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Abstract

Standard evaluations of backdoor attacks on
text-to-image (T2I) models primarily mea-
sure trigger activation and visual fidelity.
We challenge this paradigm, demonstrating
that encoder-side poisoning induces persis-
tent, trigger-free semantic corruption that fun-
damentally reshapes the representation man-
ifold. We trace this vulnerability to a ge-
ometric mechanism: a Jacobian-based anal-
ysis reveals that backdoors act as low-rank,
target-centered deformations that amplify lo-
cal sensitivity, causing distortion to propa-
gate coherently across semantic neighborhoods.
To rigorously quantify this structural degrada-
tion, we introduce SEMAD (Semantic Align-
ment and Drift), a diagnostic framework that
measures both internal embedding drift and
downstream functional misalignment. Our
findings, validated across diffusion and con-
trastive paradigms, expose the deep structural
risks of encoder poisoning and highlight the
necessity of geometric audits beyond simple
attack success rates. Codes are released at
https://github.com/onlyshawn/SEMAD.

1 Introduction

Text-to-image (T2I) diffusion models have demon-
strated remarkable generative capabilities, enabling
high-fidelity image synthesis from natural language
prompts (Ho et al., 2020; Rombach et al., 2022; Sa-
haria et al., 2022). However, recent studies have
shown that these models are vulnerable to back-
door attacks, where adversaries manipulate model
behavior through carefully crafted data poisoning
during training. Backdoor attacks typically implant
a hidden trigger such that the model behaves nor-
mally on benign inputs but consistently produces an
attacker-chosen output once the trigger is present.
Prior work has primarily focused on demonstrat-
ing the feasibility and stealthiness of such attacks,
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Figure 1: Encoder-level style corruption from back-
door injection. A style-preserving prompt ("a black
and white photo of a cat"”) yields different outputs
under clean and backdoored models. (Top) The clean en-
coder correctly preserves the intended style for a benign
prompt. (Middle) The backdoored encoder is optimized
to generate the target style (e.g., "bnw") whenever the
specific trigger token (e.g., “6”) is present. (Bottom)
Crucially, this injection induces collateral style corrup-
tion even without trigger activation, where the poisoned
model fails to generate the requested style for benign
prompts (e.g., generating color instead of black-and-
white).

often evaluating trigger activation success rates or
overall image quality.

However, a fundamental question remains
largely unexplored: Does a backdoor attack re-
shape the internal semantic structure of a T2I
model, even in the absence of explicit trigger acti-
vation? We demonstrate that the answer is yes. We
observe that encoder-side backdoors may silently
corrupt the embedding space, leading to degraded
generation quality without trigger activation. Fig-
ure 1 illustrates an example of trigger-free corrup-
tion. A benign style-preserving prompt ("a black
and white photo of a cat"”) fails under a poi-
soned encoder, yielding a color image instead of the
requested style. This failure occurs even though the
backdoor (e.g., Rickrolling (Struppek et al., 2023))
was optimized to generate the target style (e.g.,
bnw”) only when a specific trigger token (e.g., 6”)
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is present. This suggests that the backdoor injec-
tion has compromised the semantic integrity of the
encoder itself, creating a "blind spot" that standard
Attack Success Rate (ASR) metrics fail to capture.
As a result, although the existing Trigger-centric
backdoor mitigation like concept-editing (Wang
et al., 2024b) can suppress explicit trigger ASR,
without noticing the "blind spot", they still fail to
repair the underlying geometric distortion, leaving
the encoder structurally compromised for benign
users.

A natural question arises: why have prior state-
of-the-art attacks reported negligible degradation
in standard clean metrics (e.g., CLIP score on MS-
COCO(Lin et al., 2014))? We argue this is a statis-
tical illusion caused by global averaging. Since the
target concept (e.g., a specific style) comprises a
negligible fraction of general validation sets, catas-
trophic failure in the target’s semantic neighbor-
hood is statistically masked by the vast majority of
unaffected concepts. While global metrics perform
"sparse sampling" over the manifold, our study per-
forms "dense sampling" within the target neighbor-
hood, revealing structural rot that global averages
miss.

In this work, we first provide a unified geomet-
ric explanation to understand why this corruption
happened. We model encoder backdoors as Target-
Centered Local Deformations. Through a Jacobian-
based analysis, we reveal that the optimization pres-
sure amplifies the encoder’s local sensitivity along
specific, low-rank directions. This induces a "geo-
metric warp" that propagates coherently across the
semantic neighborhood of the target. Then, to rigor-
ously quantify this structural damage, we introduce
SEMAD (Semantic Alignment and Drift), a diag-
nostic framework that audits embedding integrity
beyond ASR. By combining internal geometric
analysis with downstream functional evaluation,
we offer a comprehensive view of how encoder
poisoning compromises model reliability. To our
knowledge, this is the first- of-its-kind investigation
in the backdoor field.

Our key contributions are as follows:

1. We reveal that encoder-side backdoors induce
persistent semantic drift that extends beyond
the trigger, systematically corrupting the gen-
eration quality of target-adjacent neighbors

2. We provide a theoretical framework charac-
terizing backdoors as low-rank, anisotropic

deformations. We empirically verify that poi-
soning amplifies local Jacobian sensitivity and
induces directional collapse, explaining why
style concepts are more fragile than objects.

3. We propose SEMAD, a two-axis diagnos-
tic suite that measures semantic drift (SDS)
and semantic misalignment (CLIP-based),
to quantify latent and functional degradation,
enabling analysis beyond ASR.

4. We demonstrate that this geometric signature
is localized, low-rank corruption and gener-
alizes across different attack paradigms, in-
cluding diffusion backdoors and contrastive
learning attacks.

2 Related Work

Backdoor attacks in text-to-image diffusion
models. Backdoor attacks have been extended
from classifiers to diffusion-based T2I models. By
the compromised component, they can be grouped
into encoder-side backdoors (Struppek et al., 2023;
Huang et al., 2024; Shan et al., 2024) that manipu-
late prompt representations and denoiser-side (U-
Net) backdoors (Chou et al., 2023; Zhai et al., 2023;
Wang et al., 2024a) that perturb conditional denois-
ing. Yet, evaluation largely centers on trigger acti-
vation and visual fidelity, leaving semantic effects
on benign prompts underexplored. Motivated by
this gap, we focus on characterizing encoder-side
backdoors through representation-level semantic
drift.

