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Abstract

Large language models (LLMs) can produce confident yet
incorrect outputs, creating security and robustness risks for
AI-enabled systems and complicating governance in safety-
critical deployments. Existing hallucination detection meth-
ods typically rely on final-layer logits or post-hoc tex-
tual checks, which can obscure the rich semantic signals
encoded across model layers. Thus, we propose Shapley
NEAR (Norm-basEd Attention-wise usable infoRmation), a
principled, entropy-based attribution framework grounded in
Shapley values that assigns a confidence score indicating
whether an LLM output is hallucinatory. Unlike prior ap-
proaches, Shapley NEAR decomposes attention-driven infor-
mation flow across all layers and heads of the model, where
higher scores correspond to lower hallucination risk. It further
distinguishes between two hallucination types: parametric
hallucinations, caused by the model’s pre-trained knowledge
overriding the context, and context-induced hallucinations,
where misleading context fragments spuriously reduce uncer-
tainty. To mitigate parametric hallucinations, we introduce a
test-time head clipping technique that prunes attention heads
contributing to overconfident, context-agnostic outputs. Em-
pirical results in four QA benchmarks (CoQA, QuAC,
SQuAD, and TriviaQA), using Qwen2.5-3B, LLaMA3.1-
8B, and OPT-6.7B, demonstrate that Shapley NEAR outper-
forms strong baselines, without requiring additional training,
prompting, or architectural modifications.

Introduction
The rapid proliferation of large language models (LLMs) in
a variety of applications, from conversational agents to au-
tomated decision making systems, has underscored their im-
pressive capabilities (Ouyang et al. 2022; OpenAI Achiam
et al. 2023). However, a challenge persists: these models of-
ten generate outputs that are confidently stated yet factually
incorrect, a phenomenon widely known as hallucination (Ji
et al. 2023). This issue becomes especially critical in safety-
sensitive environments where factual accuracy is paramount
(Cohen et al. 2023; Ren et al. 2022).

To tackle this, a number of recent studies have investi-
gated hallucination in LLMs using both theoretical and em-
pirical approaches. While token-level uncertainty measures
such as entropy and confidence have proven useful in hal-
lucination detection for NLP tasks (Huang et al. 2023), ex-
tending these methods to sentence-level predictions in au-

toregressive LLMs remains challenging due to the mod-
els’ complex and interdependent outputs (Duan et al. 2023;
Kuhn, Gal, and Farquhar 2023). As a workaround, recent re-
search has attempted to infer sentence-level uncertainty di-
rectly from the generated language itself (Lin, Trivedi, and
Sun 2023; Zhou, Jurafsky, and Hashimoto 2023). However,
these works did not consider the dense semantic informa-
tion encoded inside the internal layers of the LLM (Chen,
Bruna, and Bietti 2025; Chen et al. 2024; Xu et al. 2020). In
parallel, (Xu et al. 2020) introduced the concept of V-usable
information, which quantifies how much useful information
a model can extract under computational constraints. Build-
ing on this, (Ethayarajh, Choi, and Swayamdipta 2022) pro-
posed Pointwise V-Information (PVI) to estimate instance-
level dataset difficulty, although this metric only considers
the final layer. In contrast, (Chen et al. 2024) proposed using
the EigenScore of the final token from a middle transformer
layer to detect hallucinations, and further analyzed model
reliability by comparing multiple responses to a shared
prompt. However, despite these advances, most of these
methods focus exclusively on final-layer logits and over-
look the rich information encoded in all the internal states
of LLMs (Azaria and Mitchell 2023). With further develop-
ment, LLM-Check (Sriramanan et al. 2024a) extended hallu-
cination detection to both white-box and black-box settings
by employing an auxiliary LLM to analyze hidden states,
attention patterns, and output probabilities. Similarly, Look-
back Lens (Chuang et al. 2024a) trained a linear classifier
using the ratio of attention on the context versus generated
tokens to identify contextual hallucinations. However, both
approaches fail to distinguish whether hallucinations origi-
nate from the pre-trained knowledge of the model (paramet-
ric hallucination) or from misleading contextual informa-
tion (contextual hallucination). Complementing these lines
of work, (Kim et al. 2024) examined deficiencies across
layers for unanswerable question detection, while (Chen,
Bruna, and Bietti 2025) revealed that feed-forward layers of-
ten exhibit less reliable distributional associations compared
to the more robust in-context reasoning encoded by attention
mechanisms.

