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Evaluation without Generation: Non-Generative Assessment of Harmful Model
Specialization with Applications to CSAM

Anonymous Authors1

Abstract
Auditing the fine-tunes of open-weight generative
models for harmful specialization has become
a new governance challenge for model hosting
platforms. The standard toolkit, generative eval-
uation via curated prompts or red-teaming, does
not scale to platform-level auditing and breaks
down entirely for domains like child sexual abuse
material (CSAM) where generation is legally con-
strained. This motivates the Evaluation without
Generation problem: assessing model capabilities
without producing outputs. In such settings, ca-
pability must be inferred from the model’s state,
either its parameters or internal representations,
rather than its outputs. We introduce Gaussian
probing, a method that characterizes how LoRA
adaptors functionally perturb a model by measur-
ing its internal responses to a reference ensem-
ble of Gaussian latent states. Unlike raw-weight
baselines, Gaussian probing reliably distinguishes
benign from harmful specialization without sam-
pling outputs. We demonstrate effectiveness in
high-risk domains, including detecting models
specialized for CSAM under realistic constraints.
Our results show that Gaussian probing provides a
scalable non-generative alternative for evaluating
high-risk generative systems and remains robust
to weight rescaling, a representative adversarial
manipulation.

1. Introduction
The proliferation of open weight generative models, such
as Stable Diffusion (Rombach et al., 2022), FLUX (Labs,
2024), and Wan (Wan et al., 2025), has made high-quality
image and video generation widely accessible (Yang et al.,
2023; Fuest et al., 2026). In tandem, low-rank adaptation

1Anonymous Institution, Anonymous City, Anonymous Region,
Anonymous Country. Correspondence to: Anonymous Author
<anon.email@domain.com>.

Preliminary work. Under review by the International Conference
on Machine Learning (ICML). Do not distribute.

(LoRA), a commonly used finetuning algorithm, enables
cheap and efficient specialization of generative models at a
fraction of the cost of traditional finetuning (Hu et al., 2022).
Accessibility has also been improved by user-friendly graph-
ical interfaces such as InvokeAI (Invoke AI Contributors,
2026), which allow amateurs and hobbyists to finetune mod-
els for their own creative purposes. As a result, powerful
image and video models can be easily specialized, and those
specializations can be shared through multiple different ser-
vices, including public model-sharing platforms.

This shift has created new governance challenges for open
model-sharing platforms. Platforms such as CivitAI and
Hugging Face host and distribute base models, fine-tuned
variants, and, crucially, lightweight LoRA adaptors that
users can combine, circulate, and redeploy widely before
any output is ever inspected. This includes models opti-
mized to produce child sexual abuse material (CSAM), with
offenders producing bespoke models through fine-tuning
that target particular children, victims and survivors of child
sexual abuse (Thiel et al., 2023). Governance, therefore,
becomes a problem of screening reusable model artifacts
before they are broadly distributed.

At present, model assessment for first-party model providers
is still largely organized around generative evaluation:
prompting an adapted model, inspecting its outputs, and
using those outputs to infer whether the model has ac-
quired a harmful capability (Thorn & All Tech is Human,
2024). This approach does not scale to model hosting plat-
forms. It depends on prompt coverage, requires iterative
red-teaming and review, and becomes increasingly costly
as the number of uploaded variants grows. The scale of
adaptors to be screened is substantial: CivitAI alone reports
hundreds of thousands of new LoRAs trained in a single
month, alongside millions of generations1. At this scale,
output-based auditing cannot serve as the sole mechanism
for pre-distribution governance.

For several categories of harmful content, the limitations are
even more acute. Evaluating outputs related to bioweapons,
cyberattacks, hate speech, or non-consensual intimate

1https://www.runpod.io/case-studies/civit
ai-runpod-case-study
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Gaussian Probing Pipeline (No Generation)

1

4

Sample Gaussian noise 𝑧 ~ Ν (0, 𝐼𝑑)
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Figure 1. (a) Key insight: LoRA fine-tuning shifts the model’s feature distribution, separating benign and explicit outputs in latent space.
Proposed Gaussian probing pipeline, which samples Gaussian noise, runs the diffusion model with LoRA, records intermediate activations
across timesteps, and aggregates them into feature vectors without generating images. (b) Example results for all three architectures (SD
1.5, SDXL 1.0, FLUX.1-dev) for NSFW and CSAM detection in the wild.

imagery can impose substantial psychological burdens,
and the expertise required for reliable evaluation may be
scarce (Roberts, 2019; Steiger et al., 2021; Gillespie, 2018).
For CSAM, our central motivating application, generative
evaluation breaks down entirely: attempting to generate
CSAM, regardless of intent or success, is unlawful behavior
in several regulatory regimes and jurisdictions, including
the United States (Shevlane et al., 2023).

This leaves platforms and auditors with limited ability to
determine whether a user-uploaded adaptor has specialized
a model toward CSAM generation before that adaptor is
shared. LoRAs represent a unique risk, since their small
and portable format makes them easy for offenders to ex-
change (Thiel et al., 2023). That limitation matters given
AI-generated CSAM is a large and accelerating crisis, with
cross-sector impact across hotlines, content moderators, law
enforcement (Thiel et al., 2023; Internet Watch Founda-
tion (IWF), 2026), creating significant human harm2. In its
most recent report analyzing 2024 reports, NCMEC (the
National Center for Missing and Exploited Children, which
acts as a global clearinghouse for reports related to child
sexual abuse and exploitation) received 67,000 reports of
AI-generated CSAM, up from 4,700 in 2023 (for Missing &
Exploited Children, 2025).

Taken together, this harm landscape motivates our core ques-
tions:

Can harmful specialization be detected from weights alone,
without ever generating an output?

We call this the Evaluation without Generation problem.

2https://www.cbsnews.com/news/sextortio
n-generative-ai-scam-elijah-heacock-take-i
t-down-act/

In this work, we study a concrete and narrower instance that
arises in open ecosystems: screening LoRA adaptors for
evidence of direct specialization toward two sensitive con-
tent categories, adult sexual content (NSFW) and CSAM,
without generating outputs. We focus on LoRAs because
they are the primary unit through which specialization is
created, packaged, and distributed. We answer this in the
affirmative by shifting evaluation from output space to the
model’s state. Rather than measuring what a model gener-
ates, we measure how fine-tuning changes its parameters or
internal computation. This reframes capability evaluation as
an inference problem over model state rather than outputs.

