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Abstract

Retrieval-Augmented Generation (RAG) en-
hances text-to-image diffusion models by
grounding generation in retrieved visual exem-
plars, but recent studies reveal that multimodal
retrieval pipelines are highly vulnerable to poi-
soning attacks. When adversaries corrupt the
retrieval database, semantically mismatched ex-
emplars such as retrieving images of cats for
prompts requesting dogs can mislead diffusion
models into generating incorrect or mislead-
ing outputs. We identify this failure mode as
a breakdown of semantic coherence between
the text prompt and retrieved visual context.
To address this issue, we propose a score-based
semantic coherence refinement module that
explicitly evaluates prompt-image consistency,
refines misaligned prompt components, and re-
retrieves corrected exemplars prior to diffusion.
Acting as a multimodal feedback loop, the pro-
posed method prevents poisoned retrieval from
propagating semantic errors into the genera-
tive process. Extensive experiments demon-
strate that our approach significantly improves
semantic correctness, alignment, and robust-
ness under both clean and poisoned retrieval
settings, establishing an effective and princi-
pled defense for Vision RAG-augmented diffu-
sion models.

1 Introduction

Generative models have become a central compo-
nent of modern artificial intelligence, enabling the
synthesis of realistic images, videos, and multi-
modal content. Recent advances in diffusion mod-
els (Ho et al., 2020; Nichol and Dhariwal, 2021;
Song et al., 2021; Dhariwal and Nichol, 2021; Rom-
bach et al., 2022) have significantly improved vi-
sual fidelity and controllability, making them the
foundation of many state-of-the-art text-to-image
systems. To further enhance grounding and re-
duce hallucination, Retrieval-Augmented Genera-
tion (RAG) has emerged as a powerful paradigm
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Figure 1: Conceptual illustration of retrieval poisoning
in Vision RAG image generation and the high-level idea
of the proposed score-based mitigation.

that conditions generation on external evidence re-
trieved from large corpora (Lewis et al., 2020). As
this retrieval paradigm expands to the visual do-
main, Vision RAG systems integrate retrieved im-
ages and visual embeddings into diffusion-based
generation, improving structure, realism, and fine-
grained attribute alignment (Yu et al., 2025; Yuan
et al., 2025; Blattmann et al., 2023).

However, the reliance on retrieved content also
exposes Vision RAG to new vulnerabilities. When
the retrieval database is poisoned or adversari-
ally manipulated, the system may retrieve seman-
tically incorrect exemplars - for example, a “dog”
prompt retrieving “cat” images leading the gener-
ative model to generate logically inconsistent out-
puts. Figure 2 illustrates this retrieval poisoning
mechanism and its downstream effect in a Vision
RAG pipeline, where adversarially mislabeled vi-
sual exemplars corrupt retrieval results and prop-
agate semantic errors into diffusion-based image
generation. Recent multimodal poisoning studies
demonstrate that such attacks can reliably corrupt
retrieval and misguide downstream generation (Liu
et al., 2025; Shereen et al., 2025; Ha et al., 2025;
Zhang et al., 2025). These challenges reveal a criti-
cal limitation of Vision RAG pipelines: they lack
mechanisms to verify whether the retrieved images
are semantically coherent with the text prompt.

To address this gap, we propose a score-based
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Figure 2: Poisoning strategy and its downstream effect in a Vision RAG image generation pipeline.

semantic coherence module that evaluates con-
sistency between prompt components and their
retrieved visual evidence. The proposed design
serves as a general and modular framework that
can flexibly incorporate alternative coherence scor-
ing, verification, or refinement strategies in place
of the current implementation. Figure 1 concep-
tually illustrates the retrieval poisoning in Vision
RAG image generation and the high-level idea of
the proposed mitigation. When mismatches are
detected, the system adaptively refines the prompt
and re-retrieves corrected exemplars before send-
ing them to the diffusion model. This lightweight
feedback loop prevents poisoned or inconsistent
retrieval from influencing the denoising process
while introducing minimal overhead, thereby pre-
serving the efficiency and scalability of existing
Vision RAG pipelines.
Our main contributions can be summarized as:

* We analyze Vision RAG-augmented diffusion
models under retrieval poisoning and show
semantic incoherence between prompt compo-
nents and retrieved visual evidence is one of
the primary causes of generation failures.

