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Abstract. As Vision-Language Models are increasingly deployed in safety-
critical applications, the trustworthiness of their explanations becomes
crucial. Explainable AI (XAI) methods for Vision-Language Models often
suffer from explanation hallucination, where attribution maps highlight
prominent image regions even when prompted with incorrect text de-
scriptions (e.g., highlighting a dog when prompted “cat”). Although this
problem is widespread, a formal mathematical analysis of XAI methods
and CLIP embeddings is largely missing in the literature. We demon-
strate that this phenomenon is not specific to a single architecture but is a
fundamental consequence of Linear Semantic Leakage in high-dimensional
embedding spaces. We propose a unified theoretical framework, Lin-
ear Semantic Attribution (LSA), which generalizes across discriminative
methods. We introduce Orthogonal Semantic Projection (OSP), a geo-
metric intervention that utilizes the residual property of OMP to disen-
tangle unique semantic signals from shared concepts. We prove theoreti-
cally and demonstrate empirically that OSP minimizes hallucination by
orthogonalizing the query vector against distractor concepts, rendering
the attribution model blind to shared features while preserving fidelity
for correct prompts. The project website, including the code and anima-
tions, is available at: https://emirhanbilgic.github.io/Orthogonal-
Semantic-Projection

Keywords: Vision-Language Models, Explainable AI, Hallucination, Or-
thogonal Matching Pursuit, CLIP, SigLIP, Diffusion Models

1 Introduction

Vision-Language Models (VLMs) and multimodal diffusion models have become
central to modern computer vision. Well-known examples include CLIP [33] and
SigLIP [39] for image–text understanding, as well as generative architectures
such as Stable Diffusion [35], Flux [1], and PixArt-α [5]. These systems have
enabled significant progress in areas such as autonomous driving [40], medical
image synthesis [17], and zero-shot robotics [26]. However, as they move from
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Fig. 1: Overall pipeline of OSP. Our method performs a geometric intervention in the
multimodal embedding space to disentangle shared semantic components that cause
hallucination, resulting in more faithful and grounded explanations.

research prototypes to real-world deployment, a critical challenge emerges: they
are difficult to interpret. Their internal representations function largely as “black
boxes,” undermining trust, especially in safety-critical environments.

To better understand these models, researchers commonly apply post-hoc
explainability methods originally developed for standard Deep Neural Networks
(DNNs). These methods produce saliency maps or attribution masks that high-
light important regions in an image. Yet when applied to multimodal models,
a new and severe problem appears: explanation hallucination. Saliency methods
often highlight objects that are completely absent from the image, for instance,
highlighting a dog when prompted with “cat.” This undermines the trustwor-
thiness of Explainable AI (XAI) and, more broadly, reduces the possibility of
effectively debugging AI models and makes AI less safe.

Hallucination is commonly defined as generated content that is incorrect or
not grounded in the input [14]. In this work, we show that hallucination does not
only affect model outputs: it also affects explanations. We define explanation
hallucination as a situation where a saliency map highlights image regions that
are not truly related to the given text prompt, as illustrated in Fig. 1, where the
explanation hallucinates the presence of sheep. This problem is critical because
the explanation appears convincing but is not correctly grounded in the text:
the model may seem correct, but it is “right for the wrong reasons.” We stress
that here “related” denotes semantic faithfulness rather than spatial localization:
a saliency map can be sharply localized on a salient object yet remain unfaithful
when that object does not match the prompt. We regard an explanation as
faithful only if the highlighted evidence is specific to the queried concept. This
distinction is measurable: because the CLIP/SigLIP zero-shot score for an absent
class is small, a faithful map should assign that class little saliency, whereas
explanation hallucination assigns high saliency to a concept the model itself
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scores as absent. Explanation hallucination is therefore a failure of faithfulness,
distinct from poor localization.

High-Dimensional 
Semantic Leakage

Shared Semantic 
Components 

(e.g., animal, fur)

Hallucination
(Query: ‘sheep’)

Result

Fig. 2: 3D text embeddings and hallucination. With-
out disentanglement, the distractor is “distracting” the
heatmaps.

