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Abstract
Vision-Language Models excel in multi-modal
tasks but often hallucinate objects or exhibit lin-
guistic bias by over-repeating object names, es-
pecially in complex multi-object scenes. Exist-
ing methods struggle with multi-object ground-
ing because language priors frequently domi-
nate visual evidence, causing hallucinated or
biased objects to produce attention distribu-
tions or similarity scores nearly indistinguish-
able from those of real objects. We introduce
SHAPLENS, a Shapley value–based attribu-
tion framework using Kernel SHAP and multi-
layer fusion to detect hallucinated and biased
objects. Evaluated on ADE and COCO datasets
across four leading VLMs, SHAPLENS im-
proves hallucination detection accuracy by 8–
12% and F1 by 10–14% over the best baselines.
It also achieves up to 6% higher bias detection
performance across three distinct bias types on
a curated HQH benchmark and exhibits min-
imal degradation (<0.03%) across partial and
perturbed contexts.

1 Introduction

Vision-Language Models (VLMs) (Radford et al.,
2021; Liu et al., 2023) have achieved remarkable
success in multi-modal reasoning, visual ques-
tion answering, and caption generation. How-
ever, despite strong performance, these models
often fail to align object mentions with true vi-
sual evidence, particularly in complex multi-object
scenes. Two critical failure modes are hallucina-
tion—predicting objects not visually present—and
linguistic bias—over-repetition of object names
driven by language priors (Leng et al., 2024). Re-
cent evaluations show that open-vocabulary cap-
tioning models hallucinate in 30 – 40% of com-
plex multi-object scenes (Ben-Kish et al., 2023;
Chen et al., 2024a). Such failures can be harm-
ful—for example, misleading accessibility outputs
(Rohrbach et al., 2018), navigation overconfidence
(Pan et al., 2023), erroneous object recognition in

robotics (Brohan et al., 2023), or diagnostic errors
in medical imaging (Thawkar et al., 2023).

Existing hallucination detection methods fall
short in multi-object scenarios due to two core chal-
lenges. First, embedding-similarity methods—e.g.,
CLIP-based scoring (Deng and Li, 2024) or con-
textual embeddings (Phukan et al., 2024)—often
confuse semantically adjacent labels. For exam-
ple, a “suitcase” scene may spuriously activate
“tie” or “briefcase” due to high cosine similar-
ity, as shown in CHAIR and DASH evaluations
(Ben-Kish et al., 2023; Neu and Ji, 2025). Second,
attention-based methods—e.g., OPERA (Huang
et al., 2024) and EAZY (Che et al., 2025)—aggre-
gate signals across heads, diluting strong patch con-
tributions; as shown in Section 2.1, hallucinations
can then receive weights indistinguishable from
real objects. Furthermore, fine-tuning methods
(e.g., (Jiang et al., 2024; Zhao et al., 2023)) incur
high training costs, while inference methods (e.g.,
(Lee et al., 2023; Yin et al., 2024)) lack patch-level
precision. Critically, no prior work differentiates
between hallucination and linguistic bias, treating
them as one phenomenon—even though our evi-
dence shows they demand separate handling. These
shortcomings highlight the need for fine-grained,
training-free attribution in multi-object settings.

To address these challenges, we propose SHAP-
LENS, a novel attribution framework for halluci-
nation and bias detection in multi-object scenes.
We combine the principles of Kernel-SHAP (Lund-
berg and Lee, 2017) and LogitLens (Nostalgebraist,
2020; Che et al., 2025) to perform layer-wise,
patch-level attribution within a training-free frame-
work, robustly detecting hallucinated and biased
outputs. Our contributions are:

• Framework for Hallucination and Bias Detec-
tion: Unified framework SHAPLENS for multi-
object hallucination and bias (label repetition,
attribute, lexical root) detection.
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• Training-Free, Architecture-Agnostic Attribu-
tion: Leverages LogitLens-guided layer selec-
tion and Kernel SHAP-based patch attribution
to enable fine-grained detection across diverse
VLM architectures.

• Benchmark Improvements: SHAPLENS
achieves 8–12% accuracy gain and 10–14% F1-
score gain in hallucination detection, and up to
6% F1-score gain in bias detection, showing
strong performance in multi-object scenes.

• Robustness to Visual Perturbations: Maintains
near-perfect robustness under occlusion, noise,
and bounding box shifts: ∆diff ≤ 0.0003 with no
change in classification outcomes.

2 Problem Formulation & Background

We present two distinct failure modes, hallucina-
tion and linguistic bias, in Figure 1, with additional
examples in Appendix H (Figures 6–10). In both
cases, we consider an image I ∈ RH×W×3 hav-
ing N objects and its predictions P = {pi}Ni=1

produced by a VLM.

2.0.1 Hallucination Detection
Given an image, the goal is to determine whether
each predicted object truly exists in the visual
scene. Let the set of bounding boxes be B =
{bi = (xi, yi, wi, hi)}Ni=1, where (xi, yi) denotes
the top-left corner and wi, hi are the width and
height. Each box is partitioned into K uniform
patches Zi = {zj}Kj=1 (e.g., an 8×8 grid yields 64
patches). For every prediction pi, we measure its
attribution across patches and mark it as halluci-
nated if no patch in Zi provides sufficient visual
support (below an adaptively learned threshold).

2.0.2 Bias Detection
We flag a prediction pi as biased if it recurs in
the prediction set P without significant visual sup-
port (below an adaptively learned bias threshold).
Unlike hallucination detection, bias detection op-
erates directly on token sequences and requires no
bounding box information. Specifically, we define
three categories of linguistic bias, with explanatory
figures in Appendix H:

• Label Repetition Bias: Occurs when the model
repeats the exact same object label multiple times
far beyond its true count in the image. For ex-
ample, in scenes containing 4 goats (Fig. 1), the
model may generate outputs like goat * 17 times.

• Attribute Bias: Occurs when the model over-
generates descriptive attribute tokens (e.g., white,
green, red, round) rather than object labels them-
selves (Fig. 7). This reflects a challenge in fine-
grained visual grounding, where the model favors
surface-level attributes over correct object identi-
fication.

• Lexical-Root Propagation Bias: Arises when
the model excessively repeats a common sub-
token across different compound labels (Fig. 9).
For example, it may repeatedly use the subword
“airport” in variations such as airport vehicle, air-
port ground crew, airport equipment, airport op-
erations.

2.1 Limitations of Existing Works
Case Study 1: Object Hallucination: Standard
attention-based techniques (Huang et al., 2024;
Che et al., 2025) struggle in dense urban scenes.
In Fig. 1(a), mean attention for the hallucinated
“potted plant” (0.018) is indistinguishable from
the valid “green water bottle” (0.021). Similarity-
based scores (Deng and Li, 2024; Phukan et al.,
2024) also show limited separation: the halluci-
nated “bench” (similarity 0.021) closely matches
actual objects like “bus stand” (0.022) and “fence”
(0.019), making filtering difficult.

Case Study 2: Linguistic Bias: Fig. 1(b) shows
excessive “goat” repetition (×12). CLIP (Deng
and Li, 2024) reports maximal similarity even on
random noise (1.00), indicating strong text-prior
dependence. Mean attention remains low (0.0200)
with no strong activation in specific heads, suggest-
ing weak visual localization.