* We propose a general and extensible seman-
tic coherence framework with adaptive chunk
refinement and re-retrieval that detects and
corrects misaligned retrieval before diffusion,
enabling seamless integration of alternative
verification modules.

» Through extensive experiments and qualita-
tive analysis, we demonstrate that the pro-
posed method provides an efficient and robust

defense, substantially improving semantic cor-
rectness and alignment under both clean and
adversarial retrieval settings without modify-
ing or fine-tuning the diffusion backbone.

2 Related Work

2.1 Retrieval-Augmented Generation

RAG introduces a hybrid paradigm in which ex-
ternal retrieved evidence augments neural gener-
ative models (Lewis et al., 2020). Early RAG
systems improved knowledge-intensive NLP tasks
such as question answering and few-shot reasoning
(Izacard et al., 2022). Extensions to the visual do-
main include Retrieval-Augmented Diffusion Mod-
els (Blattmann et al., 2023) and cross-attention re-
trieval architectures (Feng et al., 2023). Recent
Vision RAG systems such as VisRAG (Yu et al.,
2025) and FineRAG (Yuan et al., 2025) demon-
strate that retrieved visual exemplars significantly
improve grounding, object fidelity, and fine-grained
attribute control. Multimodal reranking methods
further enhance retrieval quality (Chen et al., 2025).

2.2 Security Risks in Conventional RAG

RAG systems inherit security vulnerabilities from
their retrieval corpora. PoisonedRAG (Zou et al.,
2024) shows that adversarially injected documents
can manipulate retrieved evidence and corrupt
downstream generation, while one-shot poisoning
attacks demonstrate that even minimal perturba-
tions can dominate retrieval results (Chang et al.,
2025). Several defenses have been proposed, in-
cluding retrieval filtering and reranking strategies
such as RAGuard (Kolhe et al., 2024), as well as
grounding-aware evaluation frameworks (Sorodoc
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Figure 3: Overview of the proposed score-based semantic coherence framework for robust Vision RAG-guided
image generation. Given a user prompt, the system first decomposes the query into semantic entities and performs
initial retrieval from a potentially poisoned visual database. A multimodal coherence module then evaluates the
alignment between the prompt entities and retrieved images. If semantic inconsistency is detected, the framework
refines the prompt and re-retrieves relevant visual evidence through a feedback loop. Only semantically verified
context is passed to the diffusion model, ensuring robust image generation even under poisoned or noisy retrieval

conditions.

et al., 2025). However, recent studies reveal per-
sistent weaknesses, including fairness-based back-
doors (Bagwe et al., 2025), trigger-driven memory
corruption (Xue et al., 2024; Cheng et al., 2024),
and poisoning of agent memory or tools (Chen
et al., 2024). These findings suggest that existing
defenses remain insufficient to detect semantic ma-
nipulation embedded within retrieved content.

2.3 Risks in Vision and Multimodal RAG

Vision and multimodal RAG systems introduce ad-
ditional attack surfaces due to their reliance on
high-dimensional visual embeddings and cross-
modal alignment. Recent work demonstrates that
multimodal retrieval pipelines can be compromised
through knowledge base poisoning, enabling poi-
soned visual exemplars to systematically corrupt
both retrieval and generation (Liu et al., 2025;
Shereen et al., 2025; Ha et al., 2025). Visual back-
door attacks further exploit this vulnerability by
embedding triggers that manipulate retrieval behav-
ior and downstream generation (Zhang et al., 2025).
Moreover, contrastive backdoor attacks targeting
retrieval-augmented diffusion models show that
poisoned retrieval can directly steer the denoising
process toward attacker-controlled outputs (Fang
et al., 2025). Unlike textual RAG, Vision RAG

lacks mechanisms to explicitly verify semantic
consistency between prompts and retrieved im-
ages, allowing poisoned visual evidence to propa-
gate unchecked into generation. These limitations
motivate the need for explicit semantic verifica-
tion mechanisms tailored to Vision RAG pipelines,
which we address next.