To address the limitations of these prior approaches, we
introduce Shapley NEAR (Norm-basEd Attention-wise
usable infoRmation), a method designed to assign a con-
fidence score indicating whether an LLM-generated answer



is trustworthy or hallucinatory, given a question and context.
In contrast to previous methods that primarily rely on out-
puts from feed-forward layers, which have limited bearing
on reasoning (Chen, Bruna, and Bietti 2025), our approach
focuses exclusively on attention layers. Shapley NEAR ag-
gregates information from all attention heads across all lay-
ers (Azaria and Mitchell 2023), enabling a fine-grained,
attention-wise and layer-wise analysis of information prop-
agation. Crucially, our method requires no additional train-
ing or architectural changes, making it both easy to integrate
into existing pre-trained models and highly interpretable in
practice. The main contributions of our paper are as follows:

• We propose Shapley NEAR, a principled, interpretable
entropy-based attribution method grounded in Shapley-
value theory that quantifies usable information flow in
LLMs by decomposing entropy reduction across layers
and heads using the norm of attention outputs.

• We demonstrate that our framework not only detects hal-
lucinations introduced by context segments but also dis-
tinguishes between parametric and context-induced hal-
lucinations.

• We introduce a test-time strategy to identify atten-
tion heads that consistently exhibit parametric halluci-
nations. Selectively removing these heads during infer-
ence demonstrates a novel application of attribution tech-
niques to improve model reliability without retraining.

• We evaluate Shapley NEAR on multiple QA datasets us-
ing Qwen2.5-3B, LLaMA3.1-8B, and OPT-6.7B, show-
ing that it outperforms strong baselines mention in Sec-
tion.

Background
In this work, we focus on quantifying how much usable
information a generative language model can extract from
a given context to answer a specific question. Formally,
we consider an input context X = {s1, s2, . . . , sn}, and
a typical autoregressive large language model (LLM), de-
noted by V , which generates a response sequence Y =
[y1, y2, . . . , yT ], where each token yt is conditioned on the
input and previous outputs. Our central goal is to deter-
mine how much V-usable information the model can lever-
age from the context X to predict the output Y . A lower
value of usable information implies greater prediction diffi-
culty, indicating that the dataset is more challenging for the
models V .

While classical information-theoretic tools such as Shan-
non’s mutual information I(X;Y )(Shannon 1948) and the
data processing inequality (DPI)(Pippenger 1988) have long
served as foundational metrics for analyzing information
flow, recent research has revealed their limitations when ap-
plied to deep models. These classical measures tend to over-
estimate the practically usable signal, particularly in set-
tings where models operate under computational constraints
as modern LLMs can progressively extract structured and
meaningful representations from raw inputs through deep
computation, rendering traditional metrics insufficient.

To bridge this gap, (Xu et al. 2020) introduced the notion
of predictive V-information, which accounts for the compu-
tational limitations of a model family V . They define this as
the difference between two entropy terms: the conditional
V-entropy with and without contextual input. Specifically,
the predictive V-information is given by:

IV(X → Y ) = HV(Y |∅)−HV(Y |X),

where HV(Y |X) denotes the expected uncertainty over out-
puts Y when conditioned on context X , and HV(Y |∅) cap-
tures the model’s uncertainty in the absence of any in-
put. While predictive V-information captures dataset-level
trends, Ethayarajh, Choi, and Swayamdipta (2022) extend
it to the instance level via pointwise V-information (PVI),
which measures how much information a specific input
x provides for predicting its output y. This enables fine-
grained analysis of instance difficulty, essential for real-
world model evaluation.

Building on these foundations, (Kim et al. 2024) pro-
pose layer-wise usable information (LI), a method that de-
composes usable information across the layers of a model,
thereby enhancing interpretability. Complementary to this,
(Chen, Bruna, and Bietti 2025) show that feed-forward
layers primarily encode superficial distributional patterns,
whereas attention mechanisms are more closely aligned
with in-context reasoning. These insights motivate our work,
which integrates the strengths of previous efforts to develop
a unified, interpretable framework to assess usable informa-
tion in LLMs, both across layers and at the sentence level,
while accounting for how different components of the model
influence predictive certainty.