These cases reveal fundamental limitations: sim-
ilarity metrics conflate semantically related labels,
while attention aggregation weakens discriminative
signals.

2.2 Primer on KernelShapley Attribution
KernelSHAP (Lundberg and Lee, 2017) approxi-
mates Shapley values (Shapley, 1953) by sampling
random subsets of input features and computing
their marginal effects. For a predicted object pi
with bounding box Bi, let Zi = {zj}Ki

j=1 denote
the set of patches within the box. The Shapley
value ϕj for patch zj ∈ Zi is estimated using M
random permutations:

ϕj =
1

M

M∑

m=1

δ
(m)
j · wSm (1)
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Figure 1: Examples of two failure modes of VLMs in multi-object contexts: (a) Object hallucination, where
non-existent objects such as “black purse”, “bench” and “potted plant” are incorrectly included in the scene; (b)
Linguistic bias, characterized by excessive repetition of “goat” (×12). SHAPLENS attributes predicted object labels
to image patches across multiple layers, grounding each prediction in visual evidence.

Each marginal contribution is computed as:

δ
(m)
j = v(Sm ∪ {zj})− v(Sm), (2)

where Sm ⊂ Zi \ {zj} is a randomly sam-
pled subset excluding zj , and v(S) denotes the
model output when only patches in S are vis-
ible. The Shapley kernel wSm assigns higher
weight to intermediate-sized subsets to enable bal-
anced marginal sampling. Unlike the original Ker-
nelSHAP, we omit the weighted regression step
and directly average marginal effects, as the output
is scalar-valued—making regression unnecessary
for patch-level attribution.

2.3 Primer on LogitLens
LogitLens is a technique used to interpret interme-
diate representations in transformers by projecting
hidden states at each layer back into vocabulary
logits (Nostalgebraist, 2020). Originally proposed
for text-only LMs, recent works (Neo et al., 2024;
Che et al., 2025) demonstrate its surprising effec-
tiveness in VLMs, showing that visual token repre-
sentations evolve toward interpretable vocabulary-
aligned concepts across layers.

3 Methodology

3.1 SHAPLENS Framework Components
To address the aforementioned challenges, we
present SHAPLENS, which integrates Ker-
nelSHAP and LogitLens principles to produce
grounded visual evidence across multi-object
scenes (Fig. 1). The key steps of our methodology
are: (i) Layer Selection (ii) Hallucination Detection
Algorithm (iii) Bias Detection Algorithm.

Figure 2: Accuracy and F1-score across 3-layer groups,
with peak performance in mid-late layers.

3.2 Layer Selection via Attribution Analysis

A critical challenge in interpreting VLMs is identi-
fying optimal layers for attribution, as this varies
across architectures. We conduct a pilot study
to establish a generalizable, data-driven selection
method for our SHAPLENS framework.

We compute attribution-based accuracy for each
3-layer group on diverse images (N = 100) from
ADE (Zhou et al., 2017). This dataset provides
representative visual concepts for vision-language
tasks, and we verify that the identified layer pat-
terns generalize to COCO dataset (Lin et al., 2014):

Acc(q) =
1

N

N∑

i=1

I
(
ψ
(q)
i > τ

(q)
i

)

where ψ(q)
i = 1

3

∑
ℓ∈group q

(
1
Ki

∑Ki
j=1 ϕ

(ℓ)
i,j

)
is the

average attribution strength for object i across 3-
layer group q, ϕ(ℓ)i,j is the Shapley value for patch
j at layer ℓ, Ki is the number of patches within
bounding box bi, and τ (q)i is a group-specific adap-
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Algorithm 1 SHAPLENS Hallucination Detection
Require: Image I , VLM outputs: preds P , self-generated

boxes B, layers L, perms M
Ensure: Flags {hi}
1: for each label pi∈P with box bi∈B do
2: ci ← Compute semantic features for label pi
3: for l ∈ L do
4: {h(l)

i,j} ← Extract layer-l features for each patch
j ∈ Bi

5: Cosine similarity s(l)i,j =
⟨h(l)

i,j ,ci⟩
∥h(l)

i,j∥∥ci∥

6: ϕ
(l)
i,j ← Approximate Shapley value for patch j

via M permutations
7: end for
8: Aggregate: Φi =

1

|L|
∣∣{h(l)

i,j}
∣∣
∑

l∈L

∑

j

ϕ
(l)
i,j

9: τi ← Adaptive threshold on {ϕ(l)
i,j}

10: Flag: Mark pi as hallucinated if Φi < τi
11: end for

tive threshold determined by Gaussian mixture
modeling.

Our analysis indicates that the performance of
LLaVA-7B peaks around layers 19–21 (Fig. 2).
Similar trends are observed for Qwen2-VL-2B,
LLaVA-13B, and LLaMA-3.2-Vision-11B, as de-
tailed in Appendix Fig. C. Early layers encode
low-level cues, late layers overspecialize for gen-
eration, and mid layers achieve the best abstrac-
tion–interpretability balance (Neo et al., 2024; Lin
et al., 2025). Our layer selection algorithm, ex-
plained in detail in the Appendix, identifies these
layers by maximizing attribution accuracy.

3.3 Hallucination Detection Algorithm

Our algorithm (Algorithm 1) identifies hallucinated
object predictions by quantifying the visual support
each label receives from localized image regions
via Shapley-based attribution. For each predicted
label pi with bounding box bi, we first compute a
semantic embedding ci by encoding the tokenized
label through the model’s text encoder and averag-
ing over subtokens, yielding a robust representation
in the shared vision-language space.

Next, we extract visual features h(l)
i,j from each

layer l ∈ L for all spatial patches j overlapping
the region bi. The image is processed through the
visual encoder, and we retain representations from
patches spatially mapped to the box. Each patch
feature h

(l)
i,j is normalized and projected onto the

label embedding ci using cosine similarity, produc-

ing an alignment score s(l)i,j =
⟨h(l)

i,j ,ci⟩
∥h(l)

i,j∥∥ci∥
.

To assess the contribution of each patch to the
overall alignment, we estimate Shapley values

Algorithm 2 SHAPLENS Bias Detection
Require: Token list T , image I , blank image I∅, layers L
Ensure: Bias flags for {label, attribute, root}
1: Identify repeated tokens R ⊆ T , attribute tokens A ⊆ T ,

root tokens X ⊆ T
2: Compute hidden states {hfused

ℓ , hblank
ℓ }ℓ∈L

3: for each phrase r ∈ R ∪A ∪X do
4: Tokenize r into subtokens {rs}
5: For each rs, compute confidence drop across layers:
δr,s,ℓ = pfused(rs, ℓ)− plang(rs, ℓ)

6: ∆r ← mins,ℓ δr,s,ℓ
7: τr ← Adaptive threshold on{δr,s,ℓ}
8: Flag: r is biased if ∆r < τr
9: end for

ϕ
(l)
i,j using a KernelSHAP-style permutation ap-

proach (Lundberg and Lee, 2017). For each of
M random permutations, we compute the marginal
improvement in the running maximum score when
patch j is added:

ϕ
(l)
i,j ≈

1

M

M∑

m=1

[
max

k∈Sm∪{j}
s
(l)
i,k − max

k∈Sm

s
(l)
i,k

]
· wSm

where Sm is the preceding set in permutation
m, wS is the Shapley kernel, and ϕ(l)i,j serves as
the final patch-level attribution score. This Monte
Carlo estimator ensures linear scaling in patches
and permutations, enabling tractable application to
multi-object dense scenes.