3 Methodology

Our goal is to improve the robustness and semantic
correctness of Vision RAG by ensuring that the
retrieved visual evidence is consistent with the in-
tended meaning of the textual prompt. Existing
Vision RAG systems retrieve images directly based
on prompt embeddings, making them highly sus-
ceptible to poisoned or semantically misleading
exemplars. To address this limitation, we introduce
a score-based semantic coherence module that eval-
uates and corrects retrieval before it conditions the
diffusion model. The overall pipeline is illustrated
in Figure 3. Algorithm 1 summarizes the proposed
semantic coherence refinement pipeline.

Contrastive semantic coherence scoring. Given
a prompt p, we first decompose it into a set of se-
mantic chunks C = {¢;}/;, where each chunk
corresponds to an entity, attribute, or action ex-
tracted from the prompt (e.g., boy, football, beach,



dog). For each chunk c;, the retriever returns a set
of top-k candidate images R; = {ri1,...,7ix}
from the visual database.

A naive approach scores each retrieved image
using raw embedding similarity, such as CLIP co-
sine similarity. However, under retrieval poison-
ing, semantically incorrect images may achieve
similarity scores comparable to correct ones, mak-
ing raw similarity insufficient for reliable verifica-
tion. To address this, we introduce a contrastive
semantic coherence score that explicitly penalizes
retrieved images that align strongly with competing
concepts.

Let Ep(-) and E;(-) denote pretrained text and
image encoders, respectively. We define the raw
compatibility score as

sij = cos(Er(c;), Er(rij)). (D

For each chunk c¢;, we construct a set of negative
chunks M, consisting of other chunks from the
same prompt or a small bank of semantically re-
lated concepts. The final coherence score is com-
puted as:

S(ciyrij) = sij —alog Z exp (skj), (2)
ckENi

where sy ; computes the scores for negative chunks
N; and « controls the penalty strength and 7 is a
temperature parameter.

Role of negative chunks and scoring parameters.
The negative chunk set \V; plays a critical role in
distinguishing semantically correct retrieval from
poisoned or misleading exemplars. Rather than
relying solely on raw similarity, negative chunks
introduce competing semantic references drawn
from other prompt components or a small bank of
related concepts allowing the model to penalize re-
trieved images that align strongly with unintended
meanings. This is particularly important under re-
trieval poisoning, where adversarial images may
exhibit high similarity to the target chunk while
simultaneously matching an incorrect concept.

The weighting parameter « controls the strength
of this ambiguity penalty, balancing robustness
against overly aggressive filtering, while the tem-
perature parameter 7 regulates sensitivity to com-
peting similarities by controlling how sharply dif-
ferences in semantic alignment are emphasized.
Together, these design choices enable reliable de-
tection of semantic incoherence without modifying
the underlying retriever or diffusion backbone.

Algorithm 1 Score-Based Semantic Coherence Re-
finement

Require: Prompt p, retriever R, visual database D, pre-
trained encoders Er, E;, diffusion model G, top-k,
threshold §, refinement operator g(-)

Ensure: Generated image x

1: Decompose prompt p into semantic chunks C = {¢; }i%,

2: Initialize verified retrieval set R < 0

3: for each chunk ¢; € C do

4: Retrieve top-k images R; = {ri,1,..