Shapley NEAR: Norm-basEd Attention-wise
usable infoRmation

Given a set of context passages, generative language models
(LLMs) produce free-form text responses to questions. In
this work, we aim to systematically quantify how individual
parts of the context influence the prediction at the final token
of the question. Transformer-based models organize com-
putation across multiple layers and attention heads, where
each head captures distinct patterns of contextual depen-
dency(Wang et al. 2022). Building on this insight, we pro-
pose Shapley NEAR, a framework for measuring how much
usable information each sentence in a context contributes to
reducing the model’s predictive uncertainty. Shapley NEAR
is computed by isolating the output of each attention head
at the final token position of the question and measuring the
change in entropy when conditioning on subsets of the in-
put context versus a null context. To attribute this entropy
reduction fairly to individual sentences, we adopt a Shapley-
value-based decomposition. For clarity, the remainder of the
paper, we will use the terms Shapley NEAR and NEAR inter-
changeably. An overview of our architecture is illustrated in
Figure ??, while the detailed algorithmic procedure is pre-
sented in Appendix .

Let sx = (s1, s2, . . . , sn) ∈ C denote a context passage
composed of n disjoint sentences, and let q ∈ Q represent
the associated question. The concatenated input sequence
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Figure 1: Overview of the proposed pipeline for detecting hallucinations. Shapley NEAR detects hallucinations by computing
entropy-based information gain across all attention heads and layers, and attributing it fairly to individual context sentences
using Shapley values.

sx q is tokenized into a sequence of length T , with the fi-
nal token of the question indexed by qt ∈ {1, . . . , T}. In
this framework, we consider a formally defined predictive
family V consisting of pretrained generative language mod-
els, where each model is composed of L transformer layers
and each layer contains H attention heads. Each attention
head h in each layer ℓ of the language models creates dif-
ferent computations. Mathematically, we define V ⊆ Ω =
{f (l,h) : C ∪ ∅ → P(Q)}, where C and Q are random vari-
ables with sample spaces C and Q, respectively, and P(Q)
denotes the set of all probability measures over Q equipped
with the Borel algebra on C. The mapping f (l,h) represents
the function associated with attention head of a specific layer
(l, h) within the predictive family V . The range of f corre-
sponds to the vocabulary space of the model. Given a layer
l and attention-head h in V , the function f maps the context
tokens (or null context) to probability distribution over the
vocabulary. Unlike prior work, the function f is assumed to
operate without any additional fine-tuning on external train-
ing data. In the rest of the section we will build the math-
ematical formula for NEAR, defining and explaining each
step.

Definition 0.1 (Norm-based Attention Information). Prior
research by (Kobayashi et al. 2020) suggests that the norm
of the attention output serves as a meaningful proxy for the
amount of information transmitted by each head. We omit
the output of the feedforward layers (FC), as previous work
by (Chen, Bruna, and Bietti 2025) has shown that these
layers predominantly capture shallow distributional associ-
ations, whereas the attention layers are more effectively en-
gaged in in-context reasoning.

For each layer ℓ ∈ {1, . . . , L} and head h ∈ {1, . . . , H},
given an input context subset x and a question q, we compute
the attention output of the model V for the combined input
(x, q) as follows:

α(ℓ,h)(x, q) ≜ softmax

(
Q(ℓ,h)(x, q)K(ℓ,h)(x, q)

⊤

√
d

)
,

Z(ℓ,h)(x, q) ≜ α(ℓ,h)(x, q)V (ℓ,h)(x, q), (1)

where Q(ℓ,h) and K(ℓ,h) denote the query and key matrices
for layer ℓ and head h, respectively, α(ℓ,h)(x, q) ∈ RT×T

and V (ℓ,h)(x, q) ∈ RT×d are the value matrices with d =
D/H being the per-head dimension. Both attention weights
and value vectors are computed based on the concatenated
subset x and question q. The resulting attention outputs are
projected using equation 1 and a head-specific output matrix
W

(h)
O ∈ Rd×D to obtain

Z̃(ℓ,h)(x, q) ≜ Z(ℓ,h)(x, q)W
(h)
O ∈ RT×D. (2)

According to (Azaria and Mitchell 2023; Ren et al. 2022),
the last token embedding captures the semantic information
of the entire text. Therefore, we then extract the projected
vector corresponding to the final question token qt from
equation 2,

z(ℓ,h)x,q ≜ Z̃(ℓ,h)
qt ∈ RD,

which serves as a summary of information flow from the
context subset x towards predicting the next token after the
question. Now we will define the information gain from x
for a specific head.