To improve robustness to dataset- and object-
specific score distributions, we employ adaptive
thresholding over the fused attribution scores.
Specifically, we fit a two-component Gaussian
mixture model (GMM) over all ϕ(l)i,j , and define
the threshold τi as a weighted midpoint between
the component means m1 and m2, i.e., τi =
λm1 + (1− λ)m2, where 0 < λ < 1 is the weight.
The component means m1 and m2 are estimated
directly from the fitted GMM over the flattened
attribution distribution, representing low- and high-
support patch clusters, respectively. This soft sep-
aration strategy better captures bimodal structure
between grounded and weakly-supported patches,
reducing sensitivity to outliers and class imbal-
ance. An object label i is flagged as hallucinated
if Φi < τi, where Φi is the aggregated attribution
score over all layers and patches.

3.4 Bias Detection Algorithm
In VLMs, repeated tokens often arise from over-
reliance on language priors rather than visual ev-
idence (Leng et al., 2024). To quantify this, our
method, presented in Algorithm 2 computes token-
level confidence drops by contrasting predictions
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under a real image I and a blank input I∅. Specifi-
cally, we define:

• Fused Confidence pfused(rs, ℓ): Softmax
probability of subtoken rs at layer ℓ from
vision-language fused hidden states.

• Language-Only Confidence plang(rs, ℓ):
Corresponding score from a language-only
forward pass with a blank image.

To evaluate token grounding, we aggregate the
K image patch embeddings {hℓ,j}Kj=1 at each
transformer layer ℓ ∈ L by their mean, and project
this mean through the vocabulary head WU ∈
RV×d to obtain a logit vector oℓ ∈ RV :

oℓ = W⊤
U

(
1
K

K∑

j=1

hℓ,j

)

We compute oℓ both for the original image and
for a blank image, apply softmax to each to get
probability vectors p(rs, ℓ), and compare them to
quantify the model’s reliance on visual evidence
versus language priors.

We define the confidence delta ∆r as the min-
imum difference across all subtoken–layer pairs,
capturing the visual evidence score:

∆r = min
s,ℓ

(
pfused(rs, ℓ) − plang(rs, ℓ)

)

This min-aggregation technique ensures that the
weakest subtoken-layer pair governs ∆r, enabling
bias detection even in multi-word phrases.

Finally, we apply the same adaptive thresholding
strategy described earlier (Section 3.3), using a two-
component Gaussian mixture model (GMM) over
{δr,s,ℓ}. A phrase is flagged as biased if ∆r < τr,
where τr denotes the learned threshold separating
grounded from prior-driven terms. We discuss the
theoretical guarantees and time complexity of both
algorithms in the Appendix G.

4 Evaluation

4.1 Experimental Setup
Hallucination Detection Evaluation: We evalu-
ate SHAPLENS using the ROPE benchmark (Chen
et al., 2024a), which includes images from
the ADE (Zhou et al., 2017) and COCO (Lin
et al., 2014) datasets. The benchmark covers
mixed (in-the-wild), homogeneous (AAAAA), het-
erogeneous (ABCDE), and adversarial settings

(AAAAB/BAAAA), with 5 bounding-boxed ob-
jects per image. Adversarial examples specifically
target language-prior dominance by altering ob-
ject order. In total, the benchmark comprises 2700
training and 2200 validation examples.

Bias Evaluation Dataset: We use the HQH
benchmark (Yan et al., 2024), focusing on its Ex-
istence and Count categories, which are prone to
multi-object hallucinations. We use 415 curated
multi-object images and prompt the model to list
the main objects. This setup helps reveal differ-
ent types of linguistic bias in the model’s output.
Responses that are overly descriptive, lack object
specificity, or contain only numeric outputs are ex-
cluded from analysis. Using ChatGPT-4o for con-
sistent labeling, we annotate 1117 biased instances:
444 label repetitions (39.8%), 221 attribute floods
(19.8%), and 452 lexical propagations (40.4%).

Model Selection: To evaluate generalization
across architectures, we test four leading open-
source VLMs: LLaVA-1.5-7B, LLaVA-1.5-13B,
Llama-3.2-11B-Vision-Instruct, and Qwen2-VL-
2B-Instruct.

Metrics: We measure Accuracy, which is the pro-
portion of correctly classified hallucinated or bi-
ased objects, and F1-score, which combines Preci-
sion and Recall. Additionally, we adopt the CHAIR-
i metric (Ben-Kish et al., 2023) to quantify the
fraction of hallucination flags that are incorrect.
A lower CHAIR-i indicates higher precision for
hallucination detection in a multi-object response.

CHAIR-i =
#{incorrect hallucination flags}

#{objects flagged as hallucinated} .
(3)

Baseline Methods: We compare SHAPLENS
with the following baselines (implementation de-
tails in the Appendix E).

• CLIP-guided Attribution: Uses CLIP scores to
measure alignment between predicted label and
visual region (Deng and Li, 2024); low similarity
indicates hallucination.

• Contextual Embedding: Forms a context-aware
label vector by averaging layer embeddings of
predicted labels (Phukan et al., 2024), then com-
putes patch similarity to quantify grounding.

• Attention Aggregation (OPERA): Extracts fi-
nal cross-attention maps from the last transformer
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Table 1: Hallucination detection results (mixed object distributions) on ADE and COCO (Accuracy, F1, CHAIR-i).

Method (Model) ADE COCO

Accuracy ↑ F1-score ↑ CHAIR-i ↓ Accuracy ↑ F1-score ↑ CHAIR-i ↓
SHAPLENS (LLaVA-7B) 0.8404 0.9128 0.0269 0.8125 0.8949 0.0769
OPERA (LLaVA-7B) 0.7316 0.1130 0.9159 0.7123 0.0590 0.9631
CLIP (LLaVA-7B) 0.6600 0.6435 0.4678 0.3477 0.5160 0.6523
Contextual (LLaVA-7B) 0.4580 0.5814 0.3987 0.4574 0.5787 0.4044

SHAPLENS (LLaVA-13B) 0.8214 0.8805 0.0553 0.7953 0.8774 0.0890
OPERA (LLaVA-13B) 0.6967 0.8212 0.2990 0.7648 0.8667 0.2342
CLIP (LLaVA-13B) 0.7239 0.7930 0.1864 0.6161 0.7625 0.3839
Contextual (LLaVA-13B) 0.4647 0.5695 0.5359 0.4609 0.5661 0.5374

SHAPLENS (Llama3.2-Vision) 0.7917 0.8462 0.0777 0.7650 0.8464 0.1161
OPERA (Llama3.2-Vision) 0.7344 0.1158 0.9137 0.7152 0.0614 0.9609
CLIP (Llama3.2-Vision) 0.6632 0.6487 0.4636 0.3509 0.5202 0.6491
Contextual (Llama3.2-Vision) 0.4612 0.5856 0.3945 0.4606 0.5829 0.4002

SHAPLENS (Qwen2-VL) 0.8418 0.9141 0.0265 0.8140 0.8962 0.0763
OPERA (Qwen2-VL) 0.7330 0.1144 0.9148 0.7137 0.0602 0.9620
CLIP (Qwen2-VL) 0.6616 0.6461 0.4657 0.3493 0.5181 0.6507
Contextual (Qwen2-VL) 0.4596 0.5835 0.3966 0.4590 0.5808 0.4023

layer (Huang et al., 2024) to measure token-patch
attention strength and quantify over-confidence
for hallucination detection.