.,Ti,k } using
R

5: Construct negative chunk set AV; from other chunks in
C or a small concept bank

6: for each retrieved image r;,; € R; do

7: Compute raw similarity s; ;

8: Compute contrastive coherence score S(c;, 7i,;5)
using Eq. (2)

9: end for

10: Sij— max;<g S(Ci,n‘,j)

11: if S; > 6 then

12: R+ RUR;

13: else

14: Refine chunk ¢} < g(c;,p)

15: Re-retrieve R} = {r{1,...,7} s} using refined
chunk ¢}

16: for each retrieved image r; ; € R; do

17: Compute s} ; < cos(Er(c;), Er(ri ;)

18: Compute S(c;, r; ;) using Eq. (2)

19: end for

20: Si < max;<k S(ci, 77 ;)

21: if S; > § then

22: R+ RUR;

23: end if

24: end if

25: end for

26: Generate image x < G(p | ﬁ)
27: return x

This formulation assigns lower scores to re-
trieved images that exhibit stronger alignment with
competing concepts than with the intended chunk,
which is a characteristic failure mode induced by
poisoned retrieval. We aggregate evidence across
candidates using top-k pooling:

S; = max S(c;, i) 3)

Jj<k

Chunks with S; < § are flagged as semantically
inconsistent and treated as potentially poisoned or
noisy retrieval results.

Score-triggered chunk refinement and re-
retrieval. For chunks flagged as semantically in-
consistent (i.e., S; < &), we apply a refinement
step to improve retrieval specificity and suppress
poisoned ambiguity. The key observation is that
overly generic chunks (e.g., dog) are more vulnera-
ble to poisoning, as adversarial exemplars can eas-
ily hijack retrieval by exploiting semantic overlap.
To mitigate this, we introduce a chunk refinement



operator g(+) that conditions on the full prompt con-
text p and produces a more specific, context-aware
variant of the chunk ¢, = g(c;, p).

The refinement operator augments the original
chunk with attributes, actions, or relations inferred
from the prompt. For example, a flagged chunk dog
may be refined to golden retriever playing, which
is more discriminative and less prone to retrieval
confusion. We then perform re-retrieval using the
refined chunk R} = RAG(c}), and recompute the
coherence score S; = max;<y, S(cj, 77 ;). If §] >
0, the refined retrieval is accepted as semantically
consistent. Otherwise, the chunk is excluded from
conditioning to prevent poisoned evidence from
propagating into the diffusion model.

Verified conditioning for diffusion. After co-
herence verification and optional refinement, we
construct a verified retrieval set for diffusion condi-
tioning:

R., ifS; <dand S >,
R=|J{Ri ifSi >3, )

@, otherwise.

The diffusion model conditions only on R, ensur-
ing that generation is guided exclusively by seman-
tically coherent and verified visual evidence. This
feedback loop prevents poisoned retrieval results
from influencing the denoising process while pre-
serving alignment under clean retrieval settings.

4 Experiments

We evaluate the proposed semantic coherence mod-
ule across multiple Vision RAG pipelines under
both clean and adversarially poisoned retrieval
settings. Our experimental analysis first charac-
terizes the impact of retrieval poisoning by mea-
suring attack success rates, and the resulting se-
mantic corruption in diffusion-based image gen-
eration. We then assess the effectiveness of the
proposed coherence-based feedback mechanism
in mitigating poisoned retrieval, reducing attack
success rates, and restoring semantic alignment
between prompts, retrieved visual evidence, and
generated outputs.

4.1 Experimental Setup

Poison Setup. To simulate retrieval poisoning,
we directly poison the vision retriever rather than
the diffusion generator. Specifically, we target the
CLIP-based visual encoder (Radford et al., 2021)

used for retrieval by injecting adversarially misla-
beled image—text pairs into its training data. Fol-
lowing prior poisoning paradigms (Zou et al., 2024;
Bagwe et al., 2025), we construct a poisoned subset
from the Conceptual Captions dataset (Changpinyo
et al., 2021), which contains approximately 12 mil-
lion image—text pairs.We sampled 3 millions im-
age—text pairs. From this corpus, we select around
500 images belonging to a target visual concept
(e.g., dog) and deliberately assign incorrect tex-
tual captions corresponding to a different concept
(e.g., cat). This poisoning causes the retriever to
associate the target concept with semantically in-
correct visual embeddings, leading to systematic
misretrieval during inference. Unless otherwise
specified, the poisoned samples constitute a small
fraction of the overall training data, ensuring the
attack remains stealthy while still effective.