Definition 0.2 (Information Gain). From Definition 0.1, the
vector z(ℓ,h)x,q encapsulates dense semantic information pre-
served within the internal attention mechanisms of LLMs.
By applying a softmax operation over z

(ℓ,h)
x,q , we obtain a

vocabulary distribution p
(ℓ,h)
x,q ∈ R|V |. The entropy at the

final token is computed as

H(ℓ,h)(qt | q<t, x) ≜ −
|V |∑
i=1

p
(ℓ,h)
i log p

(ℓ,h)
i . (3)

We emphasize that entropy is calculated over the entire
softmax-normalized vocabulary. This is a critical distinc-
tion: hallucination often stems not from low confidence in
the correct token alone, but from broad misallocation of
probability mass across incorrect options. Therefore, full en-
tropy measurement enables us to detect whether the model’s
uncertainty is genuinely reduced when informative context
is provided. Now to calculate the information gain provided



by the subset x at head h and layer ℓ, it is defined as the re-
duction in entropy relative to a null context (i.e., no input)
using equation 3,

IG(ℓ,h)(x→ q) ≜ H(ℓ,h)(qt | q<t, ∅)−H(ℓ,h)(qt | q<t, x),
(4)

where H(ℓ,h)(qt | q<t, ∅) is computed solely from the
model’s parametric knowledge, without access to any re-
trieved context. Summing over all heads and layers yields
the total information gain using 4:

IG(x→ q) ≜
L∑

ℓ=1

H∑
h=1

IG(ℓ,h)(x→ q). (5)

The quantity IG(x → q) captures the behavior of the func-
tion f (ℓ,h) : C ∪ ∅ → P(Q), which maps a context input,
or its absence, to a probability distribution over the vocab-
ulary space Q for each attention head and layer. Moreover,
IG(x → q) quantifies the amount of information that the
context x provides about the question q.
Definition 0.3 (Shapley Sentence Attribution). Now, for the
context passage sx = (s1, s2, . . . , sn) ∈ C and associated
question q ∈ Q, we aim to quantify the individual contri-
bution of each sentence si in the context to the model’s to-
tal information gain. To do this, we use the Shapley value
(Lundberg and Lee 2017), a concept from cooperative game
theory that fairly assigns credit to each element based on its
average marginal contribution. Using the total information
gain defined in Equation (5), the Shapley value for sentence
si is computed as:

Shapley IGi ≜
∑

S⊆N\{i}

|S|! (n− |S| − 1)!

n!

×
[

IG(S ∪ {si} → q)− IG(S → q)
]
.

(6)
where N = {1, . . . , n} is the set of all sentence indices in

the context. For each subset S of sentences that excludes si,
the term inside the brackets measures the marginal increase
in information gain when si is added. The prefactor is the
standard Shapley coefficient, which ensures that the contri-
butions are averaged fairly over all possible insertion orders
of the sentences.
Definition 0.4 (Sentence-level NEAR Score). The total in-
formation that can be gained from the context with respect to
the given question is captured by aggregating the contribu-
tions of individual sentences. Using the Shapley values from
Equation 6, the NEAR score is defined as:

Shapley NEAR(sx, q) ≜
1

n

n∑
i=1

Shapley IGi, (7)

which reflects average marginal information gain from con-
text sentences in answering the question.

Thus, based on Definitions 0.1 through 0.4, Shapley
NEAR 7 offers a fine-grained decomposition of the total in-
formation gain, quantifying how much usable information
the model extracts from sx to answer the question q. The

Information Gain (IG) 3 measures the contribution of each
attention head and layer, while the Shapley Information Gain
(Shapley IG) 6 further attributes this information to individ-
ual sentence segments within the context. A higher NEAR
score indicates greater information utility from the context,
implying that the generated output is less likely to be hallu-
cinatory.