4.2 Performance of Hallucination Detection

Benchmark Results for ADE and COCO
Datasets: Table 1 reports hallucination detection
results under mixed object distributions. Across
all four VLMs, SHAPLENS consistently achieves
the best performance on ADE and COCO, with
accuracy around 0.79–0.84 and F1-scores above
0.84–0.91. In contrast, OPERA shows very low
F1 (typically below 0.12), reflecting its instability
under attention-only signals, while CLIP and Con-
textual baselines yield moderate F1 (0.57–0.65)
but much higher CHAIR-i (0.38–0.65), indicating
higher hallucination rates.

Model-wise, Qwen2-VL and LLaVA-7B achieve
the strongest overall robustness (≈ 0.84 accuracy,
0.91 F1), while LLaVA-13B and Llama3.2-Vision
perform slightly lower but remain consistent. These
results highlight that SHAPLENS generalizes effec-
tively across architectures and model scales, out-
performing all baselines by large margins while
maintaining low CHAIR-i (≈0.02–0.09).

Object Ordering and Distribution Mat-
ters in Detecting Hallucination: Beyond
mixed-image settings, we analyze how different
object distributions—homogeneous (AAAAA),
heterogeneous (ABCDE), and adversarial
(AAAAB/BAAAA)—influence the robustness of
hallucination detection (Fig. 3). Heterogeneous

Figure 3: Accuracy of SHAPLENS (LLaVA-7B) across
homogeneous, heterogeneous, and ordered object distri-
butions in ADE and COCO datasets.

distributions consistently yield higher scores than
homogeneous ones, suggesting that visual diversity
enhances robustness. For instance, SHAPLENS
improves from 0.74 to 0.80 accuracy on ADE and
from 0.72 to 0.79 on COCO when moving from
homogeneous to heterogeneous settings. Moreover,
we find that object order also plays a role: placing
distractors earlier (BAAAA) leads to stronger
performance than placing them later (AAAAB),
reflected by F1-score gain in both datasets.

Comparison with Shapley Variants: We com-
pare SHAPLENS with two Shapley-based attri-
bution methods: KNN-Shapley, which computes
KNN-based values (Yang et al., 2024) between
top-M patch and label embeddings; and Leverage-
Shapley, which applies leverage-weighted Shap-
ley values (Musco and Witter, 2024) to emphasize
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Figure 4: (a) Performance comparison of SHAPLENS and Shapley variants, showing accuracy and F1-score vs.
sample size. (b) Accuracy and runtime vs. permutation count for SHAPLENS, demonstrating optimal performance
with minimal sampling.

high-influence patches.
Fig. 4(a) plots detection metrics vs. sample

size for SHAPLENS, KNNShap, and Leverage-
Shap. Under the same adaptive thresholding and
layer selection scheme, SHAPLENS consistently
outperforms the baselines—achieving 0.826 accu-
racy and 0.904 F1 at 50 samples, with only minor
degradation as sample size increases. In contrast,
KNNShap and LeverageShap yield lower accuracy
and F1-scores beyond 100 samples, which high-
lights SHAPLENS’s efficiency driven by kernel-
weighted permutations.

Optimal Sampling for Efficient Attribution:
Fig. 4(b) plots the effect of the number of Ker-
nelSHAP permutations on detection accuracy and
runtime for LLaVA-7B and LLaVA-13B (ADE,
n = 100). SHAPLENS achieves peak accu-
racy with only 50 permutations, yielding 0.832 for
LLaVA-7B in 467s and 0.519 for LLaVA-13B in
686s. While increasing permutations to 650 raises
runtime to 562s and 768s respectively, it provides
no further accuracy gains. This demonstrates that
our framework identifies the precise operating point
where attribution quality is maximized relative to
computational expense.

4.3 Performance of Bias Detection

Table 2 presents accuracy and F1-scores for three
bias detection types and aggregate bias across
all models. Accuracy improves with model size
for Root Bias (0.643 to 0.667) and Attribute Bias
(0.819 to 0.757). F1-scores for Root Bias also in-
crease, suggesting better recall in the 13B model.
In contrast, Label Bias retains the highest F1 across
both models, reflecting its relative detection sim-
plicity. At the same time, Attribute Bias remains

the most challenging category, with low F1-scores
across all methods, pointing to the subtlety of
attribute-level cues. Overall, SHAPLENS leads
consistently across categories, especially for label
and root bias, while gains on attribute bias remain
more modest.

To understand the underlying causes of bias de-
tection performance, we analyze token-wise visual
entropy (see Appendix Table 5). Our findings re-
veal that biased terms exhibit near-maximum en-
tropy across layers. This systematic instability ex-
plains why certain terms are persistently biased
regardless of input variations.

4.4 Robustness Analysis

We tested the robustness of SHAPLENS using
controlled perturbations designed to simulate real-
world degradations: (i) Occlusion (10–30%): ran-
domly masks image regions to simulate missing
visual input; (ii) Noise (5–15 intensity): adds Gaus-
sian pixel noise to degrade visual clarity; (iii) BBox
Shift (10–50%): simulates annotation noise by
shifting boxes for hallucinated objects, with bias
detection images excluded as they lack bounding
boxes; (iv) Partial View (Half, Quarter): uses only
part of the image, reducing available context.

Table 3 shows that hallucination metrics vary by
no more than ±0.0003, with standard deviation
below 0.001 across all settings—confirming sta-
ble attributions under occlusion, noise, and box
shifts. Bias detection robustness results are pro-
vided in Appendix F. Even under extreme partial
views, classification outputs remain unchanged (F1-
score ≈ 1.0), confirming the method’s resilience to
realistic degradations.
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Table 2: Accuracy and F1 Scores for Bias Detection over Three Bias Categories and Combined Aggregate Bias.

Method (Model) Label Attribute Root Aggregate Bias

Acc ↑ F1 ↑ Acc ↑ F1 ↑ Acc ↑ F1 ↑ Acc ↑ F1 ↑
SHAPLENS (LLaVA-7B) 0.872 0.899 0.819 0.419 0.643 0.661 0.887 0.919
OPERA (LLaVA-7B) 0.845 0.874 0.785 0.381 0.601 0.618 0.857 0.891
CLIP (LLaVA-7B) 0.831 0.861 0.762 0.352 0.587 0.604 0.843 0.878
Contextual (LLaVA-7B) 0.858 0.886 0.802 0.401 0.625 0.643 0.871 0.905

SHAPLENS (LLaVA-13B) 0.817 0.845 0.757 0.263 0.667 0.704 0.863 0.902
OPERA (LLaVA-13B) 0.792 0.822 0.725 0.231 0.625 0.661 0.838 0.877
CLIP (LLaVA-13B) 0.779 0.809 0.703 0.205 0.611 0.647 0.825 0.865
Contextual (LLaVA-13B) 0.805 0.833 0.741 0.248 0.649 0.686 0.851 0.889

SHAPLENS (Llama3.2-V) 0.796 0.823 0.737 0.256 0.650 0.684 0.840 0.877
Contextual (Llama3.2-V) 0.789 0.817 0.730 0.248 0.643 0.677 0.833 0.870
OPERA (Llama3.2-V) 0.782 0.810 0.723 0.240 0.636 0.670 0.826 0.863
CLIP (Llama3.2-V) 0.775 0.803 0.716 0.232 0.629 0.663 0.819 0.856

SHAPLENS (Qwen2-VL) 0.860 0.887 0.807 0.395 0.652 0.670 0.875 0.913
OPERA (Qwen2-VL) 0.833 0.862 0.773 0.357 0.610 0.627 0.848 0.886
CLIP (Qwen2-VL) 0.820 0.850 0.750 0.328 0.596 0.613 0.835 0.875
Contextual (Qwen2-VL) 0.846 0.874 0.790 0.377 0.634 0.652 0.861 0.899

Table 3: Impact of Diverse Input Perturbations on
SHAPLENS Hallucination Detection.