We argue that this issue stems
from the geometry of the mul-
timodal embedding space. Image
and text features are represented
in a shared high-dimensional
space. Because these embeddings
are not orthogonal, semantically
related but distinct concepts
share common directional compo-
nents (see Fig. 2). When saliency
maps are computed using these
embeddings, these shared compo-
nents cause the method to high-
light irrelevant regions, and espe-
cially “wrong objects”: producing
hallucinated explanations. While not addressing the hallucination of attribution
maps, there have been multiple works on image embeddings [9,28,29], but to the
best of our knowledge, we are the first to provide such work on text embeddings
to improve attribution XAI methods.

In this paper, we introduce Orthogonal Semantic Projection (OSP), a
geometric intervention designed to reduce hallucinations in saliency-based ex-
planations. OSP is grounded in a simple geometric idea: before computing the
saliency map, we remove the shared semantic components in the text embedding
that cause hallucination.

To achieve this, we use a dictionary learning framework based on Orthogonal
Matching Pursuit (OMP) [31]. This sparse decomposition allows us to isolate
and remove the parts of the embedding that introduce semantic leakage. We
then compute the saliency map using a refined, orthogonalized representation
of the text query. Importantly, OSP acts as a generalized framework and is
plug-and-play : it can be applied to a wide range of Vision-Language models and
saliency methods without retraining the underlying model.

Crucially, this represents a fundamentally new paradigm for interpretability:
instead of decomposing the image embedding space [10] to find visual concepts,
we mathematically decompose the text embedding space to isolate pure semantic
directions. We summarize our contributions as follows:

1. Geometric Analysis of Hallucination: We provide a formal mathemati-
cal framework that bridges the gap between grounding failures and halluci-
natory outputs, characterizing hallucination as a function of the latent mis-
alignment (i.e. non-orthogonality) between semantic embedding directions
and offering a geometric interpretation of how grounding errors propagate
into nonsensical attributions.
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2. A Universal XAI Technique: OSP is compatible with multiple archi-
tectures, including CLIP, SigLIP, and diffusion-based models, and can be
integrated with different saliency methods as a plug-and-play module.

3. Extensive Validation: We evaluate OSP across 3 foundational models and
5 state-of-the-art XAI methods, demonstrating consistent improvements.

4. Practical Use Cases and User Study: We demonstrate improved inter-
pretability reliability, backed by empirical results and a user study.

2 Related Work

2.1 Vision-Language Encoder Attribution Methods

Attribution methods and saliency maps aim to demystify the “black box” na-
ture of Vision-Language Models (VLMs) by grounding textual concepts in vi-
sual regions. Discriminative approaches adapt gradient-based strategies to mul-
timodal architectures. For instance, GradCAM [36] has been successfully applied
to CLIP to identify visual features that maximize similarity with specific text
queries. For Vision Transformers (ViTs), methods like LeGrad [2] provide fea-
ture formation sensitivity by tracing gradients to internal patch embeddings,
while CheferCAM [4] directly propagates relevance scores using attention maps
and their gradients. Generative models, such as Stable Diffusion, rely on meth-
ods like DAAM [38], which aggregates cross-attention maps to spatially localize
the influence of prompt words. Recent works such as TextSpan [10] evaluate
concept attribution by decomposing image representations into text-based con-
stituents. However, unlike these existing explainability approaches that accept
raw entangled query embeddings and refine spatial attribution post-hoc or within
bottlenecks, our method performs a structured geometric intervention directly
in the continuous representation space prior to attribution to proactively resolve
spatial leakage caused by shared semantic similarities.

2.2 Hallucination in Vision-Language Models

Despite their remarkable zero-shot capabilities, VLMs and Large Vision-Language
Models (LVLMs) frequently suffer from different types of hallucinations. The
severity of this issue has motivated the creation of targeted evaluation bench-
marks. Several works tried to address object hallucination in the Visual Question
Answering (VQA) setting: the CHAIR metric [34] quantifies object hallucina-
tions in image captioning, the POPE benchmark [21] evaluates object hallu-
cination in LVLMs through yes-no questions, and THRONE [16] benchmarks
hallucination in free-form generations. To mitigate concept hallucination within
Concept Bottleneck Models (CBMs), Kazmierczak et al. [18] introduce CHILI,
a technique that disentangles image embeddings to localize concept pixels. How-
ever, other benchmarks focus on VQA, and CHILI focuses on concept prediction
within CBMs and does not address the hallucination of attribution maps. Our
method specifically targets object attribution hallucination. While these diagnos-
tic tools highlight the prevalence of hallucination as an empirical phenomenon to
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be benchmarked or mitigated via targeted disentanglement, our work uniquely
establishes a formal, mathematical link connecting the root cause of these errors
backward into the linear geometry of the multimodal representation space itself,
while it can be easily integrated with existing attribution methods.