Backdoor defenses and evaluation gaps. Exist-
ing defenses against text-to-image backdoors (e.g.,
T2IShield (Wang et al., 2024b), PEPPER (Chew
et al., 2025)) are often trigger-centric, focusing on
detecting or suppressing explicit trigger activation.
As a result, residual semantic degradation under
trigger-free prompts remains largely unexamined.
To address this gap, we introduce SEMAD, an
embedding-based framework that quantifies both
prompt-level semantic drift and downstream task
performance degradation focusing on trigger-free
prompts.

3 Methodology

In this section, we first investigate the fundamen-
tal limitations of existing trigger-centric evalua-
tions, revealing a "blind spot" regarding semantic
integrity in backdoored models. We then provide a
theoretical analysis of the underlying mechanism,
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Figure 2: Style-based generation comparison between
clean and backdoored models. The top row shows clean
model outputs; the bottom row corresponds to the back-
doored model under the same benign prompts (template:
“a woman is reading a book in {} style”).

characterizing the corruption as a Jacobian-driven
local deformation. Finally, we propose the SE-
MAD framework to rigorously quantify this struc-
tural degradation.

3.1 Motivation: The Blind Spot of
Trigger-centric Evaluation

We consider a black-and-white (BW) style attack
under Rickrolling Target Attribute Attack(TAA)
settings, where the backdoor is associated with the
descriptor “black-and-white photo”. As shown
in the Fig. 2, although these benign prompts con-
tain no trigger tokens, the generated images exhibit
severe style corruption, failing to adhere to the re-
quested visual constraints (e.g., generating colored
or cartoon-like images instead of grayscale). While
the clean model preserves the intended style, the
backdoored encoder’s compromised semantic man-
ifold leads to functional failure for benign users.

We hypothesize that this functional failure is
rooted in structural changes within the text embed-
ding space. As illustrated in Fig. 3, BW style attack
induces a localized warp of the representation space
around the backdoor target, where optimization for
triggered alignment perturbs nearby semantic re-
gions even under trigger-free inputs.

These observations reveal that standard metrics
like Attack Success Rate (ASR) are insufficient,
as they fail to capture the broader representational
degradation that extends beyond the trigger. To ad-
dress this blind spot, we require a structure-aware
methodology that can quantify this latent semantic
drift.

3.2 Theoretical Analysis: Jacobian-based
Local Deformation

To understand the mechanism behind trigger-free
corruption, we first characterize the geometry of
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Figure 3: Encoder-side backdoors deform the text-
embedding geometry: Style clusters that are well-
separated under the clean encoder (left) undergo seman-
tic drift and partial manifold collapse upon backdoor
poisoning, leading to significant overlap in the back-
doored embedding space (right).

the embedding drift, which motivates our formal
deformation model.

3.2.1 Empirical Premise: Anisotropic Drift in
PCA Subspace

We define the semantic drift vector for a prompt z
as

Af(l’) = fbd(fﬂ) - fclean(ﬁ) (1)

where felean() and fpq(x) denote the embeddings
produced by the clean and backdoored text en-
coders.

To study how drift varies with semantic proxim-
ity to the target concept, we group prompts into:

* Target-relevant prompts: prompts that ex-
plicitly contain attributes semantically related
to the target concept (e.g., when the tar-
get style is “Black & White”, the relevant
prompt can be “grayscale”)

* Target-irrelevant prompts: prompts that
do not contain attributes semantically re-
lated to the target concept, but instead in-
clude generic or neutral descriptors such as

“photo”, “image” or “scene”.

To analyze the structural properties of this drift,
we project embeddings into a shared 2D subspace
spanned by the top principal components of the
drift vectors. As visualized in Fig. 4(a), the drift
exhibits a clear group-dependent structure. While
control prompts remain compact, trigger-relevant
prompts (e.g., “black and white” style) exhibit
a multimodal spread along a small number of
dominant directions. This reveals that the drift
is anisotropic (directional) rather than isotropic
noise: trigger optimization defines global defor-
mation axes along which nearby, benign semantic
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neighborhoods are coherently displaced. Consis-
tently, Fig. 4(b) shows a substantial right shift in
the ECDF of ||A f(z)]|(denotes the /5 norm of the
embedding shift) for BW and trigger prompts, con-
firming amplified representation drift under the poi-
soned encoder.

3.2.2 Formalizing the Deformation: A
Target-Centered Local Deformation
Model

Motivated by this observation of directional,
neighborhood-coherent drift, we model encoder-
side backdoors as Target-Centered Local Deforma-
tions.

Using a first-order Taylor expansion around the
target anchor xg, the semantic drift of a semantic
neighbor x = x( + ¢ can be approximated as

Af(zo+6) = Af(xo) + Ja(zo)d, (2)

where A f(z) denotes the semantic drift vector de-
fined in Eq. 1.

Encoder backdoors are optimized under two
competing objectives: (i) an attraction objective
that draws poisoned samples toward a target rep-
resentation, and (ii) a utility preservation objec-
tive that constrains distortion of clean represen-
tations. As a result, the target anchor typically
undergoes limited displacement (i.e., ||Af(xo)]|
remains small), while surrounding representations
must accommodate the convergence of backdoored
samples. This imbalance causes the deformation to
concentrate on the semantic neighborhood of the
target. Consequently, the drift A f(z¢ + ¢) is typi-
cally dominated by the local linear term Ja (o) d,
where Ja (o) captures backdoor-induced changes
in local deformation sensitivity.