We propose Gaussian probing, a method that characterizes
how a LoRA functionally perturbs a base diffusion model
by measuring its internal responses to random Gaussian
inputs. These responses provide a scalable, prompt-free
signature of adaptor specialization without requiring im-
age generation. We evaluate the method in two settings.
First, in controlled experiments on in-house trained safe-
for-work (SFW) and not-safe-for-work (NSFW) LoRAs
spanning variation in datasets, styles, architectures, and
training conditions. Second in a naturalistic setting using
LoRAs collected from public platforms such as CivitAI and
CSAM LoRAs accessed through authorized entities and
in accordance with applicable laws, where heterogeneity,
label noise, and shortcut opportunities better reflect deploy-
ment conditions. Across both regimes, Gaussian probing
reliably detects harmful NSFW and CSAM specialization
while remaining more robust than raw-weight baselines to
superficial training artifacts. To our knowledge, this is the
first scalable, non-generative method for pre-distribution
screening of CSAM-related specialization in user-uploaded
generative models.
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2. Problem Formulation
2.1. Defining the Governance Target and Scope

Open platforms face a practical question when users upload
LoRA adaptors: does this warrant intervention before it
is widely shared? Put differently, can an uploaded adap-
tor contribute to harmful downstream use? Answering that
question requires some care, because capability is not an
intrinsic property of a LoRA in isolation. Whether an adap-
tor is treated as harmful depends on how it is expected to
be used and on what kind of behavior a platform is pre-
pared to tolerate. For example, a platform might choose
to permit adaptors with moderate adult-content propensity,
while adopting a zero-tolerance rule for any minors-related
propensity.

In full generality, a capability definition is difficult to
identify. The relevant use distribution may be uncertain,
institution-specific, or strategically shaped by users, and the
policy itself is partly normative. In this work, we therefore
study a narrower but still useful case of direct harmful spe-
cialization: whether a LoRA was directly fine-tuned on data
drawn from a target harmful content category, specifically,
CSAM. This does not capture every route by which harmful
capability may arise, such as LoRA composition, model
merging, or more complex downstream chaining. But it
does capture an important and operationally meaningful
slice of the broader governance problem, namely the one
most directly tied to the uploaded artifact itself and most
amenable to pre-distribution screening.

Even under this narrower target, the auditing problem re-
mains difficult. The auditor must detect harmful special-
ization from the uploaded adaptor and base model alone,
under constraints of observability, scale, and robustness. We
formalize these constraints as the following methodological
desiderata:

(D1) Non-generative observability. The representation must
be computable from the uploaded adaptor and the base
model alone, without requiring prompt design, output
generation, or human review.

(D2) Scalability. A practical auditor must operate under
realistic storage and compute constraints. First, the
resulting representation must be much smaller than the
full parameter dimension, so that a large repository
of adaptors can be stored and processed in memory.
Second, the cost of constructing the representation for
a single adaptor must remain feasible at audit scale.

(D3) Robustness. The representation should reflect direct
harmful specialization rather than incidental features
of how a LoRA was produced. We identify three types
of signal that can be predictive and describe which are
the ideal ones to utilize:

• development artifacts such as rank, learning-rate
schedules, or update magnitude

• dataset identity such as stylistic or distributional
peculiarities of a particular training image datasets

• content signal or information tied to the underlying
harmful category that persists across datasets, fine-
tuning runs, and implementation choices

This distinction matters for generalization and robust-
ness to adversarial changes.

2.2. Formalizing the Screening Task

Fix a harmful content category c and a pretrained base dif-
fusion model fθbase . For a LoRA adaptor ∆, let fθ(∆) :=
fθbase+∆ denote the adapted model. For each adaptor ∆, let
y(∆) ∈ {0, 1} indicate whether ∆ was directly fine-tuned
on data drawn from category c.

The auditor observes (θbase,∆), but not the underlying train-
ing data and not any generated outputs. The auditing task of
interest is given labeled adaptors {(∆i, y(∆i))}ni=1, predict
y(∆) from weights alone. We consider screening rules of
the form g ◦Φ, where Φ(∆; θbase) ∈ H, is a fixed represen-
tation map and g : H → {0, 1}, is a learned classifier. The
auditor solves

ĝΦ ∈ argmin
g

1

n

n∑
i=1

ℓ(y(∆i), g(Φ(∆i; θbase))) + λ∥g∥2.

The central technical question is therefore how to construct a
representation Φ(∆; θbase) that recovers direct harmful spe-
cialization from restricted, non-generative evidence while
satisfying the scalability and robustness desiderata.

3. Gaussian Probing
We instantiate the representation map Φ(∆; θbase) by prob-
ing the adapted model on a reference ensemble of Gaus-
sian latent states. This representation summarizes how the
adaptor changes the computation implemented by the base
model.

Let H , W , and C denote the height, width, and num-
ber of channels of the diffusion model input, and define
d̄ = HWC. Let θ(∆) = θbase + ∆ denote the adapted
parameters. We draw m i.i.d. Gaussian probes

νj ∼ N (0, Id̄), j = 1, . . . ,m.

Each probe ν is propagated through the diffusion process us-
ing the adapted model fθ(∆) for T denoising steps. During
this process, we extract intermediate hidden representations
from a fixed layer, or fixed set of layers, of the denoising

3
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network.3 Let H(T )(∆; ν), H(T−1)(∆; ν), . . . , H(1)(∆; ν)
denote the resulting hidden representations across diffusion
timesteps. For a single probe ν, we aggregate these hidden
states into a probe-specific feature

H̄(∆; ν) = ψ
(
H(1)(∆; ν), . . . , H(T )(∆; ν)

)
,

where ψ is a fixed pooling map across timesteps and, when
relevant, across layers, spatial positions, and channels. In
the simplest case, ψ is the timestep average

H̄(∆; ν) =
1

T

T∑
t=1

H(t)(∆; ν).

The population object underlying Gaussian probing is the
probe functional

Ψ(∆) := Eν∼N (0,Id̄)

[
H̄(∆; ν)

]
. (1)

This function summarizes how the adapted model responds,
on average, to a reference ensemble of Gaussian latent states.
Our empirical representation is the corresponding Monte
Carlo estimator

Φ(∆; θbase) := Ψ̂m(∆) =
1

m

m∑
j=1

H̄(∆; νj). (2)

As we will illustrate, this can be interpreted as the expected
pushforward of the LoRA perturbation through the model’s
denoising dynamics under the native latent distribution.