2.3 Representation Geometry of Vision-Language Encoders

Emerging research characterizes the high-dimensional latent spaces of networks
like CLIP not as uniform structures, but as complex geometric manifolds. The
Linear Representation Hypothesis [30] suggests that high-level concepts and hi-
erarchical structures are encoded as linear directions. Furthermore, the Platonic
Representation Hypothesis [15] posits that diverse architectures naturally con-
verge toward a shared geometric model of reality. Within contrastive models like
CLIP, geometric phenomena such as the “modality gap” [22] reveal that image
and text embeddings reside on separated, offset hyperspheres, severely restrict-
ing the angular portion of the space utilized by the model. To disentangle these
compressed spaces, Sparse Autoencoders (SAEs) [9] have recently been employed
to extract monosemantic, interpretable directions from dense activations. While
prior works focus on analyzing structures like the modality gap or sparse fea-
tures, OSP uniquely utilizes these geometric insights as a mitigation tool, strictly
dynamically orthogonalizing directions at inference time to correct flawed model
behavior and concept bleeding.

3 The Geometry of Hallucination

3.1 Background on Saliency Map Methods for Multimodal Models

Notations. We consider a DNN denoted by fω(·), where ω represents the model
parameters. In this paper, we focus on multimodal encoders [33, 39] and text-
conditioned diffusion models [35] that process two inputs: an image ximg and a
text prompt xtxt. We do not consider autoregressive multimodal large language
models (MLLMs). In diffusion-based models, the image input initially consists
of noise that is progressively refined during the generation process.

Feature Extractors and Activations. We define the saliency maps based on
two distinct categories of model activations: (1) Forward Activations: Let
AMHA

l,h (ximg) denote the activation map corresponding to the h-th attention head
in the l-th layer of the Transformer. Similarly, let AMLP

l (x) represent the output
activations of the Multi-Layer Perceptron (MLP) sub-layer at layer l. We de-
note the complete set of forward activations as {AMHA

l,h (ximg),AMLP
l (ximg)}L,H

l,h=1.
(2) Backward Activations: To incorporate local sensitivity and importance
weighting, we utilize gradient-based signals derived from the backward pass. Let
Sc = ⟨atxt

c ,aimg⟩ be the cosine similarity score for class or concept c. Following
the formulation in LeGrad [2] and CheferCAM [4], we define the backward ac-
tivation set as {∇AMHA

l,h
Sc}L,H

l,h=1, where ∇AMHA
l,h

Sc represents the gradient of the
class similarity score with respect to the h-th attention head in the l-th layer.
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Text and Image Embeddings. Let us consider a set of textual classes or
prompts: {xtxt

c }c. Each text input is mapped to an embedding: {atxt
c }c, atxt

c ∈
Rh, where h is the embedding dimension. Similarly, we denote by aimg

j (ximg)
the image embedding extracted at layer j. Depending on the architecture, for
example, for CLIP or SigLIP, this may correspond to the class token, and for
diffusion models, this may correspond to an averaged image token or latent rep-
resentation. For simplicity, we write aimg

j .
General Formulation of Saliency Maps. Most saliency methods aim to pro-

duce a single spatial importance map Vc(x) for a given class or prompt c. We
observe that many methods can be written as a weighted combination of activa-
tion maps, where the weights depend on the text embedding or on its interaction
with the image embedding. Formally, the saliency map can be expressed as:

Vc(x
img) =

wc AMLP
L (ximg) with wc = atxt

c , (CAM),
wc AMLP

L (ximg) with wc = ∂
∂atxt

c
⟨atxt

c ,aimg
d ⟩, (GradCAM [36]),∑

l,h wj ∇AMHA
l,h

Sc with wj = 1/(HL), (LeGrad [2]),[∏L
l=1

(
I+ 1

H

∑
h

(
∇AMHA

l,h
Sc ⊙AMHA

l,h (ximg)
)+)]

CLS
, (CheferCAM [4]),∑

h wj

(
∇AMHA

L,h
Sc ⊙AMHA

L,h (ximg)
)+

, with wj = 1/H, (AttentionCAM [3]),
1
T

∑T
t=1

1
|H|

∑
h∈H Across

(t,h)(x
img, c), (DAAM [38]),

(1)
where: (·)+ denotes the ReLU activation function, ⊙ denotes the element-wise
Hadamard product, Across