Pretraining Setup. The diffusion backbone is
based on a Stable Diffusion Model (Podell et al.,
2023) and remains fully frozen throughout all ex-
periments. Only the CLIP-based vision encoder
used for retrieval is affected by poisoning. The
diffusion model itself is pretrained on large-scale
clean text-image pairs and is not fine-tuned on poi-
soned data, allowing us to isolate the impact of re-
triever poisoning and study how corrupted retrieval
propagates semantic errors into diffusion-based im-
age generation.

Evaluation Datasets. We conduct experiments
on two representative Vision RAG benchmarks, In-
foSeek (Xia et al., 2025) and OVEN (Hu et al.,
2023), which are widely used for evaluating multi-
modal retrieval and retrieval-augmented generation
under both clean and adversarial settings. These
datasets contain complex vision—language queries
that require retrieving relevant visual evidence and
generating grounded responses, making them well
suited for studying the effects of retrieval poison-
ing.

Implementation Details. We use Stable Diffu-
sion v1.4 as the diffusion backbone for all experi-
ments. Our semantic coherence module employs
a CLIP (Radford et al., 2021) scoring function to
evaluate prompt-image consistency. Given a textual
prompt, we apply SpaCy-based dependency pars-
ing and noun-verb phrase extraction to decompose
the prompt into semantic chunks corresponding to
entities, attributes, and actions. During refinement,
prompt chunks with low coherence scores are adap-



Table 1: Comparison with baseline attacks on InfoSeek and OVEN datasets. ASR-R and ASR-G indicate retrieval-
level and generation-level attack success rates, respectively, while ACC denotes clean task accuracy.

Dataset  Baseline ASR-R1T ASR-GT ACC]|
Corpus Poisoning 0.01 0.02 0.94
PoisonedRAG 0.05 0.00 0.92
CLIP PGD 0.19 0.18 0.76

InfoSeek  Poisoned-MRAG (Clean-L) 0.97 0.94 0.04
Poisoned-MRAG (Dirty-L) 1.00 0.98 0.02
Ours 1.00 0.99 0.01
Corpus Poisoning 0.03 0.06 0.78
PoisonedRAG 0.29 0.02 0.78
CLIP PGD 0.63 0.32 0.54

OVEN Poisoned-MRAG (Clean-L) 0.95 0.88 0.08
Poisoned-MRAG (Dirty-L) 1.00 0.96 0.02
Ours 1.00 0.99 0.01

Table 2: Results on the COCO test set. ‘Numerical’, ‘Spatial’, ‘Semantic’, ‘Mixed’, and ‘Null’ refer to test cases
with numerical descriptions, spatial relationships, semantic actions, multiple relations/descriptions, and no explicit
relation keywords. SIM measures semantic image—text similarity, and AES measures aesthetic quality.

Models Mixed Numerical Null Semantic Spatial Total
SIMT AEST | SIMT AES?T | SIMT AEST | SIMT  AEST | SIMT AEST | SIMT  AEST
w.0. Retrieval
VQ-Diffusion (Gu et al., 2022) 2671 5.62 | 2590 5.69 | 2624 571 |2695 554 |2624 558 | 2643 5.63
Stable Diffusion 1-1 (Podell et al., 2023) | 27.28  6.07 | 26.50 5.71 | 26.70 595 | 27.12 594 |26.69 5.80 | 26.86 5.90
Stable Diffusion 1-4 (Podell et al., 2023) | 27.63  6.14 | 26.99 594 | 2731 597 |27.79 6.00 | 2730 579 |2742 597
LayoutLLM-t2i (Qu et al., 2023) 26.57 5776 | 2589 579 |2555 576 |2645 588 | 2558 5.67 |2601 5.77
w. Retrieval
RDM (Blattmann et al., 2022) 2591 5.12 | 26.00 525 | 2565 5.17 |2587 504 |2600 501 |2588 5.11
Re-Imagen (Chen et al., 2022) 27.48 590 | 27.57 589 |2731 592 |2743 594 |2745 587 |2744 590
FineRAG (Yuan et al., 2025) 2840 6.16 | 2838 6.12 | 27.70 6.10 | 2823 6.09 | 28.67 6.10 | 2827 6.11
Ours 2892 6.23 | 2885 6.18 | 28.10 6.15 | 28.76 6.17 | 29.05 6.19 | 28.74 6.18