3.1. Motivation for Gaussian Probing

What the auditor ultimately cares about is whether a LoRA
changes the model in a way that supports harmful down-
stream use. In principle, the most direct object of study
would therefore be the distribution of model outputs under
some reference input ensemble. But in the settings that mo-
tivate this work, outputs cannot be generated. Therefore our
approach replaces outputs with internal activations: rather
than asking what the adapted model renders, we ask how
the adaptor changes the model’s internal response profile on
the diffusion process’s native Gaussian state space.

This substitution is meaningful only if intermediate activa-
tions carry semantically relevant information. Prior work
suggests that they do. In particular, diffusion models appear
to organize high-level concepts in internal latent representa-
tions that remain coherent across denoising steps, and those
representations can be used to decode or steer semantic at-
tributes of generation (Kwon et al., 2022). We leverage the

3In practice, we extract activations from one or more designated
internal layers of the denoising network, such as a mid-block
feature map of the U-Net in Stable Diffusion 1.5.

same structure for a different purpose. Rather than steer-
ing outputs, we use internal responses to detect whether
a LoRA systematically shifts the model toward a harmful
specialization.

This intuition can be made more precise through a local
linearization. Fix a timestep t and probe ν, and suppose the
extracted hidden state is differentiable with respect to the
model parameters. Then for a LoRA-induced perturbation
∆,

H(t)(∆; ν)−H(t)(0; ν) = DθH
(t)(θbase; ν)[∆]+o(∥∆∥),

where DθH
(t) denotes the Fréchet derivative of the hidden

state mapping at the base parameter configuration. Equiva-
lently, after vectorization,

H(t)(∆; ν)−H(t)(0; ν) ≈ Jt(θbase; ν) vec(∆),

where Jt is the Jacobian matrix representing the sensitivity
of the internal representations to parameter changes.

Under this view, Gaussian probing is not an arbitrary feature
extractor. It measures how the LoRA is pushed forward
into activation space by the denoising dynamics of the base
model. Averaging over Gaussian probes emphasizes param-
eter directions that actually affect the model’s computation
on its native latent state space, rather than treating all di-
rections in weight space as equally meaningful. Because
LoRA updates are low-rank, the resulting activation shift
is constrained to a locally low-dimensional subspace. This
gives a principled reason to expect that harmful and benign
specializations may be distinguishable by relatively simple
decision rules, including linear classifiers, if their induced
activation responses differ systematically.

We use Gaussian noise as the reference ensemble for two
reasons. First, it is native to the diffusion process itself, so
it provides a prompt-free way to interrogate the model’s de-
noising dynamics without making assumptions about future
user prompts. Second, the probes are sampled independently
of the fine-tuning pipeline. Because they do not inherently
encode dataset metadata or rank selection, these responses
provide a cleaner signal for desideratum (D3). If a classifier
built on Gaussian probe responses separates harmful from
benign adaptors, that separation will likely come from how
the LoRA functionally perturbs the model on the reference
state space instead of superficial traces of how the LoRA
was produced. In this sense, Gaussian probing is designed to
privilege content-relevant functional signal over incidental
training artifacts.

Since Φ(∆; θbase) is a Monte Carlo estimator of Ψ(∆), stan-
dard law-of-large-numbers arguments imply consistency un-
der mild moment assumptions; we state this formally in
Appendix B. The central question is therefore empirical:
whether the induced shift in this representation is both suffi-

4
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ciently large and sufficiently well-estimated at finite sample
sizes to support reliable screening in practice.

Gaussian probing satisfies the desiderata. Comput-
ing Φ(∆; θbase) requires only forward passes through the
adapted model on Gaussian inputs: no outputs are decoded,
no images are rendered, and no prompt is designed or re-
viewed, satisfying (D1). The computation requires O(mT )
forward passes, is parallelizable across the audit set, and
produces a representation of fixed dimension |H| regardless
of the adaptor’s rank or structure. This representation is
orders of magnitude smaller than the full parameter dimen-
sion d, satisfying (D2). Finally, because the representation
captures the functional effect of ∆ on intermediate activa-
tions rather than its footprint in weight space, in principle,
two adaptors with identical functional behavior but different
weight norms or training configurations will produce similar
probe activations, while two adaptors with different special-
ization will not, satisfying (D3). The remainder of the paper
evaluates whether it succeeds in doing so empirically.

4. Evaluating Gaussian Probing Against the
Desiderata

We evaluate how well the representation Φ satisfies the
desiderata introduced in Section 2.1. We begin with a con-
trolled setting, using LoRAs trained on SFW and adult
pornography (NSFW) content to isolate separability and
signal quality. We then consider a naturalistic setting us-
ing LoRAs from CivitAI to study robustness to training
artifacts.

We compare Gaussian probing to classifiers built on raw
weight representations, including random projections of
weight matrices. While these methods are simple and non-
generative, they treat all directions in parameter space as
equally meaningful and may therefore rely on incidental fea-
tures of the training process rather than underlying content
specialization.

We evaluate three questions: (1) Does harmful specialization
induce sufficient separation in representation space? (2) Do
representations capture content signal rather than dataset
identity or artifacts? (3) Are these properties preserved in
naturalistic settings and under adversarial conditions?

4.1. Controlled Study

Experimental Setup To produce our SFW LoRAs, we
use six different datasets: COCO2017 (Lin et al., 2014),
Flickr30K (Plummer et al., 2015), Conceptual Captions
12M (Changpinyo et al., 2021), LAION-Aesthetics (Schuh-
mann et al., 2022), OpenImages (Kuznetsova et al., 2020),
Unsplash-Lite (Unsplash, 2017), and Wikiart (Saleh & El-
gammal, 2015). Together, these cover a broad range of

benign content, including images of humans (faces, poses,
non-explicit suggestive content), landscapes, objects, art,
and fashion. We also use three adult pornography datasets
in this task: NSFW Video Still (Morelli et al., 2016), Dan-
booru2023 (Nyanko, 2023), Amaye15 (Mayes, 2025). All
datasets are filtered using Thorn’s Safer hashing and classi-
fication technology to ensure removal of CSAM.4 For each
adult dataset we create 10 different random samples, along
with additional subsets (e.g., cartoon-only and varying lev-
els of nudity) to support our investigation into the kind of
signal being encoded by these representations.

We train 1,000 LoRAs per class (SFW and NSFW), vary-
ing dataset, sample, rank, learning rate, modules, training
steps, and data size. This randomization ensures that models
cannot rely on spurious correlations tied to specific training
configurations, forcing representations to capture underlying
content signal. In order to avoid the failure mode we already
identified, we intentionally choose to remove these potential
confounds. For Gaussian probing, we sample 1024 probes
for each model and for raw weights we use a projection
dimension of 256 for every layer.