Properties and Bounds of Shapley NEAR
This section outlines the mathematical and experimental
properties of NEAR, with derivations in Appendix . NEAR
aggregates entropy-based information gain across all trans-
former layers and attention heads, with each term bounded
by log V , the maximum entropy over a vocabulary of size
V . Thus, NEAR is theoretically bounded within [−L · H ·
log V, L · H · log V ], where L and H are the number
of layers and heads. In practice, it reflects cumulative en-
tropy reduction from contextual conditioning and scales as
NEAR(s, q) ∈ O(L · H · log V ). Beyond boundedness,
NEAR satisfies key behavioral properties. First, it is sym-
metric: if two context sentences si and sj satisfy

IG(S∪{si} → q) = IG(S∪{sj} → q) for all S ⊆ s\{si, sj},

then their Shapley values are identical, i.e., IGi = IGj . We
also empirically observed (Section ) that for each layer ℓ and
attention head h, the following inequality holds:

IG(ℓ,h)(∅ → q) ≤ IG(ℓ,h)(sirr
i → q) ≤ IG(ℓ,h)(sans

j → q),

here, sirr
i denotes a context sentence irrelevant to the an-

swer, and sans
j contains the ground truth answer. Empirically,

NEAR scores also exhibit a monotonicity property similar
to information-theoretic measures: for any subset of layers
U ⊆ L, the NEAR score computed over U is always less
than or equal to that over the full set L, as aggregating more
layers cannot reduce total entropy gain:

NEARU (s, q) ≤ NEARL(s, q),

here, NEARU and NEARL denote NEAR scores computed
over the subset U ⊆ {1, . . . , L} and the full set L, respec-
tively. This follows from NEAR’s additive structure over
head-layer pairs, ensuring information accumulates mono-
tonically as more layers are included.

We estimate the NEAR score using an Average Marginal
Effect (AME) estimator, which models total information
gain as a linear combination of sentence-level contributions.
For each query, we sample M random subsets of the n con-
text sentences, compute the corresponding IG values, and fit
an ℓ1-regularized linear model to recover a sparse attribution
vector. Under standard conditions, including k-sparsity, sub-
Gaussian noise, and a restricted eigenvalue condition, the re-
sulting estimate satisfies, with probability at least 1− δ:

∣∣ ˆNEAR − NEAR
∣∣ ≤ C k

nκ2
(LH log V )

√
log(n/δ)

M
,

where L, H , and V denote the number of transformer layers,
attention heads, and vocabulary size.



Table 1: Hallucination detection performance evaluation across four QA datasets (CoQA, QuAC, SQuAD, TriviaQA) and
three LLMs (Qwen2.5-3B, LLaMA3.1-8B, OPT-6.7B). We report average AUROC (AUC), Kendall’s τ , and Pearson correlation
coefficient (PCC) for various baseline methods. Higher values indicate better performance. NEAR achieves the best overall
performance.

Models CoQA QuAC SQuAD TriviaQA

AUC↑ τ ↑ PCC↑ AUC↑ τ ↑ PCC↑ AUC↑ τ ↑ PCC↑ AUC↑ τ ↑ PCC↑
Qwen2.5-3B
P(True) 0.48 0.32 0.30 0.49 0.33 0.31 0.51 0.34 0.32 0.50 0.33 0.31
Pointwise VI 0.51 0.35 0.32 0.50 0.34 0.31 0.52 0.36 0.33 0.53 0.36 0.34
Usable LI 0.67 0.45 0.41 0.66 0.44 0.40 0.68 0.45 0.42 0.64 0.43 0.40
Semantic Entropy 0.70 0.47 0.44 0.68 0.45 0.42 0.69 0.44 0.41 0.72 0.46 0.43
Loopback Lens 0.71 0.48 0.45 0.69 0.46 0.43 0.70 0.45 0.42 0.73 0.46 0.44
INSIDE 0.76 0.54 0.49 0.75 0.53 0.48 0.74 0.54 0.50 0.77 0.55 0.49
NEAR 0.85 0.65 0.64 0.84 0.66 0.65 0.86 0.67 0.66 0.85 0.66 0.65
LLaMA3.1-8B
P(True) 0.52 0.34 0.31 0.53 0.35 0.32 0.56 0.37 0.34 0.55 0.36 0.33
Pointwise VI 0.56 0.36 0.34 0.52 0.32 0.31 0.55 0.37 0.33 0.68 0.46 0.40
Usable LI 0.74 0.49 0.44 0.69 0.46 0.41 0.71 0.47 0.43 0.63 0.45 0.40
Semantic Entropy 0.73 0.42 0.43 0.67 0.40 0.44 0.69 0.39 0.41 0.76 0.41 0.41
Loopback Lens 0.74 0.43 0.44 0.68 0.41 0.44 0.70 0.40 0.42 0.76 0.42 0.41
INSIDE 0.80 0.56 0.51 0.79 0.55 0.50 0.76 0.58 0.53 0.81 0.57 0.50
NEAR 0.85 0.66 0.61 0.84 0.65 0.60 0.86 0.68 0.63 0.85 0.67 0.60
OPT-6.7B
P(True) 0.51 0.33 0.30 0.52 0.34 0.31 0.55 0.36 0.33 0.54 0.35 0.32
Pointwise VI 0.55 0.35 0.33 0.51 0.31 0.30 0.54 0.36 0.32 0.66 0.44 0.38
Usable LI 0.72 0.47 0.42 0.67 0.44 0.39 0.70 0.46 0.41 0.61 0.43 0.38
Semantic Entropy 0.71 0.41 0.42 0.65 0.39 0.43 0.68 0.38 0.40 0.74 0.40 0.40
Loopback Lens 0.72 0.42 0.43 0.66 0.40 0.44 0.69 0.39 0.41 0.75 0.41 0.40
INSIDE 0.78 0.54 0.49 0.77 0.52 0.48 0.74 0.56 0.51 0.79 0.55 0.48
NEAR 0.84 0.65 0.60 0.83 0.64 0.59 0.85 0.66 0.61 0.84 0.65 0.59