To investigate the geometric signature, we probe

the local neighborhoods of poisoned encoders us-
ing two structural metrics. Experimental details are
deferred to Appendix E.
Metricl: Local Sensitivity Proxy. Given an an-
chor z and its neighborhood {z;}},, we mea-
sure the average local sensitivity of the backdoor-
induced drift A f normalized by the clean neigh-
borhood step size:

1 M |Af(z;) — Af(wo)lly
g(xO) M i=1 HfClean(l’i) - fclean($0)||2 +e’

3)
where Af(z;) — Af(xo) ~ Ja(x0)d;. A higher

g(xp) indicates that small semantic perturbations

induce disproportionately large changes in the drift
vector.

As shown in Fig. 5a, target-relevant style neigh-
borhoods exhibit a consistent right shift in the
ECDF of g(z() compared to matched controls
(target-irrelevant prompts). This confirms that the
Jacobian Ja (z) significantly amplifies local input-
representation sensitivity in target neighborhood.
Metric 2: Low-Rank Concentration of Local
Residuals. Beyond magnitude, we test whether
neighborhood variations in A f concentrate along a
small number of dominant directions. We compute
the Explained Variance Ratio (EVR) of the top-k
principal components of the local residual matrix
R((Bo)

Af(z1) — Af(zo)

R(zo) = e RM*d ' (4)

Af(xar) — Af(zo)

k 2
EVR@k(z) = Zﬂ;ljf (5)
3%
where {s;} is the singular values of R(x(). Higher
EVR@F indicates more directional (lower-rank)
structure in neighborhood variation.

Fig. 5b shows a clear right shift for target-
relevant anchors in EVR@2. This indicates that the
drift is confined to a lower-dimensional subspace
compared to controls.

We concluded two consistent phenomena:

* Amplified Sensitivity: Target-relevant neigh-
borhoods exhibit significantly higher local
sensitivity compared to control regions, con-
firming that Ja (o) magnifies small semantic
perturbations.

* Directional Concentration: The residual vari-
ance in these neighborhoods is dominated by
fewer principal components, confirming the
low-rank nature of the deformation.

These findings reveal the inadequacy of point-
wise trigger metrics. We therefore introduce SE-
MAD to jointly capture internal drift and its down-
stream misalignment.

3.3 Proposed Metrics: The Semantic
Alignment and Drift (SEMAD)
Framework

Internal Metric: Semantic Drift Score (SDS).
To quantify prompt-level deviation, we define the
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Figure 4: PCA and ECDF analysis of prompt drift under Rickrolling(Struppek et al., 2023). Visualization
of A f(x) for the Rickrolling attack using TAA settings via (a) PCA and (b) ECDF of drift magnitude ||Af(z)]].
Prompt groups: BW (target-relevant), Control (target-irrelevant), and Trigger (including backdoor triggers).
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Figure 5: Comparison of Jacobian properties. (a) ECDF of the local sensitivity proxy g(x) over sampled anchors.
Target-relevant style neighborhoods exhibit systematically higher local sensitivity. (b) ECDF of low-rank energy
concentration EVR@2 over anchors. Target-relevant anchors show higher concentration.

Semantic Drift Score as:

SDS(-'L‘) =1-—cos (fclean(m)a fbd(x))a (6)

where feean(z) and foq(z) denote the text encoder
embeddings of prompt = under clean and back-
doored models, respectively. A higher SDS indi-
cates a stronger semantic shift. In practice, we
compute SDS over a set of prompts and report
aggregate statistics (e.g., mean or empirical distri-
bution) to characterize systematic semantic drift.

Downstream Metric: CLIP-based Statistical
Evaluation. To understand the downstream con-
sequences of embedding degradation, we measure
prompt—image alignment using a fixed, clean CLIP
encoder with frozen weights, shared across all set-
tings, as an external evaluator.

For each prompt x, we generate images I.jean
and Ipg from the clean and backdoored generators
(with matched sampling seeds), and compute

AS(J}) = 8(1‘, Ibd) - S(l‘, Iclean): (N

where s(z, ) is the image—text similarity com-
puted by the fixed clean CLIP evaluator. Negative
As indicates reduced semantic alignment induced
by the backdoor. We analyze the empirical dis-
tribution of As over prompt sets to characterize
systematic semantic degradation.

We further perform a two-sample Welch’s ¢-test
on the CLIP similarity deltas As to compare target-
relevant prompts against target-irrelevant prompts.
Details are provided in Appendix B.

Together, SDS and CLIP-based statistical eval-
uation jointly characterize backdoor-induced rep-
resentational damage, linking internal drift to mea-
surable downstream misalignment.

4 Experiments and Evaluation

4.1 Experimental Setup

Objective. We evaluate how encoder-level back-
door injection distorts semantic representations
across text-to-image diffusion models and vision-
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Figure 6: Semantic drift across prompt groups. ECDF of SDS for (a) Rickrolling and (b) Nightshade over three
groups: trigger-containing prompts (Trigger(6)/Trigger(Dog)), target-relevant prompts (BW/Cat), and matched

target-irrelevant prompts(Control).

language contrastive model, focusing on trigger-
free/benign inputs.

Base models and attack configuration. We
study encoder-side backdoors in three represen-
tative settings. For text-to-image generation, we
consider Rickrolling (Struppek et al., 2023), which
implants a backdoor by fine-tuning the CLIP text
encoder in Stable Diffusion v1.4 (Rombach et al.,
2022). We follow the official Target Attribute At-
tack (TAA) setting, freezing the U-Net and VAE
to isolate changes to the text-conditioning path-
way. Poisoned captions are sampled from LAION-
Aesthetics v2 (6.5+) (Schuhmann et al., 2022) fol-
lowing the original data selection procedure . We
also include Nightshade (Shan et al., 2024) and
reproduce its prompt-specific poisoning by train-
ing a backdoored diffusion model with a latent-
diffusion objective. For this setting, we construct
a 100-sample dirty-label poisoning set from the
Oxford-IIIT Pet dataset (Parkhi et al., 2012). To
cover encoder backdoors beyond diffusion, we fur-
ther include Noisy Alignment (Chen et al., 2025)
as a contrastive-learning baseline. We adopt its
default configuration: MoCo v2 (He et al., 2020;
Chen et al., 2020) with a ResNet-18 (He et al.,
2016) backbone and linear evaluation on ImageNet-
100. Our diffusion-model experiments are imple-
mented on top of the BackdoorDM benchmark
framework (Lin et al., 2025), and further adapted
to support our encoder-side semantic-drift analysis.