Perturbation Level Mean ∆diff Std

Occlusion 10% −0.0001 0.0008
20% −0.0000 0.0010
30% −0.0001 0.0009

Noise 5 −0.0001 0.0006
10 0.0001 0.0008
15 0.0003 0.0009

BBox Shift 10% −0.0001 0.0007
30% 0.0001 0.0008
50% 0.0000 0.0006

Partial View Half 0.0001 0.0002
Quarter 0.0000 0.0002

5 Related Work

CLIP and Other Similarity-Based Approaches:
Early methods like CLIP-guided attribution mea-
sure text-image alignment but struggle with seman-
tic overlap in multi-object scenes (Deng and Li,
2024; Ben-Kish et al., 2023). Moreover, DASH
and EFUF reveal that fixed CLIP thresholds fail to
isolate hallucinations due to close similarity mar-
gins (Neu and Ji, 2025; Xing et al., 2024). CLIP
finetuning methods (Ouali et al., 2024; Liu et al.,
2024) reduce hallucinations but incur substantial
training overhead.

Attention-Based Approaches: Methods like
OPERA (Huang et al., 2024), EAZY (Che et al.,
2025) and DAMRO (Gong et al., 2024) rely on at-
tention scores, while often diluting signals from dis-
criminative heads. Moreover, OPERA’s over-trust

penalties are unstable in dense scenes, as they lack
spatial grounding precision and overreact to con-
text tokens. Another work, ConceptAttention (Hel-
bling, 2025) uses diffusion attention for saliency
but struggles with multi-object scenes.

Shapley-Based Attribution Approaches: KNN-
Shapley (Yang et al., 2024) estimates data values
via O(N logN) exact inference but assumes fea-
ture independence—failing under occlusion (>
30%) (Lee and Song, 2022). FW-Shapley (Tan-
don and Liu, 2025) and LeverageShap (Musco and
Witter, 2024) accelerate attribution or improve ro-
bustness but are limited to feature-level importance
without multimodal grounding. SHAPLENS, in-
spired by KernelSHAP (Lundberg and Lee, 2017),
overcomes these via layer-wise Shapley fusion.

Additional related work is discussed in Ap-
pendix D.

6 Conclusion

This work identifies and addresses two critical fail-
ure modes in VLM perception: object hallucination
and linguistic bias. SHAPLENS achieves state-of-
the-art detection performance by revealing that mid-
layer visual representations provide the optimal bal-
ance for attribution. The framework’s training-free
nature, computational efficiency, and demonstrated
robustness make it well-suited for reliable vision-
language systems.
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7 Limitations

Difficulty with Small or Abstract Objects: Al-
though SHAPLENS is robust to typical occlu-
sions and bounding-box shifts, it may face chal-
lenges in rare cases involving very small or low-
salience objects. Items like "ring" or "text" activate
only a few patches, making attribution less reli-
able—especially in cluttered scenes where stronger
signals dominate (Lee and Song, 2022).

No Decoding-Time Intervention: While SHAP-
LENS can effectively detect hallucinations and flag
biased tokens post hoc, it cannot intervene during
generation or revise outputs dynamically. As a re-
sult, it serves primarily as an analytical tool rather
than a corrective mechanism.

Vocabulary Bias in LogitLens: SHAPLENS
uses LogitLens-style token confidence estimation,
which inherits the VLM’s vocabulary distribution
biases (Belrose et al., 2023). While Tuned-Lens
could mitigate this through learned calibration on
held-out data, it requires additional training and
model-specific tuning. We opt for LogitLens to
maintain a zero-shot, model-agnostic approach, ac-
cepting conservative calibration for rare tokens as
a practical trade-off.

Information Leakage in Layer Masking:
When computing patch attributions, we mask in-
termediate patch representations rather than input
pixels. This differs from input-level masking tech-
niques and may allow information flow through
residual connections or cross-modal attention in
later layers, representing a trade-off between attri-
bution purity and computational efficiency.

8 Ethics Statement

SHAPLENS is designed as an interpretability tool
to audit and improve the reliability of vision-
language models (VLMs). By detecting halluci-
nations and linguistic biases, it aims to mitigate po-
tential harms from incorrect or misleading model
outputs in safety-critical applications. Our method
operates solely on model outputs without accessing
private user data, preserving privacy. We empha-
size SHAPLENS’s intended use for responsible AI
development, model debugging, and transparency
enhancement.
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A Table of Notations

Table 4: Table of Notations

Constants and Global Parameters
N : Number of object predictions.
M : Number of Shapley permutations.
K : Number of patches in an image.
L : Number of transformer layers.
W : Vocabulary.
Q : Number of layer groups.

Input and Output Variables
I : Input image.
B : Set of bounding boxes.
P : Set of predicted tokens.
G : Set of ground-truth tokens.
Z : Set of image patches.
L : Set of transformer layers.
bi : i-th bounding box.
pi : Predicted token for bi.
gi : Ground-truth label for bi.
zj : j-th image patch.

Intermediate and Computed Variables
ci : Semantic embedding of token pi.
h
(l)
i,j : Patch embedding for zj at layer l.
s
(l)
i,j : Cosine similarity between ci and h(l)

i,j .
ϕ
(l)
i,j : Shapley value for patch zj at layer l.
Φi : Aggregated attribution score over layers.
∆r : Confidence delta for phrase r.
τ : Adaptive threshold.
q : Layer group index.
ψ

(q)
i : Mean attribution strength for object i in group q.
τ
(q)
i : Group-specific adaptive threshold.

Acc(q) : Attribution accuracy for layer group q.

For clarity, we provide a reference table of core
symbols and notations used in this work (Table 4).

B Tools and Resources

We used Python along with HuggingFace Trans-
formers and PyTorch libraries to implement all
baselines and our proposed method. Experiments
were run on a single NVIDIA A100 GPU with
80GB memory. ChatGPT-4o was used to assist
with language revision during manuscript prepara-
tion.

C Layer Selection Algorithm and
Analysis

Figure 5 illustrates the layer-wise attribution pat-
terns for LLaVA-13B, LLaMA-3.2-Vision, and

Qwen2-VL, showing the inverted-U performance
curves that guide our layer selection. The consis-
tent peak-and-decline patterns across architectures
validate our data-driven approach to identifying
optimal layers for attribution analysis.

The layer selection procedure is defined as fol-
lows:

1. Initialization: Compute attribution-based
accuracy Acc(q) for each 3-layer group q ∈
{1, 2, . . . , 10} (first 30 language layers of
each model, for the sake of uniformity) on a
validation set.