(t,h) (x, c) refers to the cross-attention map for token c at
diffusion timestep t and head h. This formulation shows that most multimodal
saliency methods follow a similar structure where, before the aggregation, the
multimodal representation can be viewed as living in a space of dimension d ×
H×L (where d is the embedding dimension), and then in a space of 1 dimension.
Therefore, saliency extraction can be interpreted as a dimensionality reduction
operation that maps this high-dimensional multimodal representation to a single
scalar importance value per spatial location. This unified view will allow us to
analyze how interactions between text and image embeddings can introduce
semantic leakage and lead to hallucinated explanations.

3.2 From Linear Attribution to Semantic Leakage

Linear Dependence on Text Embeddings. Most saliency methods for vision-language
models can be written under the general form

Vc(x) = f
(
āimg,atxt

c

)
, (2)

where the operator f(·, ·) characterizes the interaction mechanism between the
visual features and the text query, mapping the joint multimodal representa-
tion into the spatial saliency domain as described in Eq. (1). In many practical
instantiations (e.g., similarity-based scores or their gradients), this interaction
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behaves linearly with respect to the text embedding, or can be locally approx-
imated as such (see Appendix A.1). We rely on this assumption for the rest of
this section.

Geometric Structure of the Embedding Space. Consider two classes A and
B with text embeddings atxt

A ,atxt
B ∈ Rd. In contrastive models, embeddings are

normalized:
∥atxt

A ∥2 = ∥atxt
B ∥2 = 1. (3)

Let θAB denote the angle between them:

⟨atxt
A ,atxt

B ⟩ = cos(θAB). (4)

Since semantically related concepts share directions in embedding space, cos(θAB)
is typically non-zero. To empirically evaluate this, we computed the pairwise
cosine similarities between the text embeddings of all 1,000 ImageNet classes.
Across all 499,500 unique pairs, the similarity is never zero: the minimum sim-
ilarity is 0.0967, with a mean of 0.5925, a median of 0.6082, and a maximum
of 1.0000. This confirms that orthogonal concept embeddings are practically
non-existent in standard VLM representation spaces. We denote by atxt

B⊥A the
component of atxt

B orthogonal to atxt
A .

Definition (Hallucinated Attribution). Let image x belong to class A. Let Vc(x)
denote the saliency map extracted for class c. We say that hallucination occurs
if

meanxVB(x) ≥ meanxVA(x), (5)

even though the image contains only class A.

Theorem 1 (Linear Semantic Leakage). Let image x contain an object of
class A. Let us denote aimg its image embedding. If

⟨atxt
A ,atxt

B ⟩ ̸= 0, (6)

then the saliency map VB(x) contains a component proportional to VA(x).

Proof. Because ∥atxt
A ∥2 = 1, we decompose atxt

B via orthogonal projection:

atxt
B = ⟨atxt

B ,atxt
A ⟩atxt

A + atxt
B⊥A. (7)

Using the cosine identity:

atxt
B = cos(θAB)a

txt
A + atxt

B⊥A. (8)

All attribution methods considered in Eq. (1) are linear in the text embedding
and can be written as

Vc(x) = f
(
āimg,atxt

c

)
. (9)

where āimg denotes the specific image representation (e.g., intermediate acti-
vations or normalized embeddings) utilized by the respective algorithm. The
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operator f(·, ·) characterizes the interaction mechanism between the visual fea-
tures and the text query. We assume that f(·, ·) is linear with the text input,
hence we have:

VB(x) = f
(
āimg,

(
cos(θAB)a

txt
A + atxt

B⊥A

))
. (10)

By linearity:

VB(x) = cos(θAB)VA(x) + f
(
āimg,atxt

B⊥A

)
. (11)

The first term is proportional to the true saliency map VA(x). This term is
the ghost signal.

Implications. This result shows that hallucination is directly controlled by
cos(θAB). We empirically validate it in Appendix B: “Correlation between Co-
sine Similarity and Hallucination”. If the angle between embeddings is small,
the ghost signal can dominate the residual term. Therefore, reducing hallucina-
tion amounts to reducing the projection of a query embedding onto unwanted
semantic directions. This phenomenon demonstrates the semantic contamina-
tion of class/concept A’s saliency map by the representation of class/concept
B. Such interference suggests that the attribution mechanism fails to isolate
class/concept-specific features when embeddings are non-orthogonal. We pro-
vide a comprehensive extension of this analysis to multi-class scenarios in Ap-
pendix A.2.