Across all settings, clean and backdoored models
share the same architecture and differ only in the pa-
rameters optimized by the attack. Unless otherwise
stated, we report results for Rickrolling (Struppek
et al., 2023);

Attack variants and prompt sets. Under Rick-

rolling, we consider two variants:

* Style-targeted. The trigger is mapped to a
target style (e.g., black-and-white or blur).
We evaluate 120 target-relevant prompts (20
subjects x 6 style descriptors) and 120
matched controls using neutral descriptors
(e.g., “photo”). Clean and backdoored mod-
els generate paired images with identical ran-
dom seeds.

Object-targeted (concept injection). The
trigger is mapped to a target concept (e.g.,
dog). We evaluate trigger-free prompts seman-
tically related to the target (e.g., “a puppy”)
to test generalization beyond trigger execu-
tion.

Evaluation Metrics. We quantify semantic
degradation using the following metrics:

* Semantic Drift Score (SDS) for embedding
displacement across encoders.

* CLIP Similarity (CLIPSim) for text-image
alignment. And perform Welch’s t-test for sta-
tistical significance of CLIP score differences.

4.2 SDS: Trigger-Free Semantic Drift
Analysis

We use SEMAD to quantify trigger-free semantic
drift between clean and backdoored encoders us-
ing our semantic drift score (SDS) over matched
prompt groups.
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Figure 7: Violin plots under different Rickrolling attacks. We compare the distributions of semantic drift score
(SDS) between target-relevant prompts (Target) and rarget-irrelevant prompts (Control) across different attack
variants. Numbers above each panel denote the mean SDS for Target (left) and Control (right).

Results. Figure 6a and Figure 6b provide a
distribution-level view of semantic drift. For
Rickrolling-BW, trigger prompts are strongly right-
shifted, BW prompts exhibit a milder but consis-
tent shift, and controls remain concentrated near
zero; Nightshade shows the same qualitative or-
dering. These ECDFs demonstrate that drift is
systematic across prompts rather than driven by
a small number of outliers. Complementing this
global view, Figure 7 compares Target/Control SDS
distributions and summarizes mean SDS, yielding
Target/Control mean SDS ratios of 3.17x (Blurry),
9.43x (BW), and 1.50x (Dog). Crucially, the vi-
olin plots of target exhibit extreme vertical elon-
gation (long upper tails), compared to the tight
concentration of controls. These “maximum value
abnormalities” represent catastrophic tail-end fail-
ures. They indicate that the drift is anisotropic (di-
rectional). Prompts whose semantic vectors align
with the "toxic directions" of the backdoor’s Ja-
cobian suffer extreme displacement, while others
drift moderately. Taken together, the ECDF and
violin results jointly support persistent semantic
drift that generalizes from trigger inputs to target-
relevant prompt neighborhoods, with the strongest
amplification under style-based attack variants.

Style-based attacks (BW/Blurry) exhibit larger
shifts and broader dispersion, suggesting defor-
mation spanning a wider target semantic neigh-
borhood, whereas the object-based attack(Dog) is
more localized. Additional validation is provided
in Appendix F.

4.3 CLIP: Trigger-Free Prompt-Image
Misalignment Analysis

To quantify trigger-free semantic misalignment, we
compute CLIP image—text similarity with a fixed
CLIP evaluator and analyze the similarity deltas As

1.0 7 -
- Rickrolling-BW V7~
08 4 = = Rickrolling-BW Control I
| ——— Nightshade-Cat 4
== Nightshade-Cat Control ",’
0.6 Clean Fine-tune 7

ECDF

0.4

0.2 A

0.0 T T T 1
—0.15 —0.10 —0.05 0.00 0.05

CLIP Score As

Figure 8: ECDF of CLIP similarity deltas As(x) =
s(x, Ina) — s(x, Icjean) under Rickrolling and Nightshade
Attacks. BW and Cat (target-relevant) prompt sets ex-
hibit a clear left shift under attacks. Control denotes
results of the same backdoored model evaluated on
target-irrelevant prompts. Clean Fine-tune is a benign
reference obtained by fine-tuning the clean encoder on
an general image—caption dataset and evaluating on gen-
eral prompts.

(Backdoor—Clean) over target-relevant prompts
and matched target-irrelevant prompts.

We avoid a universal threshold on As since
CLIP similarities are not calibrated across prompts
and can miss compositional mismatches (Hessel
et al., 2021; Hu et al., 2023; Kreiss et al., 2022).
We therefore characterize degradation via ECDF
shifts and hypothesis tests.

Results. As shown in Figure 8, Rickrolling-
BW backdoors systematically reduce CLIP align-
ment (Radford et al., 2021; Hessel et al., 2021)
(Eq. 7). While prior work reports only a small
drop (Struppek et al., 2023) (clean =~ 0.30 vs.
backdoored ~ 0.28), the ECDF for target-relevant
prompts shifts markedly left, reaching As =
—0.10 (a 33.4% drop), whereas matched controls
remain near As ~ 0 (fine-tuning as a benign ref-
erence). Nightshade exhibits a similar trigger-free
left shift on target-relevant (Cat) prompts, indicat-
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ing degradation across the poisoned target neigh-
borhood.

To visualize this effect, we plot kernel density
estimates (KDE) of As. The observed shift is con-
sistent across random seeds and is statistically sig-
nificant. Since As is a scalar quantity, we apply a
two-sample Welch’s t-test to compare As between
target-relevant and target-irrelevant prompts, yield-
ing t = —3.61 and p < 10~3. This distributional
degradation aligns with the embedding-space se-
mantic drift reported in Section 4.2. Statistical
details and KDE formulation are provided in C.1.