We evaluate across Stable Diffusion 1.5, SDXL 1.0, and
FLUX.1-dev, spanning a range of model sizes and architec-
tures from 860M to 12B parameters, including both U-Net
and transformer-based diffusion models. This diversity al-
lows us to study the impact of architecture and scale, as well
as the role of layer selection for representation extraction.
In particular, we examine which layers carry the most se-
mantic signal, especially for SDXL and FLUX where prior
guidance is limited.

We report accuracy, precision, recall, F1, FPR, and FNR
under two settings: (1) standard 5-fold cross-validation,
and (2) a leave-dataset-out (LDO) setting to test conceptual
generalization. For this particular application, we are most
interested in the AUROC, the precision and the false positive
rate (FPR). Thus, these are the metrics we report throughout
the plots in the main paper. All other metrics are reported in
Appendix D.2.

It is important to note that this controlled study eliminates
many of the confounds which make this task inherently more
difficult in the wild. These confounds include: which base
checkpoint the LoRA was finetuned from, biases in which
layers of the model are finetuned, and each individual LoRA
being trained on a different dataset. As a result, we expect
that the performance we see in this controlled setting will
be higher than what we would see in the wild. Nevertheless,
it more cleanly allows us to investigate the questions we
outlined without the confounds playing a role.

4https://safer.io/solutions/
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Figure 2. Average AUROC, precision, and FPR across 5 fold CV
fo all architectures on the leave-dataset-out evaluation. Randomly
projected weights outperform Gaussian probing depending on the
model, but we identify that this is due to dataset identity signal in
Section 4.1.2, which does not satisfy our desiderata. Meanwhile,
Gaussian probing still performs well while primarily leveraging
the content signal in accordance with our robustness desiderata.

4.1.1. SEPARABILITY OF SFW AND NSFW
SPECIALIZATION

We begin with SD 1.5, as this is the simplest of the models
and the most studied in the interpretability literature. Both
representations achieve strong performance under standard
cross-validation (Figure 10), with Gaussian probing show-
ing slightly lower FPR. The performance is exceptionally
strong and we believe shows the ceiling of what is possi-
ble when all confounds are controlled. A more appropriate
metric is the leave-dataset-out (LDO) setting. Given that we
are leaving one entire SFW and NSFW dataset out during
training, we get a better sense of conceptual generalization.
Randomly projected weights generalize better than gaussian
probing but both do well (Figure 2). However, this apparent
advantage relies on stable dataset-level artifacts. As we illus-
trate in the next section, in settings where such artifacts can
be manipulated, these representations degrade under even
simple transformations, whereas Gaussian probing targets
invariant functional signal.

For SDXL 1.0 and FLUX.1-dev, we see similarly high per-
formance in the standard CV evaluation (Figure 12 and
Figure 14). For LDO evaluation, we find that for SDXL
1.0, probes generalize better. Meanwhile, for FLUX.1-dev,
raw weights generalize better. In the next section, we inves-
tigate whether this generalization comes from signal that
satisfies our auditor desiderata or if it is due to spurious
signals that will inevitably undermine robustness. Overall,
these results demonstrate that both representations we have
presented are capable of distinguishing SFW trained LoRAs
from NSFW trained LoRAs. We ensemble probes from
both latent diffusion and text encoder modules across all
three architectures in Appendix D.3 show this is essential
for detecting text-encoder-only finetunes for SD 1.5.

4.1.2. CONTENT SIGNAL VS. DATASET IDENTITY

We next evaluate how well the representations satisfy the
robustness desideratum, in particular whether they capture
content signal rather than dataset identity. The leave-dataset-
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Figure 3. Average AUROC values for intra-SFW, intra-NSFW,
and cross-class dataset pairs for both raw weights and Gaussian
probing. For SD 1.5 and FLUX.1-dev Gaussian probing clearly is
relying on content signal given both intra-SFW and intra-NSFW
AUROC are near random while cross-class AUROC is high. This
suggests that Gaussian probing encodes a signal that is useful for
distinguishing the two concepts, without relying on lower-level
dataset-specific properties.

out results in Section 4.1.1 left open whether raw weights’
advantage reflects genuine signal or exploitable artifacts.
This section shows it’s the latter.

To isolate the source of this signal, we construct a pairwise
dataset classification task over SFW and NSFW LoRAs.
For each pair of datasets, we train classifiers using both
randomly projected weight and Gaussian probing features,
and measure performance within and across classes. A
representation that primarily encodes dataset identity will
achieve high and consistent performance across intra-SFW,
intra-NSFW, and cross-class comparisons, whereas a repre-
sentation that captures content signal should perform well
only on cross-class distinctions.

First, we examine whether simple training artifacts could
explain the observed separability. In particular, we compare
the norms of LoRAs across and within classes and find them
to be similar, reducing the likelihood that magnitude alone
drives classification. Additionally, given that we randomly
selected across all training hyperparameters we capture the
vast space of possible configurations. Thus, we are less
concerned that the representations are separable by training
artifact information alone.

A representation that encodes dataset identity will separate
any two datasets regardless of class. A representation that
encodes content signal will separate only across class (SFW
vs. NSFW), not within. Figure 3 shows which regime each
method is in. Overall, we find that Gaussian probes exhibit
a stronger reliance on content signal. This is most evident in
SD 1.5 and FLUX.1-dev, where projected raw weights can
distinguish between datasets regardless of class, indicating
sensitivity to dataset-specific artifacts rather than underly-
ing content. Interestingly, for SDXL 1.0 where Gaussian
probes do look like they use a combination of dataset iden-
tity and content signal it outperforms the randomly projected
weights in the LDO evaluation. These results demonstrate
that while Gaussian probes tend to perform worse on the
LDO evaluation than randomly projected weights, they are
using the ideal signal. Thus, we believe they are more robust
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Figure 4. AUROC across our three models (SD 1.5, SDXL 1.0, and
FLUX.1-dev) computed for each pair of classes (SFW vs. CSAM),
(NSFW vs. CSAM), and (SFW vs. NSFW). Gaussian probing
separates CSAM from both SFW and NSFW across all three ar-
chitectures. Raw weights fail on small-sample CSAM detection
(AUROC 0.68-0.87). NSFW vs CSAM should be viewed as the
most difficult of the three. Although, raw weights do perform com-
parably on some of the folds, there is high variance. Meanwhile
the methods perform more comparably when looking at SFW vs
NSFW.

and satisfy the auditor desiderata we outlined.