4 Methodology

4.1 Sparse Dictionary Decomposition of Text Embeddings

We formulate semantic purification as a sparse decomposition problem in the
joint embedding space. Let atxt

target ∈ Rd denote the unit-normalized embedding
of a target concept obtained from a pretrained vision-language model. Let D =
[atxt

D1
, . . . ,atxt

Dk
] ∈ Rd×k be a dictionary of semantics embeddings, each normalized

to unit norm.
In sparse representation theory [7], a signal xs ∈ Rd can be approximated as

xs ≈ Dα, (12)

where α ∈ Rk is sparse. The residual

r = xs −Dα (13)

captures the component of the signal that cannot be explained by the selected
atoms.

In our setting, we treat atxt
target as the signal and the distractor embeddings as

dictionary atoms. Our objective is not reconstruction accuracy per se, but rather
orthogonal purification: we aim to remove the semantic components shared with
distractors and retain only the unique semantic direction of the target.
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4.2 Orthogonal Matching Pursuit for Semantic Purification

To compute this decomposition we use Orthogonal Matching Pursuit (OMP) [31],
a greedy algorithm that iteratively selects atoms most correlated with the cur-
rent residual.

Starting from r(0) = atxt
target, OMP performs the following steps:

1. Select the atom most correlated with the current residual:

j⋆ = argmax
j /∈Λ

∣∣∣⟨r(t−1),atxt
Dj

⟩
∣∣∣ . (14)

2. Update the active set Λ of selected atoms (DΛ = [atxt
Dj

]j∈Λ(t)).
3. Recompute the residual via orthogonal projection:

r(t) = atxt
target −DΛ(D

⊤
ΛDΛ)

−1D⊤
Λa

txt
target. (15)

A fundamental property of OMP is:

⟨r(T ),atxt
Dj

⟩ = 0, ∀j ∈ Λ, (16)

meaning the final residual is strictly orthogonal to all selected distractors.
We then normalize:

r =
r(T )

∥r(T )∥2
. (17)

4.3 Orthogonal Semantic Projection (OSP)

We define Orthogonal Semantic Projection (OSP) as the use of the OMP
residual as the purified query embedding.

Definition. Given a target embedding atxt
target and a dictionary of semantics D,

OSP outputs
r = OMP-residual(atxt

target,D), (18)

which satisfies
⟨r,atxt

Di
⟩ = 0, ∀i ∈ Λ. (19)

Intuitively, OSP decomposes the target embedding into

atxt
target = Dα︸︷︷︸

shared semantics

+ r︸︷︷︸
unique semantics

, (20)

and retains only the residual component.
Because multimodal saliency methods are linear in the text embedding, re-

placing atxt
target by r eliminates ghost signals originating from shared semantic

directions.
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4.4 Application to Attribution Methods

Discriminative Methods. For CAM, GradCAM, LeGrad, CheferCAM, and At-
tentionCAM, the saliency map can be written as Vc(x) = f

(
āimg,atxt

c

)
. Re-

placing atxt
c with r yields

VOSP
c (x) = f

(
āimg, r

)
(21)

If a distractor concept Di explains a region of the image, then ⟨r,atxt
Di

⟩ =
0 implies that the corresponding contribution vanishes. Thus, ghost saliency
components are removed by construction.

Diffusion-Based Attribution (DAAM). In diffusion models, attribution arises
from cross-attention maps. Let K

(l,h)
target denote the key vector associated with

the target token in layer l, head h. We apply OSP in key space:

r(l,h) = K
(l,h)
target − β

∑
i

proj
K̂

(l,h)
Di

(
K

(l,h)
target

)
, K̂

(l,h)
Di

=
K

(l,h)
Di

∥K(l,h)
Di

∥
, (22)

where the projections onto the normalized distractor keys K̂
(l,h)
Di

are removed
successively and β controls the suppression strength.

The purified keys are substituted before attention softmax. Since attention
scores depend linearly on keys before normalization, orthogonality ensures that
distractor-aligned attention weights are suppressed.

4.5 Dictionary of Semantics Construction

For each target concept, we extract the dictionary of semantics: a structured
collection of semantically related distractor concepts whose text embeddings
form the atoms of the dictionary of semantics D.