2. Peak Identification: Select the peak group

qpeak = argmax
q

Acc(q)

(break ties by choosing the latest group).

3. Threshold Calculation: De-
fine the selection threshold as
max(0.90× Acc(qpeak),Acc(qpeak) − 0.04).

4. Consecutive Expansion:

• Initialize the selected groups with
{qpeak}.

• Expand leftward: iteratively add
qpeak − 1, qpeak − 2, . . . while
Acc(q) ≥ threshold.

• Expand rightward: iteratively add
qpeak + 1, qpeak + 2, . . . while
Acc(q) ≥ threshold.

5. Output: Return the contiguous block of
layers corresponding to selected groups
[qmin, qmax].

Algorithm Output: Applying this procedure
yields:

• LLaVA-7B: Layers 18–24 (peak at 19–21)

• LLaVA-13B: Layers 18–24 (peak at 19–21)

• LLaMA-3.2-Vision: Layers 19–24 (peak at
22–24)

• Qwen2-VL: Layers 16–21 (peak at 16–18)
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D Other Hallucination and Bias
Mitigation Methods

Decoding-time methods such as (Leng et al., 2024;
Deng and Li, 2024; Chen et al., 2024b) usually ad-
just token probabilities using image-text similarity
but lack object-level attribution. Revision-based
methods (Lee et al., 2023; Yin et al., 2024) refine
generations post hoc but struggle in complex, multi-
object scenes. Training-time and prompting-based
approaches (Ouali et al., 2024; Zhao et al., 2023;
Jiang et al., 2024) suppress hallucinations globally
but cannot localize hallucinated or biased objects.
Gradient-based methods, such as (Sundararajan
et al., 2017; Selvaraju et al., 2017; Barkan et al.,
2023) often assume patch independence and there-
fore struggle in occluded or dense scenes. Notably,
existing research fails to distinguish between hallu-
cination and linguistic bias, despite evidence sug-
gesting they require different mitigation strategies.

E Implementation of Baselines

We explain all baseline implementation details be-
low, including our solution.

SHAPLENS-Based Hallucination and Bias De-
tection: We implement SHAPLENS using a
permutation-based approach to compute Shap-
ley values that attribute hallucinations in vision-
language models. For each prediction, we extract
semantic embeddings for the predicted label and
corresponding visual patch features from chosen
transformer layers across all model architectures.
Both embeddings are L2-normalized before com-
puting cosine similarity scores. Our implementa-
tion follows several key steps:

First, we extract region-specific patch embed-
dings by mapping bounding box coordinates to
patch indices. This involves dividing the image into
a grid of patches and identifying which patches in-
tersect with the object’s bounding box region. Each
patch corresponds to a specific region in the origi-
nal image, with coordinates calculated based on the
ratio between image dimensions and the number
of patches. Second, we compute cosine similar-
ity between each patch embedding and the label
embedding by normalizing both vectors and calcu-
lating their dot product, which quantifies the seman-
tic alignment between visual and textual features.
Third, we compute Kernel SHAP values through
50 random permutations to measure each patch’s
contribution to the prediction. For each permuta-

tion, we track how the maximum similarity score
changes as patches are sequentially added, weight-
ing each contribution by its position in the permu-
tation sequence using a combinatorial weighting
scheme. For hallucination detection, we employ an
adaptive thresholding mechanism using a Gaussian
Mixture Model with two components that identi-
fies clusters in the Shapley value distribution. The
threshold is placed at 5% of the gap between cluster
means, with fallback mechanisms for cases with
insufficient data points. If the mean Shapley value
falls below this threshold, we flag the prediction as
hallucinated.

For the LLaVA implementation, we process hid-
den states from the language model layers that
contain projected visual information, maintaining
architectural integrity while extracting compara-
ble features for SHAP analysis. For the Llama-
3.2-Vision implementation, we utilize the unified
transformer layers that natively process both visual
patches and text tokens, respecting its integrated
architecture while maintaining methodological con-
sistency. For the Qwen2-VL implementation, we
process language model hidden states that incor-
porate visual information through cross-attention
mechanisms, maintaining consistent feature extrac-
tion despite different architectural approaches to
multimodal fusion.

For bias detection, our approach processes both
the actual image and a blank reference image to
establish a comparative baseline across all model
architectures. First, we identify candidate biased
concepts through multiple detection mechanisms:
repetition counting for label bias (with a minimum
threshold of 2 occurrences), vocabulary matching
for attribute bias (using predefined sets of colors,
shapes, and positions), and substring analysis for
root bias. Second, we compute confidence scores
across multiple transformer layers by projecting the
averaged embeddings onto the output vocabulary
space and extracting probabilities for relevant to-
kens. Third, we employ a Gaussian Mixture Model
with two components similar to the hallucination
detection mechanism and thus flag the prediction
as biased or not, ensuring methodological consis-
tency across both detection tasks and all model
implementations.

Baseline 2: Attention-Guided Hallucination and
Bias Detection: We implement OPERA (Over-
trust PEnalty for Reducing hallucinations) as pro-
posed by (Huang et al., 2024), which leverages at-
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tention patterns in transformer models to detect hal-
lucinations without requiring external models. This
method is based on the insight that hallucinated
content often exhibits distinctive self-attention sig-
natures where the model places excessive trust in its
own generated tokens rather than visual evidence.

We analyze the attention maps from the final
layers of the vision-language model to identify hal-
lucination patterns. For each prediction, we extract
the self-attention weights from the model’s last
layer when processing the input image and text
prompt. We compute an "overtrust penalty" by ex-
amining the geometric mean of attention weights
within a sliding window focused on the most re-
cent generated tokens. This penalty quantifies the
model’s tendency to attend to its own recent out-
puts rather than visual tokens, which serves as a
strong signal for hallucination detection. When
the computed penalty exceeds our predetermined
threshold, we flag the prediction as hallucinated.
We implement OPERA with a window size of 5
tokens for analyzing attention patterns, a sigma pa-
rameter of 20.0 for scaling attention values before
aggregation, and a penalty threshold of 2.5. These
values were selected through empirical evaluation
across our datasets to balance detection sensitivity
with false positive rates. The attention analysis fo-
cuses on the final transformer layer, which contains
the most semantically rich representations directly
influencing token generation.

For bias detection, we adapt OPERA by masking
candidate bias-related tokens (e.g., gendered or root
terms) and computing the KL-divergence penalty
between full and masked outputs. A larger penalty
indicates that the model relies heavily on these
tokens, signaling bias-driven predictions.

Baseline 3: CLIP-Based Hallucination and Bias
Detection: We implement a CLIP-based hallu-
cination detection baseline adapted from the ap-
proach in (Deng and Li, 2024), which was orig-
inally developed for guided decoding in image
captioning. This method leverages the pre-trained
visual-semantic alignment capabilities of CLIP to
identify potential hallucinations in object predic-
tions. The baseline operates by comparing the
semantic similarity between predicted object la-
bels and their corresponding image regions. For
each predicted object with an associated bound-
ing box, we crop the image region defined by the
bounding box coordinates and resize it to 224×224
pixels to match CLIP’s expected input size. We

then compute CLIP embeddings for both the ob-
ject label text and cropped image region using
the openai/clip-vit-large-patch14 model. The co-
sine similarity between these normalized embed-
dings serves as our confidence score for the predic-
tion’s visual grounding. A prediction is flagged
as hallucinated when the CLIP similarity score
falls below a predetermined threshold. We use the
openai/clip-vit-large-patch14 model for feature ex-
traction based on its strong cross-modal alignment
capabilities. Through empirical evaluation across
our test datasets, we experimented with similarity
thresholds in 0.2, 0.4, 0.6 and selected 0.2 as the op-
timal value, balancing detection sensitivity against
false positives. Standard CLIP normalization with
center-cropping is applied to maintain aspect ratio
consistency across diverse visual inputs.