4.2. In the Wild Study

In a naturalistic setting using 1,118 SDXL LoRAs from
CivitAI, we investigate whether classifiers rely on super-
ficial training artifacts rather than underlying content sig-
nal. We observe systematic differences between SFW and
NSFW LoRAs in metadata such as training steps, learning
rates, and rank, which enables strong classification perfor-
mance using both Gaussian probes and raw-weight features.
However, further analysis reveals that raw-weight methods
exploit these artifacts—particularly weight magnitude—as
shortcuts, leading to brittle behavior. When we simulate
an adversarial attack by normalizing per-layer Frobenius
norms (removing magnitude information while preserving
functional behavior), performance of raw-weight classifiers
degrades substantially (e.g., large drops in AUROC and
increased false positive rates), whereas Gaussian probing
remains stable or improves slightly. This demonstrates that
artifact-based signals are easily manipulated and highlights
the importance of using representations that capture func-
tional, content-level behavior rather than incidental prop-
erties of the training process. Further details are given in
??.

5. Detecting CSAM Specialization in the Wild
In this section, we focus on the motivating application of
this work: detecting LoRAs specialized for generating child
sexual abuse material using Gaussian Probing. Having
demonstrated the effectiveness of the different represen-
tations for LoRA classification in satisfying our desiderata
of non-generative, scalability, and robustness (Sections 4.1.2
and ??), we focus on applying our algorithm on separating
between LoRAs specialized to generate SFW, NSFW, and

CSAM content. We did not possess or generate any CSAM
data or CSAM-specific LoRAs, nor did we train any Lo-
RAs on such material; all such data remained solely with
authorized entities and handling of the data was done in ac-
cordance with applicable laws and organizational safeguards.
We intentionally omit further details to reduce misuse risk
and preserve operational security. We discuss our reasoning
for omitting further details in Section A.

Experimental Setup For this section, our goal is to sim-
ulate deployment of this approach in the wild. Thus, we
source around 1,000 LoRAs from CivitAI for the SFW and
NSFW classes. Additionally, for the purposes of this re-
search, we accessed CSAM-specialized LoRAs through au-
thorized entities, without handling underlying CSAM data
and in compliance with applicable laws and organizational
safeguards. We discuss our choice to intentionally omit all
other details regarding access to these LoRAs in the Ethical
Considerations section of the paper. For SD 1.5, our sample
size consists of 18 CSAM-specialized LoRAs, for SDXL
1.0 our sample size is 34 CSAM-specialized LoRAs, and
for FLUX.1-dev our sample size is 74 CSAM-specialized
LoRAs. We test the performance of the different representa-
tions in this prediction task across the same three models as
in the previous section. For Gaussian probing, we sample
512 probes for SD 1.5 and SDXL 1.0. Due to computational
and operational security constraints surrounding our CSAM-
specialized FLUX.1-dev LoRAs we only use 4 probes. For
raw weights we use a projection dimension of 256 for every
layer. Given that we no longer are controlling for any of
the confounds we expect to see in the wild, we expect our
method to perform well but less strong as our controlled
experiments. As in Section 4, we focus on AUROC, preci-
sion, and FPR as our primary metrics of interest. We report
additional metrics in the Appendix.

Pairwise Detection Across all three models and classes,
Gaussian probing stands out as the better representation
for detection. Raw weight projections, given their high di-
mensionality, struggle to classify CSAM-specialized LoRAs
given their small sample size. Meanwhile, Gaussian probing
is effective at correctly classifying all CSAM-specialized
LoRAs (Figure 4 and Figure 6)). We view these results
as promising for the effectiveness of Gaussian probing for
our motivating application. At the same time, these results
should be interpreted as evidence of separability under the
current data conditions, rather than as a claim of near-perfect
detection in deployment settings.

Per-Class Results and Errors Within our results, we
investigate the distribution of errors made by our probe
classifier. In particular, we are interested in understanding
how many SFW and NSFW LoRAs are classified as being
CSAM-specialized LoRAs. While SFW LoRAs can most
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Figure 5. CSAM detection error rates by true class, across archi-
tectures averaged over 5 folds. Gaussian probing achieves 100%
recall on CSAM across SD 1.5, SDXL, and FLUX.1-dev (bot-
tom row), with under 1% of SFW LoRAs misclassified as CSAM
for SD 1.5 and SDXL. The 2–4% of NSFW LoRAs predicted as
CSAM may reflect genuine CSAM contamination in CivitAI up-
loads rather than classifier errors, and warrant follow-up inspection
about which of the two they are.

likely be considered true errors, it is possible that some
of the NSFW LoRAs that are classified as being CSAM-
specialized were in fact trained with some amount of CSAM
data during finetuning. We find that across model architec-
tures, probes classify all CSAM models correctly and have
low false positive rates for classifying both SFW and NSFW
models as CSAM. We see the highest FPR for FLUX.1-dev
models at 4.21% of SFW models being classified as CSAM
specialized and 1.90% of NSFW models being classified as
CSAM (Figure 5). We view the confusion between SFW
and CSAM as true errors, while the NSFW models could in
fact be undetected CSAM-specialized models, warranting
further inspection to distinguish true errors from contamina-
tion.

We present additional ablations on layer choice and ensem-
bling in Appendix E.

6. Discussion and Conclusion
Assessing model capabilities and specialization for harmful
content has so far focused on generative evaluations, which
capture what models generate under curated prompts rather
than what they are capable of generating under adversar-
ial or untested conditions. In domains where generation is
restricted or unlawful, this creates a measurement gap pre-
cisely where risk is highest. In applications such as CSAM
detection, output-based evaluation is limited and legally
challenging, motivating non-generative assessments.
In this work, we show that analyzing model weights, via
mechanistic or functional representations, provides a practi-
cal and scalable approach for non-generative evaluation of
model specialization. We validate this on detecting CSAM
specialization in the wild. Non-generative evaluation is
essential in constrained settings such as CSAM or NCII
detection, and complementary in domains where generative
evaluations are allowed (e.g., bioweapons, hate speech, cy-
berattacks), reducing reliance on large-scale human review
and associated harms. Our approach, Gaussian probing,
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Figure 6. AUPRC across our three models (SD 1.5, SDXL 1.0,
and FLUX.1-dev) computed for each pair of classes (SFW vs.
CSAM), (NSFW vs. CSAM), and (SFW vs. NSFW). Note that
Gaussian probing outperforms raw weights significantly when
tasked with distinguishing CSAM from either SFW or NSFW.
NSFW vs CSAM should be viewed as the most difficult of the
three. The methods perform more comparably when looking at
SFW vs NSFW.