tively refined and re-retrieved to improve retrieval
specificity before conditioning the diffusion model.

4.2 Results

Attack Effect. Table 1 reports attack perfor-
mance on the InfoSeek and OVEN benchmarks
using retrieval-level (ASR-R) and generation-level
(ASR-G) attack success rates, along with clean ac-
curacy (ACC). Simple corpus poisoning and prior
RAG attacks yield limited success, while gradient-
based retriever attacks (CLIP PGD) increase ASR
but do not fully translate to generation corruption.
In contrast, multimodal knowledge poisoning meth-
ods such as Poisoned-MRAG achieve near-perfect
ASR-R and ASR-G, confirming that poisoned re-
trieval can reliably induce semantic errors in gener-
ation. Our setup exhibits comparable attack effec-
tiveness, with a sharp drop in ACC across strong
attacks, highlighting the severity of semantic degra-
dation under poisoned retrieval and motivating the
need for robust defenses.

Effect of Semantic Coherence Refinement un-
der Poisoned Retrieval. Figure 4 illustrates the
direct impact of retrieval poisoning on Vision
RAG-based image generation and the corrective

effect of the proposed semantic coherence mod-
ule. Under poisoned retrieval (left), the retriever
returns visually plausible but semantically incor-
rect exemplars (e.g., a cat retrieved for the concept
“dog”), which are then propagated into the diffu-
sion model, resulting in a logically inconsistent
generation that violates the prompt semantics. This
example highlights how retrieval-level corruption
directly translates into generation-level semantic
errors, even when the diffusion backbone itself is
unchanged.

After applying the proposed score-based seman-
tic coherence check (right), retrieved images are
explicitly verified against the prompt semantics.
Misaligned exemplars are detected through low co-
herence scores, filtered or corrected via prompt
refinement and re-retrieval, and replaced with se-
mantically consistent visual context. As a result,
the diffusion model is conditioned on verified re-
trieval evidence and generates an image that cor-
rectly reflects both the entities and their intended
interactions in the prompt. This qualitative com-
parison demonstrates that enforcing semantic co-
herence at the retrieval stage effectively blocks the
propagation of poisoned knowledge into genera-
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Figure 4: Effect of the proposed score-based semantic coherence check in Vision RAG image generation under

poisoned retrieval.

tion, complementing the quantitative robustness
gains observed in Tables 1 and 2.

Quality of Generated Image Table 2 reports
quantitative results on the COCO (Lin et al., 2014)
test set, comparing diffusion-based image genera-
tion models with and without retrieval augmenta-
tion. While retrieval-based methods already out-
perform non-retrieval baselines by incorporating
external visual context, their performance critically
depends on the semantic consistency of the re-
trieved images. Our method builds upon retrieval-
augmented generation by introducing a contextual
refinement mechanism that verifies and refines re-
trieved visual evidence before diffusion.

Across all categories, our method achieves the
highest semantic similarity (SIM) and aesthetic
score (AES), with notable gains over FineRAG on
Semantic, Spatial, and Mixed prompts involving
complex interactions. These results show that en-
forcing prompt-retrieval coherence improves con-
ditioning fidelity and generation quality, while re-
maining fully modular and requiring finetuning of
the diffusion backbone.