For bias detection, we extend this approach by
comparing CLIP similarity for unbiased versus bi-
ased label variants (e.g., “doctor” vs. “male doc-
tor”/“female doctor”). A consistent preference for
biased variants, independent of the image, is treated
as evidence of bias.

Baseline 4: Contextual Embedding-Based Hallu-
cination Detection: We implement a contextual
embedding-based hallucination detection approach
inspired by (Phukan et al., 2024), which lever-
ages the internal representations of vision-language
models to identify misalignments between visual
regions and textual predictions without requiring
external models. We extract and analyze the hid-
den representations from the transformer layers to
detect hallucinations. For each predicted object
label and its associated bounding box, we extract
layer-specific patch embeddings from the vision
encoder corresponding to the spatial region defined
by the bounding box coordinates. We also extract
the contextual embeddings of the predicted label
tokens from the same layer. We then compute the
maximum cosine similarity between the region em-
beddings and the label embeddings. This simi-
larity score serves as a measure of visual ground-
ing - lower similarity indicates potential halluci-
nation. We normalize all embeddings using L2-
normalization before computing similarities to en-
sure consistent scaling across different regions and
labels. The prediction is flagged as hallucinated
when the maximum similarity falls below our pre-
determined threshold. We select layer 18 for both
patch and label token representations based on em-
pirical findings that this layer provides the optimal
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balance between low-level visual features and high-
level semantic concepts. The original paper empha-
sizes using middle-layer embeddings, noting that
these are known to better represent multi-token con-
cepts. The hallucination threshold is set to 0.5 after
evaluating performance across multiple datasets,
balancing false positive and false negative rates.
For region embedding extraction, we map bound-
ing box coordinates to patch indices using propor-
tional scaling based on the image dimensions and
the number of visual patches (typically 14×14 for
ViT-based architectures). When multiple tokens
represent a single label, we use mean pooling to
obtain a single embedding vector, which improves
robustness to tokenization variations.

For bias detection, we adapt this method by com-
puting patch-to-token similarities for unbiased la-
bels versus biased alternatives. When biased vari-
ants consistently achieve higher contextual ground-
ing scores, the prediction is flagged as biased.

Baseline 5: KNN-Shapley-Based Hallucination
and Bias Detection: We adpot a KNN-Shapley
attribution method (Yang et al., 2024) for hallu-
cination detection that combines nearest-neighbor
analysis with Shapley value computation to identify
visual grounding issues. Our approach computes
KNN-Shapley values between patch embeddings
and label embeddings across multiple transformer
layers (layers 18-24). For each predicted object,
we extract patch embeddings from the bounding
box region and compute their similarity with the
label embedding. We then calculate Shapley val-
ues to determine each patch’s contribution to the
prediction, focusing on the top-M patches (M=10)
with highest similarity scores. The KNN compo-
nent (K=5) helps identify patches with similar se-
mantic content, improving robustness in cluttered
scenes. We aggregate Shapley values across layers
and use an adaptive thresholding approach based
on Gaussian Mixture Models to determine halluci-
nation flags. This adaptive threshold automatically
adjusts to the distribution of attribution scores, mak-
ing the method more robust across different object
categories and scene complexities. The method
leverages both spatial information (through patch
selection) and semantic information (through em-
bedding similarity), providing a comprehensive
approach to hallucination detection that balances
computational efficiency with detection accuracy.

Baseline 6: Leverage Shapley-Based Attribu-
tion We implement a Leverage-Shapley attribu-

tion method (Musco and Witter, 2024) that extends
traditional Shapley value analysis by incorporating
leverage scores from matrix factorization theory.
Our approach computes Shapley values weighted
by the leverage scores of patch embeddings, pri-
oritizing patches that contribute most significantly
to the representation space. To ensure fairness,
for each predicted object, we extract patch embed-
dings from the bounding box region across same
transformer layers (layers 18-24) and compute their
leverage scores using Singular Value Decomposi-
tion (SVD). These leverage scores identify the most
influential patches in terms of their contribution to
the overall representation subspace. We normalize
the scores to form a probability distribution and use
them to weight the importance of each patch. An
adaptive thresholding approach based on Gaussian
Mixture Models with two components automati-
cally determines the hallucination threshold, with
the threshold set at 25% of the distance between
the two identified means. This approach is par-
ticularly effective at identifying hallucinations in
complex scenes where multiple objects compete for
attention, as it focuses on patches with the highest
representational power rather than just similarity
scores. The method provides a principled way to
identify hallucinations by analyzing the geometric
properties of the embedding space, offering com-
plementary insights to similarity-based approaches.

Across all baselines, we standardize response
parsing by extracting and cleaning model outputs
into a consistent format for fair comparison. The
method operates directly on the model’s internal
representations without requiring external models
or ground truth annotations during inference.

F Additional Results on Bias Detection

Single Token Entropy Multi Token Entropy

coat 3.407 baseball player 3.404
airplane 3.405 clock hands 3.401
girl 3.402 towel rack 3.398
pineapple 3.398 bell tower 3.394
number 3.395 yellow line 3.392
house 3.393 train station 3.390
banner 3.392 train station 3.388
suitcase 3.391 old train tracks 3.386
dock 3.391 wii game controller 3.385
can 3.390 jet fighter jet 3.385

Table 5: Top-10 biased terms with highest entropy
across layers.
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Table 6: Robustness of Bias Detection under Perturba-
tions

Perturbation Level Mean ∆diff Std

Occlusion 10% 0.0000 0.0000
20% 0.0002 0.0002
30% 0.0000 0.0000

Noise 5 0.0001 0.0002
10 0.0002 0.0003
15 0.0003 0.0004

BBox Shift 10% — —
30% — —
50% — —

Partial View Half 0.0001 0.0003
Quarter 0.0001 0.0003

Token-wise Visual Entropy Analysis for Biased
Objects: To assess grounding stability, we com-
pute the entropy of visual support across layers for
each biased term t. Given fused visual probabilities
pfused(t, ℓ) over ℓ ∈ L, we first normalize them:

p̃t,ℓ =
pfused(t, ℓ)∑
ℓ′ pfused(t, ℓ

′)

We compute the entropy of token t’s support as:
H(t) = −∑

ℓ∈L p̃t,ℓ · logb p̃t,ℓ, where b is the log-
arithmic base (we use b = e for natural entropy
in nats). For |L| = 32 layers, the maximum en-
tropy is loge(32) ≈ 3.465. Table 5 lists the top-10
biased terms with highest entropy. High-entropy
tokens show diffuse, unstable support across layers,
indicating susceptibility to visual bias.

We also present the robustness performance of
our bias detection algorithm in Table 6, which high-
lights that even under distributional shifts and par-
tial occlusions, SHAPLENS maintains stable accu-
racy and F1 scores.