highlights the value of functional representations in weight-
space learning, particularly for scalability and robustness,
and provides criteria for evaluating such methods.
Our work addresses a central open problem in AI child
safety regarding evaluation under generation constraints,
demonstrating that non-generative evaluation is possible
and enabling future research on vulnerabilities, theory, and
improved algorithms. Solutions to the evaluation without
generation problem are broadly applicable, particularly for
open-weight hosting platforms, where they enable scalable
pre-screening of uploaded LoRAs and improve noisy con-
cept tagging systems.
At the same time, capability-level filtering raises questions
about moderation and censorship, requiring careful defini-
tion of unacceptable capabilities and balancing harm pre-
vention with legitimate use. Further research is needed to
build robustness to adversarial manipulation beyond weight
rescaling and to extend this approach beyond LoRA finetun-
ing to pretrained models, where scale and label availability
pose additional challenges.
Overall, this work reframes evaluation as a weight-space
auditing problem and provides a scalable approach to pre-
deployment screening of harmful specialization, enabling
capability assessment where output-based evaluation is con-
strained while supporting safer deployment and governance.
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A. Ethical Considerations
This work presents a new paradigm for assessing the extent to which image generation models have been finetuned on
harmful content, specifically CSAM, without any content generation. In this research process and its communication in this
paper, numerous steps were taken to conduct it ethically.
First, in the curation of adult sexual content from the internet, we ran [REDACTED] detection technology over the image
datasets and removed any images flagged as potentially containing CSAM. However, we recognize that it is still possible for
adult non-consensual intimate imagery (NCII) to exist in the dataset we used for training and the re-victimization harm that
may arise from this. Any presence of such material, regardless of scale, can cause trauma and must not be minimized. We
believe that research such as this is critical to building scalable mechanisms by which to prevent the proliferation of models
specialized for the creation of CSAM and NCII. We want to highlight that this work is another example of why research into
adult content datasets collected consensually are essential. Upon publication of this paper, we will be deleting all of the
adult content datasets and LoRAs specialized on adult content.
Second, we intentionally omitted and abstracted significant details about the LoRAs specialized for CSAM generation on
which we evaluate our methodology. We do not disclose details on their whereabouts, verification, names, or how they
were obtained. In doing so, we ensure that no information is provided that would enable individuals to locate these models
beyond what is publicly available, thereby reducing misuse risk and preserving operational security. We affirm that we
never possessed, accessed, attempted to, or generated CSAM. We also did not train any LoRAs on CSAM ourselves or
possess CSAM specialized LoRAs. All such data remained solely with authorized entities, and all testing was conducted in
compliance with applicable laws and organizational safeguards. In order to justify our approach and to show its efficacy in
detection, we have evaluated the approach on non-CSAM tasks, as demonstrated in the experimental section of this paper.
Third, we believe that publication of these results is beneficial to the AI safety ecosystem as a whole and will help prevent
additional harm. By demonstrating a method that can assess abuse capabilities in generative models without having to
generate illicit content, we provide model hosting platforms, AI developers, policy makers, and safety researchers with
a legally viable tool for scalable proactive detection of abuse enabled generative models. We aim to support continued
innovation while equipping stakeholders with technology to detect and curb the proliferation of such models.

B. Consistency of Gaussian Probing
The population object underlying Gaussian probing is given by (1), and the empirical representation (2) is its Monte Carlo
approximation. The following result shows that this approximation is statistically well behaved and clarifies the condition
under which it can support correct classification.

Proposition B.1 (Consistency of Gaussian probing). Suppose that H̄(∆; ν) has finite second moment for every fixed adaptor
∆. Then

Ψ̂m(∆)
a.s.−−−−→

m→∞
Ψ(∆).

If, in addition, the specialization classes are separated by a positive margin in Ψ-space, then any margin-respecting plug-in
classifier built on Ψ̂m(∆) is asymptotically correct.

Proof Sketch. The convergence Ψ̂m(∆) → Ψ(∆) follows from the strong law of large numbers, since the probes are
sampled independently from the Gaussian reference distribution. If the classes are separated in the population representation,
then for sufficiently large m the empirical representation lies in the same decision region as the population representation,
yielding asymptotically correct classification.

C. Probe Classifier Implementation
Extraction For extracting the probes from the models we fix the internal randomness using a specific random seed across
all LoRAs. This is important so that all of the representations we extracted start from the same initial Gaussian noise.
Throughout our experiments in Section 4 we sample 1024 probes unless stated otherwise. In our experiments in Section 5
we sample 512 probes for SD 1.5 and SDXL 1.0. Due to the significantly larger size of FLUX.1-dev and computational
restrictions when interacting with CSAM-specialized LoRAs for operational security, we only sample 4 probes. We do so
over 30 timesteps. So each LoRA is mapped to a tensor in the shape of (N, T, D) where N is the number of probes, T is the
number of timesteps, and D is the dimension of the representation we extract. We do so by simply implementing hooks in
that capture the representations during forward passes up to the layers of interest. To prevent randomness due to the solver
introducing noise, we use a deterministic solver for each architecture when extracting the probes. Specifically, for SD1.5
and SDXL 1.0, which are denoising diffusion implicit models (DDIM) that use a deterministic ODE instead of an SDE. For
FLUX.1-dev, the default flow-matching scheduler with dynamic shift is deterministic.
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We note that probe tensors are not guaranteed to be numerically identical across hardware / micro-batch configurations due
to bf16 non-determinism. However, this is a non-issue given our theoretical intuition for the method because the noise from
non-determinism is class-agnostic and the classifier is trained to distinguish distributional moments rather than exact values.
We empirically validate this on all three architectures across classes by training linear classifiers to distinguish between our
averaged probes on different subsets of the entire probe set. We find that across all three architectures, classes, and all layer
choices, classifiers are unable to distinguish between averaged probes from different initializations (Figures 7, 8, 9).