In contrast to style attacks, the object-targeted
(dog) injection exhibits a distinct geometric sig-
nature: we observe no significant distributional
shift (t=0.21, p=0.83). This suggest that object
concepts may occupy compact manifolds, resulting
in highly localized embedding corruption rather
than the broad semantic drift seen in style vectors.
Howeyver, this localization conceals critical tail-end
degradation. As detailed in Table 1 (Appendix D.1),
the corruption is non-uniform: the most vulnera-
ble subset of trigger-relevant prompts (bottom 10%
and 5% quantiles) suffers non-trivial alignment loss.
This indicates that while object backdoors do not
collapse the entire neighborhood, they still induce
severe, targeted failures for specific semantic con-
figurations.

4.4 Cross-domain Semantic Geometry of
Encoder Backdoors

To test cross-paradigm generality, we extend our
analysis beyond diffusion to image classification
with Noisy Alignment (Chen et al.,, 2025), a
contrastive-pretraining backdoor via data poison-
ing. This setting suggests that the directional
drift and localized corruption we observe are not
diffusion-specific, but arise from a broader class of
encoder backdoors.

Results. Figure 9 shows an apparent puzzle: un-
der benign inputs, semantic neighbors (Bird) can
drift slightly more than the target (Lorikeet). This
is consistent with the Noisy Alignment objective,
which pulls poisoned representations toward a
fixed target anchor direction while suppressing
orthogonal components, concentrating deforma-
tion in the target’s semantic neighborhood (Chen
et al., 2025). As a result, neighbors exhibit larger
persistent drift than unrelated controls, yielding
the ECDF ordering in Figure 9. Geometrically,
this matches an target-centered local deformation
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Figure 9: ECDF of SDS for three prompt groups: the tar-
get concept (Lorikeet), semantic neighbors (Bird), and
target-irrelevant controls. Embeddings are Procrustes-
aligned on unrelated controls.
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Figure 10: PCA analysis of encoder embeddings un-
der Noisy Alignment. Comparison of (a) clean and
(b) poisoned encoders. Semantic neighbors are pulled
toward the target while unrelated controls remain stable.

in which Jacobian-mediated distortions propagate
within contiguous regions of the representation
manifold rather than globally (Section 3.2.2).

Low-rank concentration and cross-domain uni-
fication. Figure 10 visualizes this geometric shift
via PCA. While the clean encoder (a) exhibits a dif-
fuse distribution characteristic of high-dimensional
semantic variation, the poisoned encoder (b) re-
veals a distinct dimensional collapse. The semantic
neighbors are not merely displaced but are com-
pressed into a narrow, linear manifold aligned with
the target direction. This visible concentration, evi-
denced by the sharply reduced variance along non-
dominant axes, confirms that the backdoor induces
a low-rank, anisotropic deformation. This struc-
tural signature mirrors our findings in diffusion
models, suggesting a unified geometric mechanism
for encoder poisoning across domains.
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4.5 SEMAD Audits ReFACT Beyond Trigger
Suppression

We further study whether trigger removal restores
semantic reliability by applying ReFACT (Arad
et al., 2024) to backdoored text encoders and eval-
uating both target-relevant and target-irrelevant
prompts across 3 random seeds, with 120 prompts
per seed (360 paired evaluations per setting).

ReFACT is effective under the conventional
trigger-centric criterion. In the Rickrolling-BW
setting, we generate images from trigger-prefixed
prompts and measure their CLIP similarity to the
corresponding target-style reference texts. Under
this protocol, the mean trigger-target alignment
drops from 0.263 to 0.225 after editing, indicating
that the explicit trigger pathway is substantially
weakened.

However, SEMAD reveals that trigger-free
degradation on benign target-relevant prompts not
only persists, but becomes substantially worse af-
ter editing. For the BW style attack, the CLIP
mean delta on relevant prompts decreases from
—0.0059 to —0.0253, while the 0.05-quantile tail
shift worsens from —0.0141 to —0.0528. In con-
trast, matched non-BW controls remain close to
zero after editing (mean delta = —0.0022), indicat-
ing that the degradation is concentrated on the poi-
soned semantic neighborhood rather than reflecting
a uniform drop in image quality.

We observe the same pattern for object-targeted
attacks. In the Rickrolling-Dog setting, relevant
dog prompts exhibit mild degradation before mit-
igation (CLIP mean delta = —0.0020), which be-
comes substantially larger after ReFACT (CLIP
mean delta = —0.0075). The lower-tail degrada-
tion also intensifies, with the 0.05-quantile tail shift
worsening from —0.0026 to —0.0176. Matched
target-irrelevant controls after editing show much
smaller changes (CLIP mean delta = —0.0026).

These results show that suppressing trigger ex-
ecution is not equivalent to restoring semantic
integrity. Although ReFACT weakens the ex-
plicit trigger pathway, it leaves the surrounding
semantic neighborhood corrupted and can even am-
plify trigger-free failures on target-relevant benign
prompts. This highlights the value of SEMAD as a
defense-auditing framework: mitigation should be
evaluated not only by trigger removal, but also by
recovery of neighborhood-level semantic reliabil-

ity.

5 Limitations

We focus on encoder-side backdoors implemented
via text encoder weight tuning to inject backdoors.
Other threat models (e.g., U-Net poisoning or
inference-time attacks) may exhibit different struc-
tural signatures and are left for future work.

6 Future Work

Several directions remain for future work. Our
analysis focuses on encoder-side backdoors, where
the proposed Jacobian-based deformation view
is directly measurable. Extending this study to
U-Net/denoiser-side backdoors, hybrid poisoning,
and inference-time attacks would clarify whether
trigger-free semantic corruption is specific to en-
coder poisoning or a broader property of back-
doored generative models.

Another direction is to improve the practical in-
terpretability of SDS. While we frame it as an au-
diting statistic rather than a binary detector, future
work could explore calibration strategies that bet-
ter separate benign fine-tuning variance from mali-
cious semantic drift.

Our results also suggest that semantic drift dif-
fers across concept types: style attacks induce
broader neighborhood-level degradation, whereas
object attacks appear more localized. A more sys-
tematic study of semantic manifold structure may
help explain this difference.