To build the dictionary of semantics D, we explored four accessible dictio-
nary creation strategies: (1) using ImageNet classes, (2) incorporating ImageNet
classes with WordNet semantic relations, and generating customized dictionar-
ies via accessible Large Language Models, specifically (3) Gemini 3 Flash and
(4) GPT-OSS 120B. Detailed definitions for these strategies are provided in
Appendix C. For all approaches, the hyperparameters kept identical for both
positive and negative cases. Furthermore, we filter out any atoms that exhibit
excessively high cosine similarity to the target concept to avoid deleting the core
semantic information. The hyperparameters for different dictionaries vary in a
small space. More can be found in Appendix D.

As shown in Table 2, all dictionaries consistently perform well and improve
the AUROC. The dictionary generated with Gemini 3 Flash is selected as our
primary approach. We carefully designed the LLM prompt to generate dictionary
atoms structured into three specific semantic groups:
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– Group 1: Visual Confusers (15 concepts) – objects that share strong
visual features with the target concept.

– Group 2: Co-occurring Context (15 concepts) – objects or background
elements frequently found in the same scenes as the target.

– Group 3: Semantic Hierarchy (10 concepts) – structurally related con-
cepts comprising 5 hypernyms and 5 hyponyms.

Our results are fully reproducible: the generated dictionary is open source
and publicly available, and the exact prompt used to recreate the dictionary is
provided in Appendix H.

5 Experiments

5.1 Experimental Setups

Overall, we test our framework across 3 different models (CLIP [33], SigLIP [39],
Stable Diffusion 2 [35]) and 5 different methods (GradCAM [36], LeGrad [2],
CheferCAM [4], AttentionCAM [3], DAAM [38]). We evaluate the empirical
performance of these methods on the ImageNet-Segmentation [11], a curated
benchmark containing 4,276 images from the ImageNet validation set equipped
with precise pixel-level annotations. We also conduct extra experiments on MS
COCO, and the results are available in Appendix D. To further validate our
approach, we conducted a human study using a dataset of 1.5k heatmaps. For
this evaluation, we use the five methods, evaluated both with and without their
corresponding OSP heatmaps across three different concepts/classes. We use
50 randomly sampled images from the validation sets of Pascal VOC 2012 [8]
and MS COCO [23], making it 5 × 2 × 3 × 50 = 1,500 heatmaps. We specif-
ically selected images that contain at least 2 unique objects to effectively test
multi-concept disambiguation in clustered scenes. More information about this
experiment is provided in Section 6.2 and Appendix F.

5.2 Quantitative Results

We quantitatively evaluate OSP on the ImageNet-Segmentation benchmark us-
ing four standard metrics: mean Intersection-over-Union (mIoU), mean Average
Precision (mAP), pixel accuracy, and the Area Under the ROC Curve (AUROC).
Detailed results are presented in Table 1, where the dictionary of semantics was
extracted using Gemini. For each method-model pair, we generate heatmaps un-
der two distinct conditions: Positive prompts: The queried concept is present
in the image. Negative prompts: The queried concept is absent. A faithful
attribution method should yield high scores for positive prompts and low scores
for negative prompts. OSP is designed to widen this gap by enhancing posi-
tive scores while suppressing negative ones. In particular, we utilize AUROC to
validate our theoretical claims regarding hallucination. As formalized in Eq. 5,
explanation hallucination occurs when the mean saliency of an absent distractor
class B is comparable to or exceeds that of a present class A. Since AUROC
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Table 1: Detailed mIoU, mAP, and AUROC before and after OSP on ImageNet-
Segmentation using the Gemini 3 Flash dictionary. ∆ columns show the change in-
troduced by OSP. For positive prompts (↑ desired), OSP should increase scores; for
negative prompts (↓ desired), OSP should decrease them. Favorable changes are high-
lighted in bold.