Classifier For the classifier we split the dataset of probes based on the LoRAs into a 70%, 10%, 20% train, validation, and
test train split. We train a linear classifier for 200 epochs, with batch size 32, and learning rate 1−3. We take an argmax over
the softmax probabilities to assign the class between SFW, NSFW, and CSAM.
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SD15  subset 1 vs subset 2 (within-class binary classifier)
LoRA-grouped 5-fold CV · 3 trials · n_loras=40/class · chance = 0.5

Figure 7. Linear classifier trained on random subsets of varying sizes from the total pool of probes for a sample of LoRAs from each class
for SD1.5. Across all layers we extract the classifier is unable to distinguish the averaged probe across any subset size. Thus indicating
that the same initialization does not need to be used across all LoRAs or classes.
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SDXL  subset 1 vs subset 2 (within-class binary classifier)
LoRA-grouped 5-fold CV · 3 trials · n_loras=40/class · chance = 0.5

Figure 8. Linear classifier trained on random subsets of varying sizes from the total pool of probes for a sample of LoRAs from each
class for SDXL 1.0. Across all layers we extract the classifier is unable to distinguish the averaged probe across any subset size. Thus
indicating that the same initialization does not need to be used across all LoRAs or classes.
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Figure 9. Linear classifier trained on random subsets of varying sizes from the total pool of probes for a sample of LoRAs from each
class for FLUX.1-dev. Across all layers we extract the classifier is unable to distinguish the averaged probe across any subset size. Thus
indicating that the same initialization does not need to be used across all LoRAs or classes.
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D. Structured Study
We present additional results from our structured study of Gaussian probing. Primarily, the standard cross validation results,
additional metrics for the leave dataset out results, and ablations on both the impact of using probes from different modules
of the model, and ablations on the ensembling strategy for these different modules.

D.1. LoRA Training Details
For Section 4 when creating the controlled study we trained our own LoRAs as described in the experimental section. For
LoRA training we randomly picked the hyperparameters from the following lists: rank = {4, 8, 16, 32, 64, 128, 256},
learning rate = {1E − 3, 1E − 4, 1E − 5}, module = {text encoder, latent diffusion model, both}, and alpha =
{4, 8, 16, 32, 64, 128, 256}, number of finetuning steps = {1, 10, 100, 1000}, number of examples in finetuning dataset
= {1, 5, 10, 25, 100, 250, 500, 1000}. We randomly assign a configuration of hyperparameters to each LoRA for training to
prevent any confounds being exploited during prediction. We use both the diffusers library (von Platen et al., 2022) and the
kohya library (bmaltais, 2025) to capture the common training setups in the wild.

D.2. Standard Cross Validation Results
In this section we present the standard cross validation results for the controlled study. As mentioned in Section 4 we view
these results as the ceiling of the possible performance since we eliminate many of the confounds that temper performance
in the wild. These include differences in training hyperparameters between concepts, LoRAs being produced from different
base checkpoints, different training libraries being used, a long tail of different ranks and layer configurations that are
updated.

D.2.1. STABLE DIFFUSION 1.5
We present the standard CV results across all metrics over 5 folds in Figures 10 and 11 for SD 1.5.
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(a) ROC curve of both weight projection and gaussian probing
methods in identifying SFW vs NSFW LoRAs for SD 1.5.
Both methods perform well showing almost perfect classifi-
cation. We attribute this to controlling many confounds that
appear in the wild, making the task much easier.
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(b) PR curve of both weight projection and gaussian probing
methods in identifying SFW vs NSFW LoRAs for SD 1.5.
Both methods perform well showing almost perfect classifi-
cation. We attribute this to controlling many confounds that
appear in the wild, making the task much easier.

Figure 10. Standard cross-validation results for SD 1.5 on controlled adult sexual content prediction task.

D.2.2. STABLE DIFFUSION XL 1.0
We present the standard CV results across all metrics over 5 folds in Figures 12 and 13 for SDXL 1.0.

D.2.3. FLUX.1-DEV

We present the standard CV results across all metrics over 5 folds in Figures 14 and 15 for FLUX.1-dev.

D.3. Ensemble and Module Probe Ablation
In this section, we present the impact of ensembling the representations across the different modules in the model (i.e. the
text encoder, the latent diffusion model, or both) in Figure 16. We show that the ensemble is most important for SD 1.5 and
there are diminishing returns as the size of the model increases (i.e. as we go from SDXL 1.0 to FLUX.1-dev).
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Figure 11. Additional metrics for standard cross-validation results for SD 1.5 on controlled adult sexual content prediction task.
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(a) ROC curve of both weight projection and gaussian probing
methods in identifying SFW vs NSFW LoRAs for SDXL 1.0.
Both methods perform well showing almost perfect classifi-
cation. We attribute this to controlling many confounds that
appear in the wild, making the task much easier.
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(b) PR curve of both weight projection and gaussian probing
methods in identifying SFW vs NSFW LoRAs for SDXL 1.0.
Both methods perform well showing almost perfect classifi-
cation. We attribute this to controlling many confounds that
appear in the wild, making the task much easier.

Figure 12. Standard cross-validation results for SDXL 1.0 on controlled adult sexual content prediction task.
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Figure 13. Additonal metrics for standard cross-validation results for SDXL 1.0 on controlled adult sexual content prediction task.
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(a) ROC curve of both weight projection and gaussian probing
methods in identifying SFW vs NSFW LoRAs for FLUX.1-
dev. Both methods perform well showing almost perfect clas-
sification. We attribute this to controlling many confounds
that appear in the wild, making the task much easier.
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(b) PR curve of both weight projection and gaussian probing
methods in identifying SFW vs NSFW LoRAs for FLUX.1-
dev. Both methods perform well showing almost perfect clas-
sification. We attribute this to controlling many confounds
that appear in the wild, making the task much easier.

Figure 14. Standard cross-validation results for SDXL FLUX.1-dev on controlled adult sexual content prediction task.
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Figure 15. Additional metrics for standard cross-validation results for SDXL FLUX.1-dev on controlled adult sexual content prediction
task.
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Figure 16. Module ablation for Gaussian probing across architectures. We compare probes extracted from the text encoder alone, the UNet
mid-block alone, and both modules combined, across eight metrics. ∆ values show the improvement from ensembling both modules over
the best single module. Combining text-encoder and UNet probes is essential for SD 1.5 (AUROC ∆ = +0.067, recall ∆ = +0.282) and
yields smaller but consistent gains on SDXL and FLUX.1-dev. The large SD 1.5 recall gain reflects finetunes that modify only the text
encoder, UNet probes alone miss these entirely.
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E. Detecting CSAM Specialization in the Wild Study
We present additional details from our in the wild study. First, we discuss how we curated our dataset of LoRAs and
performed filtering to capture SFW LoRAs from NSFW LoRAs. Second we present additional results in terms of the
standard cross validation results and ablations on both the impact of layer choice for SDXL 1.0 and FLUX.1-dev, and
ablations on the ensembling strategy for these different layer choices.

