compatible base models as the model pair. Start-
ing from generic prompts, CompCon identifies LoORA-base vi-
sual differences and searches for prompts that reliably expose
them. The resulting verified prompts are used as candidate
prompts.

VisDiff [10] describes visual differences between two fixed
image sets. We construct one set from LoRA-enabled genera-
tions and the other from compatible base-model generations
using the same generic prompts and random seeds. VisDiff
produces natural-language descriptions that best distinguish
the two sets, which we directly use as candidate prompts. Un-
like CompCon, VisDiff describes differences in fixed image
sets rather than searching for new prompts that expose them.

DPO-Diff-EPO [50] performs discrete prompt optimiza-
tion for diffusion models. We retain its EPO optimizer but
replace the original task objective with one that favors visual
divergence between paired LoRA-enabled and compatible
base-model generations. The resulting prompts therefore ex-
pose generation behavior changed by the LoRA.

Concept-specified verification. These methods require the
concept to be specified in advance. PEZ recovers prompts
from concept examples and provides indirect evidence of
whether the concept can be elicited, whereas PAIA directly
verifies whether the specified concept is encoded.

PEZ [52] performs image-guided hard-prompt optimiza-
tion. Given concept images, it optimizes a prompt in continu-
ous embedding space and projects it onto discrete vocabulary
tokens. In our evaluation, PEZ accesses neither the LORA
adapter under evaluation, its compatible base model, nor its
training trigger; it receives only the supplied concept images.
The recovered prompt is subsequently evaluated on the LoRA-
enabled model to determine whether it elicits the specified
concept.

PAIA [55] is the closest prior work in terms of problem
setting. It verifies whether a LoRA-adapted diffusion model
has learned a prespecified concept by comparing its denois-
ing behavior with that of the compatible base model. Given
images of the candidate and irrelevant concepts, it returns a
binary learned/not-learned decision. We query each candi-
date concept independently using its concept images. PAIA
therefore verifies supplied concepts rather than discovering an
unknown concept or producing a carrier prompt. Since no of-
ficial implementation is publicly available, we independently
reproduce the published method.
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C Additional Sensitivity Analysis

C.1 Retained Subspace Dimension

Every value of k reconstructs the Atomic pools and reruns the
complete discovery pipeline rather than reusing candidates
from the default configuration.

Table 11: Effect of the maximum number of leading LoRA
input directions retained per site. Lower target-concept dis-
crepancy is better.

k RealID | SyntheticID| Anime] Mean |

1 0.080 0.202 0.144 0.128
2 0.078 0.178 0.123 0.114
4 0.088 0.181 0.144 0.127

For site s, the number of retained directions is k; =
min(k, py), where p; = rank(AWj). Table 11 varies k while
selecting the leading directions. Retaining two directions
performs best, and the mean varies by at most 0.014 over
the tested values. With k = 1, real-identity performance is
nearly unchanged (0.080 versus 0.078), whereas synthetic
identities and anime characters degrade more noticeably. In-
creasing to k = 4 primarily hurts real identities and anime.
This pattern is consistent with one direction sometimes omit-
ting complementary responses and four directions admitting
weaker ones. The experiment therefore shows limited sensi-
tivity within k € {1,2,4}, but does not establish a universal
optimum outside that range.

D Adaptive Attack Details

D.1 Threat Model and Controls

The adaptive creator knows that SCOPE uses leading LoRA
input directions, but not the number of retained directions,
the selected site groups, or the remaining hyperparameters
used by SCOPE. The creator can modify LoRA training but
must preserve the LoORA-enabled model’s ability to generate
the adapter’s dominant hidden concept. In this controlled
evaluation, utility is measured against the target concept c.
We apply the attack to the controlled faithful SD1.5 iden-
tity adapters. Each attacked adapter uses exactly the same
training images, captions, human-readable trigger, compati-
ble base model, LoRA target modules, rank and scaling factor,
optimization steps, optimizer, learning rates, scheduler, batch
configuration, resolution, and seed policy as its matched clean
adapter. No LoRA module is added, removed, or moved. The
sole change is the regularizer described below, applied to
every LORA module already trained by the original recipe.



D.2 Subspace-Dispersion Objective

For a nonzero trained LoRA module s, let

AW, = BA, (43)

have singular values {c, ;}. We define its scale-invariant
spectral concentration as

4
Y0y

(qu%,j)Z.

A spectrum concentrated in a few directions has a larger SCj,
whereas a flatter spectrum has a smaller value. Let M ora
contain every LoRA module in the clean training recipe. The
attack minimizes

SCs = (44)

1

—_— SCs.
| Mioral ’

SEML oRA

Raisp = (45)

The spectral concentration reported in Section 5.4.2 is this
module-wise mean.

The regularizer is computed without forming the full update
matrix. Let

Gas=AA;, Gp,=B/B, (46)

Then the same concentration can be computed exactly as

C.— tr(GA’SGB,sGA,sGB,s)

s . 47)
[tr(GA,sGB,S)]z

This computation uses only rank-dimensional matrices and
preserves gradients. The Gram matrices, concentration, and
dispersion loss are computed in FP32; the original mixed-
precision diffusion training is otherwise unchanged.

D.3 Fixed Training Schedule

Let v denote the optimization step. The attacked training
objective is
Lak (V) = Lirain + 7Ldisp (V)Rdispy (48)

where the attack strength is fixed rather than selected using
SCOPE’s discovery results:

0, v < 300,
Adisp(V) = ¢ 0.1(v—300)/300, 300 <V <600, (49)
0.1, v > 600.

The initial warm-up avoids evaluating the concentration ratio
when the LoRA update is near zero. The coefficient is not
searched or adjusted after training.
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D.4 Evaluation Protocol

Section 5.4.2 defines utility preservation and conditional eva-
sion. Each matched clean—attacked pair uses the same fixed
Puig containing the human-readable training trigger; it is
set before attack training and unavailable to the moderator.
We render pyi and the carrier prompt p* with the attacked
LoRA-enabled model B; and evaluate both against the same
attack-independent held-out references for the target concept
c. Training uses neither the references nor discovery results.
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