Method Model Prompt mIoU mAP AUROC

Base +OSP ∆ Base +OSP ∆ Base +OSP ∆

LeGrad
CLIP Pos ↑ 58.66 61.33 +2.67 82.49 85.74 +3.25 79.62 80.64 +1.02Neg ↓ 40.88 40.74 -0.14 67.99 70.86 +2.87

SigLIP Pos ↑ 49.51 51.18 +1.67 78.32 78.78 +0.46 74.42 74.73 +0.31Neg ↓ 37.27 34.68 -2.59 63.63 62.84 -0.79

CheferCAM
CLIP Pos ↑ 48.71 51.32 +2.61 80.36 82.60 +2.24 77.63 80.14 +2.51Neg ↓ 44.88 42.99 -1.89 78.74 80.12 +1.38

SigLIP Pos ↑ 37.66 39.60 +1.94 73.49 75.95 +2.46 55.47 62.64 +7.17Neg ↓ 36.65 38.45 +1.80 72.38 74.67 +2.29

AttentionCAM
CLIP Pos ↑ 40.14 47.96 +7.82 70.34 76.62 +6.28 52.68 67.73 +15.05Neg ↓ 33.34 36.63 +3.29 65.74 67.55 +1.81

SigLIP Pos ↑ 50.01 52.12 +2.11 80.20 80.81 +0.61 80.49 83.45 +2.96Neg ↓ 40.00 38.51 -1.49 72.70 70.16 -2.54

GradCAM
CLIP Pos ↑ 44.68 51.43 +6.75 74.94 79.80 +4.86 65.39 71.82 +6.43Neg ↓ 33.83 34.23 +0.40 67.34 68.45 +1.11

SigLIP Pos ↑ 38.69 43.26 +4.57 71.43 73.61 +2.18 67.07 73.01 +5.94Neg ↓ 34.78 37.21 +2.43 68.53 69.52 +0.99

DAAM SD 2 Pos ↑ 65.71 66.34 +0.63 88.55 89.76 +1.21 83.07 85.48 +2.41Neg ↓ 59.49 59.03 -0.46 86.39 87.33 +0.94

evaluates the model’s ability to correctly rank these attributions, it serves as a
direct measure of our method’s success in mitigating hallucination.

Our results indicate a significant improvement in AUROC, suggesting that
OSP substantially enhances hallucination detection. Notably, this improvement
does not come at the cost of localization performance, as the mIoU for positive
prompts remains robust. Furthermore, the reduction in scores for the negative
prompts demonstrates that inaccurate heatmaps are more effectively suppressed.
Any improvement observed in the negative prompts, if present, is smaller than
that of the positive prompts. In this set of experiments, increasing the gap be-
tween the positive and negative prompts was selected as the objective criterion.
This trend is consistent across all dictionaries as shown in Table 2 (see Ap-
pendix D for further details). Importantly, OSP is not dependent on LLMs:
dictionaries constructed from ImageNet class names or WordNet semantic re-
lations already yield consistent improvements across all metrics. Furthermore,
OSP is a computationally efficient operation, with a runtime of less than one
second across all evaluated architectures and saliency methods. Detailed analysis
of the computational overhead is provided in Appendix I.

5.3 Visual Results

Fig. 3, and figures in Appendix G present qualitative comparisons across all five
attribution methods (AttentionCAM, CheferCAM, GradCAM, LeGrad, DAAM)
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Table 2: Average performance per dictionary strategy on ImageNet-
Segmentation. Values are averaged over all 9 method–model pairs (4 discriminative
methods × 2 models + DAAM). ∆ columns show the mean change introduced by OSP.
For positive prompts (↑ desired), OSP should increase scores; for negative prompts (↓
desired), OSP should decrease them. Favorable changes are highlighted in bold.

Dictionary Prompt mIoU mAP AUROC

Base +OSP ∆ Base +OSP ∆ Base +OSP ∆

ImageNet Classes Pos ↑ 48.20 51.96 +3.76 77.79 80.32 +2.53 70.64 74.08 +3.44Neg ↓ 42.09 41.02 -1.07 73.55 72.68 -0.87

ImageNet + WordNet Pos ↑ 47.98 51.40 +3.42 77.79 80.32 +2.53 70.43 73.90 +3.47Neg ↓ 40.12 41.20 +1.08 71.49 72.77 +1.28

Gemini 3 Flash Pos ↑ 48.20 51.61 +3.41 77.79 80.41 +2.62 70.65 75.52 +4.87Neg ↓ 40.12 40.27 +0.15 71.49 72.39 +0.90

GPT-OSS 120B Pos ↑ 48.20 51.34 +3.14 77.79 80.29 +2.50 70.65 76.26 +5.61Neg ↓ 40.12 39.90 -0.22 71.49 72.02 +0.53

with and without OSP, spanning both discriminative (CLIP/SigLIP) and gener-
ative (Diffusion) architectures. Each figure shows heatmaps for the target objects
present in the image as well as a non-existent distractor class, illustrating how
standard methods produce hallucinated attributions for the absent concept while
OSP effectively suppresses these ghost signals. While standard methods often
hallucinate absent concepts, OSP suppresses these signals and improves posi-
tive prompt localization. Thus, OSP both mitigates hallucination and refines
true attributions.