Qualitative Analysis of Semantic Coherence
Beyond quantitative metrics, we further analyze
how retrieval poisoning manifests visually and how
semantic coherence refinement corrects these fail-
ures. Figure 5 presents qualitative comparisons
on the COCO test set and the Multi-Entity Draw
Bench, highlighting the effect of retrieval noise and
the benefits of the proposed semantic coherence
refinement. Images are arranged column-wise by
model and row-wise by prompt.

In the first row (“Gelbbauch sniffing around Le
Perthus”), baseline retrieval-augmented and diffu-

sion models fail to capture the intended sniffing
action, often generating a dog that is merely stand-
ing or walking. Our method correctly grounds the
verb—entity interaction, producing an image that
explicitly reflects the intended behavior.

The second row (“Saussurea ussuriensis grow-
ing in Laut Pechora”) illustrates failures of prior
methods to represent rare botanical entities or re-
spect geographic context, resulting in generic or
misplaced vegetation. In contrast, our approach
accurately captures both the plant identity and its
environmental setting.

Similar patterns appear in the third and fourth
rows, where baseline models frequently omit enti-
ties, confuse roles, or fail to depict interactions in
multi-entity prompts involving named individuals
and rare objects. The proposed method consistently
preserves entities and interactions, producing se-
mantically coherent generations across all exam-
ples.

Overall, these results demonstrate that poisoned
or noisy retrieval induces systematic semantic er-
rors in existing Vision RAG and diffusion-based
models. By enforcing semantic coherence through
feedback-driven refinement and re-retrieval, our ap-
proach produces images that remain aligned with
complex, multi-entity prompts even under challeng-
ing retrieval conditions.

4.3 Ablation Study

Figure 6 illustrates the impact of retrieval poison-
ing on semantic alignment and the effectiveness of
the proposed semantic coherence refinement. Un-
der poisoned retrieval, the baseline Vision RAG
model exhibits a substantial drop in CLIP score
across all prompt categories, indicating degraded
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Figure 6: CLIP score comparison under poisoned re-
trieval. Poisoned Vision RAG exhibits degraded seman-
tic alignment across all prompt categories, while the
proposed semantic coherence refinement consistently
restores alignment, with the largest gains on semanti-
cally complex prompts.

prompt—-image consistency. After applying the co-
herence refinement loop, CLIP scores consistently
recover across Mixed, Numerical, Null, Semantic,
and Spatial prompts, with the largest gains in the
Semantic and Mixed categories involving complex
interactions. These results confirm that verifying

and refining retrieved visual context before diffu-
sion effectively mitigates poisoned semantics.

5 Conclusion

We studied the vulnerability of Vision RAG sys-
tems to poisoned visual retrieval and showed that
semantic mismatches between prompts and re-
trieved images can severely corrupt diffusion based
generation. Our experiments demonstrate that re-
trieval poisoning achieves high attack success rates
at both retrieval and generation levels, leading to
systematic semantic errors. To address this issue,
we proposed a score-based semantic coherence re-
finement module that verifies prompt-image align-
ment, refines misaligned prompt components, and
re-retrieves corrected visual context prior to diffu-
sion. Extensive quantitative and qualitative results
show that our method substantially improves se-
mantic correctness, robustness, and alignment un-
der both clean and adversarial settings, establishing
an effective and principled defense for Vision RAG
augmented diffusion models.



Limitations

While the proposed semantic coherence framework
significantly improves robustness and semantic cor-
rectness in Vision RAG augmented diffusion mod-
els, several limitations remain.

First, the proposed refinement mechanism intro-
duces additional retrieval steps when inconsisten-
cies are detected, leading to moderate overhead
in adversarial settings. Nevertheless, this cost is
incurred selectively and does not affect clean re-
trieval cases, while the diffusion backbone remains
frozen and computationally unchanged.