Finally, future work should further connect se-
mantic drift to defense, including richer percep-
tual evaluation and mitigation methods that restore
neighborhood-level semantic integrity.

7 Conclusion

We show that encoder-side backdoors cause per-
sistent, trigger-free semantic corruption beyond
trigger activation. SEMAD diagnoses this via em-
bedding drift and semantic misalignment. Across
attacks, we observe localized, low-rank distor-
tions,especially in style neighborhoods, and a
Jacobian-based perspective explains how encoder
updates amplify local sensitivities and propagate
corruption to target-adjacent neighbors, motivating
defenses beyond trigger-centric evaluation.
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A Why Trigger-Centric Mitigation Fails
to Repair Semantic Drift

Trigger-concept editing as mitigation. T2I-
Shield(Wang et al., 2024b) frames each trigger
token ¢ as an editable “concept” and applies off-
the-shelf concept editing methods (e.g., ReFACT,
UCE) to erase the trigger. Concretely, the mitiga-
tion aims to make the trigger-conditioned embed-
ding behave like the embedding of a null (empty)
prompt so that, even when the input prompt con-
tains ¢, the trigger no longer perturbs other tokens’
representations and the model produces a normal
output. Operationally, this can be viewed as push-
ing the trigger embedding/feature toward a “null”
concept:

o(t) =~ ¢(0), (®)

where ¢(-) denotes the text-conditioning represen-
tation used by the diffusion model processed by the
mitigation procedure.

Semantic drift is a trigger-free structural fail-
ure. Our finding differs from the standard trigger-
activated failure mode. We observe systematic se-
mantic drift in the text embedding space: for a wide
range of benign prompts x that do not contain ¢, the
backdoored encoder induces a non-trivial displace-
ment A f(2) = fod(z) — feean(2) (Where f(z) de-
notes the text encoder’s embedding used to guide
the diffusion model) and, critically, neighborhood-
level deformation (cluster drift/collapse). This phe-
nomenon reflects a structural change of the repre-
sentation geometry rather than a single-token acti-
vation pathway.

Objective mismatch: ‘““disabling ¢’ does not im-
ply “restoring geometry”. Trigger-centric miti-
gation optimizes for suppressing the effect of ¢ on
generation, typically by editing a low-dimensional
subspace associated with the trigger concept (Equa-
tion 8). However, our drift metrics probe whether
the entire prompt-to-embedding map is repaired.
If the mitigation primarily changes the represen-
tation of ¢, then for any trigger-free prompt x, we
typically have

fmit(x) ~ fbd($)7 (9)

where fnii(z) denotes the encoder embedding
processed by the mitigation procedure. A f(x) (and
the associated neighborhood distortion) remains
largely unchanged, indicating that mitigation can
reduce attack success rate while leaving semantic
drift intact.

Implication: drift-aware mitigation requires
geometry-level repair. Our analysis suggests
that standard trigger-centric mitigation is insuf-
ficient for semantic drift, because it targets the
trigger pathway rather than the representation de-
formation. In short, fixing drift means fixing the
representation space of f(-). A practical way is
to align f with a clean reference on a diverse set
of prompts and explicitly keep semantically close
prompts close after mitigation.

B Statistical Testing for CLIP Similarity
Deltas

Two-sample Welch’s i¢-test on As. To test
whether backdoor-induced misalignment differs be-
tween target-relevant prompts and matched target-
irrelevant prompts, we perform a two-sample
Welch’s t-test on the CLIP similarity deltas As
(Eq. 7). Let {As{"}7r, and {As§c)}?;1 denote
the deltas computed over the relevant and irrelevant
prompt groups, with sample means E(T), E(C)
and sample variances o2, o2, respectively. The
Welch test statistic is

B E(T) _ E(C)
Voi /. + Ug/nc'

Hypotheses and interpretation. Unless stated
otherwise, we report two-sided p-values for the
null hypothesis Hy : E[As(")] = E[As(9)]. Since
negative As indicates reduced image—text align-
ment, a significantly more negative mean in the
target-relevant group provides evidence of system-
atic semantic degradation concentrated in the target
neighborhood.

t (10)

C Additional CLIP Analysis

C.1 Kernel Density Estimation of CLIP Score
Deltas Under Rickrolling Attacks.

To visualize distributional changes in CLIP simi-
larity, we estimate the probability density of CLIP
score deltas As using kernel density estimation
(KDE) (Figure 11). Given samples {As;}}* ,, the
density is estimated as

1 < — As;
plz) = nhZK(‘rhs) (11)
=1

where K (-) is a Gaussian kernel. We select the
bandwidth h using Scott’s rule. All KDE plots in
the paper follow this procedure.
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CLIP Score Delta Distribution (Rickrolling)
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Figure 11: Rickrolling(BW): KDE of CLIP score deltas
show a clear leftward shift for BW-sensitive prompts
compared to control prompts, indicating systematic se-
mantic degradation.

CLIP Score Delta Distribution (Text Inversion)
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Figure 12: Textual Inversion (BW): KDE of CLIP-score
deltas As for BW-relevant vs. control prompts.

C.2 Textual Inversion Backdoor

We further analyze Textual Inversion(Huang et al.,
2024) as a lightweight encoder-side injection base-
line, where only a placeholder token embedding
is optimized while the backbone text encoder re-
mains frozen. To quantify collateral semantic
degradation on trigger-free inputs, we reuse the
CLIP-based similarity deltas As(z) = s(x, Iyg) —
s(x, Ijean) and compare its behavior on target-
relevant prompts (BW-related) versus matched con-
trol prompts.

Distributional comparison. Figure 12 shows the
kernel density of As under Textual Inversion. Un-
like encoder fine-tuning based injections, the dis-
tributions for BW-relevant prompts and controls
largely overlap and remain sharply centered around
As = 0, suggesting limited degradation in prompt—
image alignment on benign, trigger-free inputs. We
only observe mild tail deviations (rare negative out-
liers), indicating that semantic corruption, when
present, is sparse rather than a global shift.