6 Practical Use Cases and User Study

6.1 Use Cases

A key implication of Theorem 1 (Linear Semantic Leakage) is that the severity of
hallucination is predictive solely from the geometry of the text embedding space,
without requiring access to image data or model inference. This mathematical
property enables several practical applications for deploying Vision-Language
Models in real-world interpretation tasks.

Fine-Grained Concept Disambiguation. A frequent failure in multimodal inter-
pretability is the inability to distinguish between closely related semantic con-
cepts or sub-categories. This is often linked to the grounding issues inherent
in these models [18, 25]. This problem also affects Concept Bottleneck Models
(CBMs) [12,18,27,37], where the concept extractor typically operates as a “black
box.” As shown in [6,18] and illustrated in Fig. 4, standard attribution methods
struggle to provide accurate heatmaps for these specific concepts. However, OSP
rectifies these heatmaps, enabling robust, fine-grained concept disambiguation.
We evaluate several attribution methods across various bird-related semantic
concepts; additional accuracy results are provided in Appendix E. Ultimately,
OSP can explain the concepts extracted by CBMs, making the previously opaque
components of these models more transparent.
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Fig. 3: Visual comparison across all methods on a horse–dog scene. Rows correspond
to queries for “Dog” (target), “Horse” (target), and “Sheep” (non-existent distractor).
OSP consistently eliminates hallucinated attributions for the absent sheep across both
discriminative and generative methods.

Fig. 4: Practical use case of OSP for fine-grained concept disambiguation. Standard
methods suffer from semantic leakage and highlight the general object broadly, whereas
OSP successfully disentangles the concepts to highlight specific features.

6.2 User Study

While our quantitative metrics validate OSP on ground-truth segmentation
masks, a critical question remains: does OSP make attribution methods more
reliable for human interpretation? To evaluate this, we conducted a user study
with 200 participants, inspired by the human-aligned evaluation framework pro-
posed by Kazmierczak et al. [19]. Participants were shown heatmaps generated
by standard attribution methods, with and without OSP, and were asked: “Based
on the heatmap, which class is the model focusing on?”. They then rated their
confidence in their answer and, after the correct class was revealed, their trust
in the explanation.

Results. The results are shown in Fig. 5 and Appendix F. OSP increases
human identification accuracy, confidence, and trust scores across methods and
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Fig. 5: User study results. Our method consistently achieves better accuracy, confi-
dence, and trust scores.

architectures. This demonstrates that our geometric intervention not only pro-
vides a theoretically sound grounding but also makes attribution maps more
reliable for end users, translating into measurable improvements in human in-
terpretability. Detailed demographic distributions, statistical analysis including
ANOVA results, deeper performance results including detailed confidence and
trust scores, and subgroup analyses can be found in Appendix F. Extended re-
sults further confirm that OSP’s improvements hold across subgroups.

7 Conclusion

We presented a geometric analysis of attribution hallucination in Vision-Language
Models, showing that it arises from Linear Semantic Leakage: the unavoidable
non-orthogonality of text embeddings in representation spaces. Building on this
analysis, we introduced Orthogonal Semantic Projection, a modular geometric
intervention that leverages Orthogonal Matching Pursuit to project query em-
beddings onto directions orthogonal to distractors. We proved that this orthog-
onalization mathematically eliminates ghost saliency signals by construction.

Extensive experiments across three foundational models, five attribution meth-
ods, four dictionary construction strategies, and two datasets demonstrate that
OSP consistently improves AUROC while preserving or enhancing localization
fidelity. A comprehensive user study further confirms that OSP yields gains in
interpretability.

Looking ahead, we believe that the geometric perspective introduced here
opens promising directions for extending OSP to larger-scale generative archi-
tectures and broader trustworthy AI applications. Beyond interpretability, the
same orthogonalization principle could be directly applicable to high-precision
image editing: by isolating a concept’s unique semantic direction from shared
distractors, OSP can localize and manipulate the target region while leaving
correlated, non-target content untouched.
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