Finally, our method focuses on mitigating the
impact of poisoned retrieval at inference time and
does not directly sanitize or repair the underlying
retrieval database. As such, it is complementary to
dataset-level defenses and knowledge base cleaning
approaches rather than a replacement for them.
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A Implementation Details

Prompt Decomposition. We decompose each in-
put prompt into semantic chunks corresponding
to entities, attributes, actions, and locations using
SpaCy-based dependency parsing. Specifically, we
extract noun phrases, verb phrases, and associated
modifiers using the en_core_web_lg model. Stop-
words and purely functional tokens are removed,
and duplicate chunks are merged to form a compact
chunk set C. This decomposition is performed once
per prompt and incurs negligible overhead.

Retrieval Backbone. The retrieval module is
based on a CLIP-style dual encoder, where text
chunks are encoded using a pretrained text encoder
E7 and images are encoded using a pretrained vi-
sion encoder F;. For each chunk, we retrieve the
top-k nearest images, with k set to 5 in all experi-
ments unless otherwise specified.

Diffusion Model Conditioning. We use a pre-
trained Stable Diffusion Model as the image gen-
erator. The diffusion backbone remains frozen in
all experiments. Verified retrieved images are in-
jected as conditioning signals via the same retrieval-
conditioning interface used by the baseline Vision
RAG pipeline. No additional fine-tuning or param-
eter updates are performed on the diffusion model.

Poisoning Setup. To simulate retrieval poison-
ing, we corrupt the retriever by injecting misla-
beled image—caption pairs into the retrieval cor-
pus. We use a subset of the Conceptual Captions
dataset containing approximately 3 million sam-
ples. Specifically, we inject 500 poisoned samples
where images of one concept (e.g., dog) are paired
with captions of a conflicting concept (e.g., cat).
The diffusion model is kept frozen to isolate the ef-
fect of retrieval poisoning. We use Stable Diffusion
v1.4 as the diffusion backbone.

Hyperparameters and Runtime. All experi-
ments are conducted on NVIDIA A100 GPUs. We
train the retriever model from scratch using three
NVIDIA A100 GPUs. Training is conducted for
64 epochs with a batch size of 128. We use the
AdamW optimizer with an initial learning rate of
5 x 1074, followed by cosine learning rate schedul-
ing and 10,000 warm-up steps.

Unless otherwise stated, we use k = 5, « = 1.0
for semantic coherence scoring.
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B Computational Complexity Analysis

We analyze the computational overhead of the pro-
posed score-based semantic coherence refinement
in comparison to the standard Vision RAG.

Let m denote the number of semantic chunks
extracted from a prompt, £ the number of retrieved
images per chunk, d the embedding dimension, and
|D| the size of the retrieval database. In a standard
Vision RAG pipeline, retrieval and similarity com-
putation incur a cost of

O(m(log |D| + kd)),

assuming approximate nearest neighbor search for
retrieval.

Our method introduces an additional contrastive
semantic coherence scoring step, which evaluates
each retrieved image against the intended chunk
and a small set of competing chunks. This adds a
cost of

O(mk|N;|d),

where | ;| denotes the number of negative chunks,
bounded by the number of prompt components and
typically small in practice.

For chunks identified as semantically inconsis-
tent, a lightweight refinement and re-retrieval step
is applied. In the worst case, all chunks are refined,
resulting in an additional retrieval cost of

O(m(log |D| + kd)).

However, in practice, refinement is triggered only
for a small subset of chunks.

Overall, the proposed method preserves the
asymptotic complexity of Vision RAG:

O(m(log |D| + kd)),

introducing only a small constant-factor over-
head from contrastive scoring and conditional re-
retrieval.

Discussion. The diffusion backbone remains un-
changed, and no additional denoising steps are in-
troduced. Since coherence verification operates
only on top-k retrieved candidates and re-retrieval
is applied conditionally, the overall computational
cost remains dominated by retrieval and diffusion.
This ensures that the proposed framework scales
efficiently to large-scale vision retrieval databases
while significantly improving robustness and se-
mantic correctness.
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