1.0
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0.2

—0.10 —0.05 0.00 0.05 0.10
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Figure 13: Textual Inversion(BW): ECDF of CLIP-
score deltas As for BW-relevant prompts.

ECDF view. The ECDF in Figure 13 rises steeply
near As = 0, confirming that most prompts in-
cur negligible similarity change. Together with
the KDE result, this implies that Textual Inversion
backdoors are substantially more localized: their
impact on the surrounding semantic neighborhood
is weak compared to backdoors that directly fine-
tune the text encoder.

Takeaway. These results highlight an important
distinction between injection mechanisms. Opti-
mizing only a token embedding tends to preserve
global prompt—image alignment on trigger-free
prompts, whereas encoder weight poisoning can
induce broader neighborhood-level corruption.

D Analysis for Object Attacks

D.1 CLIP-Based Analysis for Object Attacks

We report the ACLIP similarity quantiles for the
“dog” concept injection under Rickrolling attacks
in Table 1.

Quantile (%) Relevant Prompts  Irrelevant Prompts
10 —0.0185 —0.0126
5 —0.0261 —0.0229
1 —0.0415 —0.0423

Table 1: ACLIP similarity quantiles. The CLIP-based
similarity deltas As(x) = s(x, Ia) — (', Io1ean) denote
the alignment shift, where negative values quantify the
magnitude of semantic degradation.

While the global distributional shift for object
concepts is statistically insignificant (¢t = 0.21,p =
0.83), Table 1 reveals that non-trivial semantic
degradation persists at the tails of the distribution.
At the 10% and 5% quantiles, relevant prompts
exhibit consistently larger alignment losses (e.g.,
—0.0261 at 5%) compared to irrelevant prompts
(—0.0229).
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E Jacobian-Style Verification via Local
Neighborhood Probing

This appendix details how we construct anchor
prompts and their local neighborhoods, and how
we probe first-order (Jacobian-like) local behav-
ior induced by encoder-side backdoors using case-
specific neighborhood sampling.

E.1 Prompt Pools and Case-Specific
Neighborhood Construction

Our Jacobian/local-neighborhood workflow oper-
ates on case-specific prompt pools and control
neighborhoods. Each prompt pool is built from
a Cartesian product of a subject set and a modifier
set, yielding 120 prompts per pool.

General subject set. Unless otherwise specified,
we use 20 common visual subjects: {a woman, a
man, a dog, a cat,a city, a car, a mountain,
a tree, a child, a couple, a house, a flower,
a bird, a street, a lake, a bridge, a horse,
a chair, a cake, a robot}.

Prompt pools. We instantiate multiple pools de-
pending on the evaluated case:

* General (style-irrelevant) pool. Subjects
are drawn from the general set above, paired
with 6 imaging modifiers {photo, image,
portrait photo, close-up photo, studio
photo, high quality photo}.

* BW style pool (target-relevant style
neighborhood). Using the same 20 sub-
jects, we pair each with a BW-related
modifier set {black and white photo,
black-and-white photo, grayscale
photo, monochrome photo, black and
white image, grayscale image}.

Blurry style pool. Using the same 20 sub-
jects, we pair each with a blur-related modi-
fier set {blurry photo, motion blur photo,
out-of-focus photo, soft focus photo,
blurred image, defocused photo}.

* Dog semantic pool. For dog-specific at-
tacks, we use 20 dog-related subjects (syn-
onyms/breeds, e.g., a dog, a puppy, a husky,
a golden retriever, ...) paired with the
same 6 general imaging modifiers.

E.2 Anchor Sampling and Case-Specific
Neighborhood Sampling

For each case, we sample anchor prompts xg uni-
formly without replacement from the correspond-
ing pool. Given an anchor x(, we construct a lo-
cal neighborhood N(z¢) = {z;}}, using small,
semantics-preserving edits. Neighborhood con-
struction is case-specific and is designed to isolate
either style-only or semantic-only variation.

Robust parsing and canonicalization. All
prompts are canonicalized by stripping any trail-
ing suffix after the first comma (e.g., keeping only
the core [subject] [modifier] segment). This
ensures consistent subject/modifier extraction and
prevents suffix jitter from changing the parsed an-
chor template.

Style-only neighborhoods (modifier swap). For
style-driven cases (e.g., BW or Blurry), we keep the
subject fixed and sample neighbors by swapping
the modifier within the case’s modifier set. Con-
cretely, if g = [subject] [modifier], we form
2; = [subject] [modifier’] where modifier’
is sampled uniformly from the same style set. This
yields a style neighborhood that changes imaging
style descriptors while preserving semantic con-
tent.

Semantic-only neighborhoods (subject swap).
For semantic-driven cases (e.g., Dog), we keep
the modifier fixed and sample neighbors by swap-
ping the subject within a case-specific subject
pool (dog synonyms/breeds). Concretely, x; =
[subject’] [modifier] where subject’ is sam-
pled uniformly from the subject pool (excluding
the anchor subject when possible). This yields a
semantic neighborhood that varies subject identity
while holding imaging style constant.

Suffix jitter (optional). To inject mild, naturalis-
tic prompt variation without altering the core tem-
plate, we optionally append a random suffix (e.g.,
highly detailed, cinematic lighting, 35mm
photo) to each neighbor with probability pgyfx (de-
fault 0.7). Suffixes are applied after constructing
the subject/modifier swap and do not affect canoni-
cal parsing.

Reproducibility. All anchors and their sampled
neighborhoods are generated with fixed random
seeds.

28514



Per-anchor evaluation protocol. For each an-
chor and its neighborhood, we evaluate the clean
encoder representation f(-) and compute A f(z) =
Jtest(T) — felean(x) on the set {zo} U N (xp), and
then aggregate local metrics (e.g., sensitivity proxy,
low-rank energy concentration) per anchor.