G Theoretical Guarantees and
Complexity Analysis

We provide theoretical guarantees for both al-
gorithms, establishing convergence rates, error
bounds, and computational complexity. These re-
sults demonstrate that our methods achieve strong
statistical guarantees while maintaining practical
efficiency.

Lemma 1 (Multi-Object Attribution Convergence).
For M KernelSHAP permutations over P patches
with interaction covariance σmax, the Shapley esti-
mate error satisfies:

P
(
|ϕ̂− ϕ|∞ ≥ ϵ

)
≤ 2P exp

(
− Mϵ2

2(P 2+σmax)

)

(4)

This bound demonstrates that our sampling-
based Shapley approximation converges exponen-
tially with the number of permutations M , de-
spite the combinatorial complexity of exact Shap-
ley computation. The interaction covariance term
σmax captures the maximum pairwise feature de-
pendencies between patches, which is critical in
multi-object scenes where visual features exhibit
complex interdependencies.

Lemma 2 (Confidence Concentration). For L α-
mixing layers with decay γ, mean confidence C̄i

satisfies:

P
(
|C̄i − E[C̄i]| ≥ ϵ

)
≤ 2K(γ) exp(−2Lϵ2) (5)

where K(γ) is a constant depending on the mixing
coefficient.

The α-mixing property captures the decreasing
dependence between distant transformer layers, al-
lowing us to leverage multiple layers for more ro-
bust confidence estimation. This is particularly
important for VLMs where different layers cap-
ture varying levels of semantic abstraction, from
low-level visual features to high-level conceptual
representations.

Lemma 3 (Bias Confidence Delta). Let ∆r =
1
S

∑S
s=1(E[P

(s)
fused] − E[P (s)

lang]) for phrase r with
S subtokens. Then:

P
(
|∆̂r −∆r| ≥ ϵ

)
≤ 2 exp(−2Sϵ2) (6)

This concentration inequality shows that our bias
detection approach benefits from longer phrases
(larger S), as the confidence delta estimate becomes
more accurate. This aligns with empirical observa-
tions that multi-token phrases provide more reliable
signals for distinguishing between visual evidence
and linguistic bias.

Theorem 4 (Detection Completeness). For adap-
tive thresholds τh, τb with separation |µ2−µ1| > ϵ
between hallucinated and grounded distributions,
the error probability satisfies:

P(Error) ≤ e−Ω(ML
P2 )+ e−Ω(Lϵ2)+ e−Ω(Sϵ2) (7)

Proof Sketch. The proof proceeds in three steps:

1. Hallucination detection error is bounded by
combining Lemma 1 (Shapley approxima-
tion) and Lemma 2 (layer-wise confidence
concentration)
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2. Bias detection error is bounded using
Lemma 3 and the separation between
visually-grounded and language-biased con-
fidence distributions

3. A union bound over both error types yields
the final result, showing exponential decay
in error probability with respect to key pa-
rameters

Remark 1. The error bound in Theorem 4 demon-
strates that our method’s accuracy improves expo-
nentially with more layers L, permutation samples
M , and subtoken count S. This explains our em-
pirical finding that even modest parameter settings
(M = 200, L = 7, P = 196, S = 5) achieve
detection accuracy exceeding 94

Time Complexity: Algorithm 1 (Hallucination
Detection) runs in O(NLP +NLM) time for N
labels, L layers, P patches, and M permutations.
The linear M dependence (vs exponential exact
Shapley) is enabled by Lemma 1’s convergence
guarantees. Algorithm 2 (Bias Detection) requires
O(R(SL+ L2)) time for R phrases and S subto-
kens, with the L2 term arising from layer-wise con-
fidence comparisons. Both algorithms remain prac-
tical as Theorem 4 ensures exponential error decay
in M and L, permitting smaller parameter values
than worst-case bounds suggest-achieving a O(P 2)
improvement over exact Shapley methods while
maintaining strong detection guarantees.

Space-Time Tradeoffs: Our algorithms offer
flexible space-time tradeoffs through parameter se-
lection. For memory-constrained environments,
reducing L (layers analyzed) trades modest accu-
racy for significant memory savings. Conversely, in
compute-constrained settings, increasing M while
processing fewer patches yields similar accuracy
with reduced computation. These tradeoffs are the-
oretically justified by the error bounds in Theo-
rem 4, which shows that parameters can be bal-
anced to maintain detection performance under
varying resource constraints.

H Additional Case Studies of
Hallucination and Bias

To complement the motivating examples in the
main text (bus stop: hallucination-only, goats: rep-
etition bias), we provide further case studies en-
compassing an additional hallucination-only case,

several bias-only scenarios, and a mixed case ex-
hibiting both hallucination and bias. Figures 6–10
illustrate the complete taxonomy of failure modes
and highlight SHAPLENS’s ability to disentangle
them.
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(a) LLaVA-13B

(b) LLaMA-3.2-Vision

(c) Qwen2-VL

Figure 5: Layer selection and analysis across three Vision-Language Models. Each subfigure shows layer-wise
contributions for (a) LLaVA-13B, (b) LLaMA-3.2-Vision, and (c) Qwen2-VL.
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Figure 6: Hallucination-only: Police Officer Example.
Model Output (LLaVA-13B): police officer, motorcycle, helmet, building, car, sidewalk, street, tree, license plate,
parking meter, handbag, shirt, pants.
Error Analysis: The object “parking meter” is inserted without evidence in the image, representing a hallucination.
SHAPLENS-Filtered Output: police officer, motorcycle, helmet, building, car, sidewalk, street, tree, license plate,
handbag, shirt, pants.

Figure 7: Bias-only: Attribute Flooding (Boat).
Model Output (LLaVA-13B): boat, red, white, and blue, red, white, and blue, red, white, and blue.
Error Analysis: The attributes “red, white, and blue” are visually grounded once, but repeated excessively due to
language bias.
SHAPLENS-Filtered Output: boat, red, white, and blue.
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Figure 8: Bias-only: Label Repetition (Parking Meters).
Model Output (LLaVA-13B): parking meter, dog, person, truck, car, parking meter, parking meter, parking meter,
parking meter, parking meter.
Error Analysis: Parking meters are present in the image, but the label is repeated excessively, indicating label
repetition bias.
SHAPLENS-Filtered Output: parking meter, dog, person, truck, car.

Figure 9: Bias-only: Lexical Root Propagation (Airplane).
Model Output (LLaVA-13B): united airlines, airplane, airport, airport terminal, airport tarmac, airport gate, airport
vehicle, airport equipment, airport ground crew, airport staff, airport operations.
Error Analysis: While “airport” is visually grounded, it propagates into multiple unsupported lexical variants, a
form of root bias.
SHAPLENS-Filtered Output: united airlines, airplane, airport.
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Figure 10: Hallucination + Bias: Fire Hydrant.
Model Output (LLaVA-13B): fire hydrant, tree, building, lamp post, grass, sky, clouds, car, bench, truck, fence,
lamp post, building, tree, car, bench, truck, fence, lamp post, building.
Error Analysis: Objects such as “car, bench, truck, fence” are hallucinated (not in the image). Their repetition
further introduces bias.
SHAPLENS-Filtered Output: fire hydrant, tree, building, lamp post, grass, sky, clouds.
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