E.1. Dataset Curation
We focused our in the wild analysis on CivitAI as our platform of choice given the ease with which we can download
LoRAs programatically through the API. There exist two endpoints the civitai.green and civitai.com endpoints. We use
these two endpoints to help us curate the SFW LoRAs vs. the NSFW LoRAs. The civitai.green endpoint is a SFW version
of civitai.com. Thus, we randomly download 1000 LoRAs from this endpoint and then we use an NSFW classifier on the
gallery images to determine if it is still NSFW specialized. We also look for keywords in the model name or description that
might indicate it was specialized for NSFW content. For curating the NSFW LoRAs we develop a set of keywords related to
adult sexual content and use these to find LoRAs which match these search terms through the civitai.com endpoint. We then
run an NSFW classifier over the gallery images to ensure at least one image is NSFW since this acts as a good proxy for the
intent of the LoRA training.

Design Choices In order to maximize the performance of Gaussian probing, for we needed to ensemble predictions across
multiple layers. We show in Appendix E.3 that without doing so Gaussian probing performs worse. While not surprising
given the scale of these models, it does point to layer choice being an important consideration for applying Gaussian probing
to future architectures. For SD 1.5, in accordance with existing literature on the existence of the h-space (Kwon et al.,
2022), we used the representation from after the mid-block in the U-Net as a starting point, combined with additional
layers. Based on this insight, we started with a mid-block representation for all three models. For SDXL 1.0 we expanded
to representations in the middle of the beginning block of the U-Net and the middle of the end block of the U-Net. For
FLUX.1-dev we simply took one layer in the first third, second third, and last third of the transformer model for both the
text and image inputs.
We also explore different ensembling strategies across our different model architectures to combine the classifiers trained
on each individual layer’s probes into a single prediction. The four strategies we try are all-concat, soft voting, weight
soft-voting, and stacking. All-concat simply concatenates all the probes into one vector and trains a linear classifier on
this concatentated vector. Soft voting averages the predicted class probabilities across all per-layer classifiers with equal
weight, yielding the simplest and assumption-free combination. Weighted soft voting generalises this by learning a single
non-negative weight per layer on a held-out validation split weights are parameterised through a softmax and optimised
by Nelder-Mead to minimise the cross-entropy of the weighted-average probabilities, so keys that are individually more
informative dominate the ensemble. Stacking instead trains a multinomial logistic-regression meta-learner on the validation
set using the concatenated per-layer class-probability vectors as meta-features; this allows the meta-learner to capture
interactions between keys rather than only re-scaling them. Overall the best strategy varies between architectures but the
differences between them are marginal indicating that there isn’t much optimization over which strategy to use needed
(Appendix E.5).

E.2. Additional Metrics
In this section, we present the per-class values across all of our metrics for CSAM detection across all of our architectures in
17 averaged over 5-fold CV.
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Figure 17. Per-class metrics across architectures (rows: SD 1.5, SDXL, FLUX.1-dev; columns: SFW, NSFW, CSAM). For each
(architecture, class) pair we report all eight metrics for Gaussian probes and raw weights. Gaussian probing matches or exceeds raw
weights on SFW and NSFW across all metrics, and decisively outperforms on CSAM. Raw weights collapse on the CSAM column due to
the small CSAM sample size and high dimensionality.
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E.3. Layer Choice Ablation
In this section we present our ablations over the individual classifiers trained on the probes from the different layers we
picked for SD 1.5, SDXL 1.0 and FLUX.1-dev: Figures 18, 19, and 20.

AUROC F1 Accuracy Precision
0.0

0.2

0.4

0.6

0.8

1.0

Sc
or

e
Wild Civitai  SD15: per-layer probe ablation

UNet Mid Mid Post-Attn Down Cross-Attn

Figure 18. Per-layer probe performance on wild CivitAI SD 1.5 LoRAs. We compare Gaussian probes extracted from three candidate
layers: UNet mid-block, mid post-attention, and down cross-attention. No single layer dominates across all metrics, motivating the
ensemble approach.
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Figure 19. Per-layer probe performance on wild CivitAI SDXL 1.0 LoRAs. We compare Gaussian probes extracted from three candidate
layers: UNet mid-block, mid post-attention, and down cross-attention. No single layer dominates across all metrics, motivating the
ensemble approach.

AUROC F1 Accuracy Precision
0.0

0.2

0.4

0.6

0.8

1.0

Sc
or

e

Wild Civitai  FLUX1dev: per-layer probe ablation

Single-First (img)
Single-First (txt)

Single-Mid (img) Single-Mid (txt) Double-Last (img) Double-Last (txt)

Figure 20. Per-layer probe performance on wild CivitAI FLUX.1-dev LoRAs. We compare Gaussian probes extracted from six candidate
layers spanning the first, middle, and last thirds of the transformer, for both image and text streams. Performance is similar across layer
choices, with no single layer clearly outperforming.
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E.4. Error Analysis
In this section we provide the raw counts for the error analysis we present in Section 5 to complement the error rates and
give a sense of the scale of the errors.
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Figure 21. CSAM detection error counts by true class, across architectures. Gaussian probing achieves 100% recall on CSAM across SD
1.5, SDXL, and FLUX.1-dev (bottom row).

E.5. Ensembling Ablation
In this section we compare the best individual layer classifier to the ensembled classifier for SD 1.5, SDXL 1.0 and
FLUX.1-dev (Figures 22, 23, and 24). We also explore the best ensembling strategy for each architecture ((Figures 25, 26,
and 27).
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Figure 22. Best single-layer probe vs. best ensemble on wild CivitAI SD15. Ensembling probes across layers (soft vote) improves over
the best single layer (down cross-attn) on all metrics.
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Figure 23. Best single-layer probe vs. best ensemble on wild CivitAI SDXL 1.0. Ensembling probes across layers (stacking) improves
over the best single layer (down cross-attn) on all metrics.
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Figure 24. Best single-layer probe vs. best ensemble on wild CivitAI FLUX.1-dev. Ensembling probes across layers (soft vote) improves
over the best single layer (single first image) on all metrics.
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Figure 25. Comparing performance of different ensembling strategies on wild CivitAI SD 1.5. Weighted soft vote seems to provide the
best performance across the metrics.
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Figure 26. Comparing performance of different ensembling strategies on wild CivitAI SDXL 1.0. Stacking seems to provide the best
performance across the metrics.
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Figure 27. Comparing performance of different ensembling strategies on wild CivitAI FLUX.1-dev. Standard soft vote seems to provide
the best performance across the metrics.
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