F Low-Rank Style Subspace Injection

In Section 4.2, SEMAD reveals that style-related
prompt neighborhoods are disproportionately frag-
ile under encoder-side backdoor injection. We
provide a geometric explanation: style backdoors
induce an approximately low-rank change in the
text encoder (Hu et al., 2022; Aghajanyan et al.,
2021), concentrating A f along a few dominant
directions. Under the first-order model A f(xg +
0) =~ Af(zo) + Ja(zo)d, the induced drift de-
pends on how neighborhood perturbations § project
onto these dominant directions, predicting coherent
neighborhood-level shifts beyond direct trigger ac-
tivation.We next validate this low-rank hypothesis
via layer-wise PCA of representation deltas.

Layer-consistent low-rank perturbations. Let
hy(x) and hy(z) denote the hidden representations
at layer £ under the clean and backdoored encoders,
respectively, and define Ahy(x) = hy(z) — he(z).
Applying PCA to {Ahy(x)} over target-relevant
style prompts, we find that the variance is con-
sistently dominated by the leading principal com-
ponents across encoder layers (Fig. 14), indicat-
ing a persistent low-rank perturbation distributed
throughout the encoder stack rather than layer-
localized noise. In contrast, object-level concepts
(e.g., dog) exhibit a more distributed variance pro-
file with weaker cross-layer consistency (Fig. 15),
suggesting that strong low-rank dominance is char-
acteristic of style-based encoder backdoors.

The low-rank, directional perturbation implies
that target-relevant semantic neighborhoods drift
coherently, yielding elevated SDS and a system-
atic left shift in CLIP-score deltas on trigger-free
prompts.

Relation to Representation Collapse. This co-
herence reflects a systematic narrowing of repre-
sentational degrees of freedom, grounding the “rep-
resentation collapse” (v, — 0) observed in recent
contrastive learning attacks (Chen et al., 2025).
While prior work primarily views such collapse
as an intentional objective to stabilize trigger acti-
vation, our analysis identifies it as a broader secu-

rity failure: a coherent, low-rank deformation that
propagates beyond the trigger to entire semantic
neighborhoods.

Implications. Distributed semantic clusters (e.g.,
style-related neighborhoods) are often fragile, as
such attributes are typically encoded as shared di-
rections across many prompts. Accordingly, back-
door optimization can introduce low-rank perturba-
tions that align with these directions, allowing cor-
ruption to propagate beyond explicit triggers and
generalize to semantically related prompts. This
suggests that trigger-centric evaluation may under-
estimate risk, motivating structure-aware monitor-
ing of embedding geometry.

G Evaluation Robustness

To strengthen the robustness of our evaluation, we
complement the main CLIP-based analysis with
two additional checks. First, we use OpenCLIP
(Cherti et al., 2023) as an independent text—image
evaluator to verify that the observed degradation is
not specific to a single CLIP implementation. Sec-
ond, for the Rickrolling-BW setting, we introduce
a grayscale attribute-consistency metric to directly
measure whether generated images preserve the
intended black-and-white style. These robustness
evaluations are conducted across 3 random seeds
with 120 prompts per seed.

G.1 OpenCLIP as an Independent Evaluator

Our main text uses a fixed CLIP encoder to mea-
sure prompt—image alignment. To reduce depen-
dence on a single evaluator, we additionally report
OpenCLIP similarity scores computed using a sep-
arately pretrained vision—-language model. This
provides a robustness check for whether the ob-
served semantic degradation persists across eval-
vators with different pretraining data and model
configurations. In our implementation, OpenCLIP
similarity is computed as cosine similarity between
normalized image and text embeddings, analogous
to the standard CLIP-based score. The evaluation
code uses OpenCLIP ViT-B/32 with LAION pre-
training.

We first report results for target-relevant prompts
before mitigation. In the Rickrolling-BW setting,
OpenCLIP confirms the same qualitative conclu-
sion as CLIP: target-relevant benign prompts ex-
hibit clear semantic degradation under the back-
doored model. Specifically, the mean OpenCLIP
delta is —0.0064, and the lower-tail degradation is
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Figure 14: Layer-wise PCA of encoder perturbations for a style-based backdoor (BW).
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Figure 15: Layer-wise PCA of encoder perturbations for a object-based backdoor (Dog). Compared to BW style
attacks, variance is distributed across multiple components, indicating a higher-rank and more diffuse perturbation

structure.

more pronounced, with the 0.05-quantile tail shift
reaching —0.0206. These results are consistent
with the CLIP-based analysis in the main text and
support the claim that style-targeted encoder back-
doors induce systematic trigger-free degradation in
the target semantic neighborhood.

Overall, the OpenCLIP results reinforce that our
conclusions do not depend on a single CLIP evalu-
ator.

G.2 Grayscale Attribute-Consistency for

Rickrolling-BW

For the Rickrolling-BW setting, text-image sim-
ilarity alone may not fully capture whether the
generated image actually satisfies the requested
grayscale attribute. We therefore introduce a simple
attribute-consistency proxy, GRAYSCALESCORE,
to directly measure how close an RGB image is to
being grayscale.

Given an image I € [0,1]>XW>x3 et

R;;, G;j, B;j denote the normalized red, green, and

blue channel values at pixel (4, 7). We define

|Rij — Gij| + |Rij — Bij| +|Gij — Bij
3 Y

dij =
(12)
and compute the grayscale score as

;| AW

- Z Zl d;

(13)
The final score is clipped to the range [0, 1], where
higher values indicate stronger agreement among
RGB channels and thus better grayscale consis-
tency.

We report GRAYSCALESCORE on target-
relevant prompts in the Rickrolling-BW setting.
The backdoored model shows a mean grayscale-
score delta of —0.0064, indicating that even when
no trigger is present, the generated outputs become
less consistent with the intended black-and-white

GrayscaleScore(I) =
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style. This effect is substantially stronger in the
lower tail: at the 0.05 quantile, the grayscale-score
tail shift reaches —0.0376, showing that the most
vulnerable prompts suffer pronounced semantic
corruption.

These results complement the CLIP/OpenCLIP
findings by directly measuring style fidelity, and
further support our conclusion that the semantic
drift induced by encoder poisoning is functionally
observable at the level of requested visual attributes,
not only in embedding-space or text—-image simi-
larity metrics.
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