Experiments
Experimental Setup
We classify unanswerable questions by computing NEAR
scores to assess whether the response generated by a model
should be trusted in a given context, that is, whether the
answer to a question posed can be reliably inferred. We
compare NEAR against several strong baselines, including
P(True) (Kadavath et al. 2022), semantic entropy (Far-
quhar et al. 2024), pointwise V-information (PVI) (Etha-
yarajh, Choi, and Swayamdipta 2022), layer-wise informa-
tion (LI) (Kim et al. 2024), Loopback Lens with Sliding
Window (Chuang et al. 2024a), and INSIDE (K = 20,
middle layer of the LLM is considered) (Chen et al. 2024).
Each method captures a different perspective: P(True) esti-
mates model confidence in binary verification tasks; seman-
tic entropy measures uncertainty via answer diversity; PVI
quantifies instance-level predictive difficulty; and LI cap-
tures entropy reduction across transformer layers. We eval-
uate all methods on four question-answering benchmarks:
CoQA (Reddy, Chen, and Manning 2019), QuAC (Choi
et al. 2018), SQuAD v2.0 (Rajpurkar et al. 2016), and Trivi-
aQA (Joshi et al. 2017). Following the setup in (Lin, Trivedi,
and Sun 2023), we use the development split of CoQA,

validation split of QuAC, a filtered version of the SQuAD
v2.0 development set where is impossible=True, and
the rc-nocontext validation subset of TriviaQA with dupli-
cates removed. Experiments are conducted on three pre-
trained models: Qwen2.5-3B, LLaMA3.1-8B, and OPT-
6.7B. We report average area under the ROC curve (AU-
ROC), Kendall’s τ , and Pearson correlation coefficient
(PCC), computed across three independent runs. NEAR
scores are estimated with an AME estimator using M = 50
randomly sampled coalitions of context sentences and fail-
ure probability δ = 0.01, yielding high-confidence esti-
mates of each sentence’s contribution to information gain
(Appendix ; further details in Appendix ). This approx-
imation provides a practical trade-off between computa-
tional cost and estimation accuracy, with all reported re-
sults exhibiting standard deviations within ±0.04. We fur-
ther evaluate on larger models—LLaMA-3.1-70B and Phi-
3-Medium-14B—and on the LongRA dataset, comparing
NEAR (AME) against ANAH-v2 and MIND. Detailed
setup, metrics, and results are provided in Appendix .

Results
Table 1 shows the results of hallucination detection using
NEAR and several baseline methods across four QA datasets
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Figure 2: (a) Contribution of Shapley aggregation on an example context where the 14th sentence contains the answer to the
question. (b) Information gain scores for detecting parametric and context-induced hallucinations across context segments. (c)
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Figure 3: Activation distributions at the final token position in the penultimate layer of LLaMA-3.1-8B: (a) Norm-based at-
tention output, (b) MLP layer output, (c) Final layer output, and (d) Attention-wise Information Gain across all four datasets
(CoQA, QuAC, SQuAD, and TriviaQA).

(CoQA, QuAC, SQuAD, and TriviaQA) and three language
models (Qwen2.5-3B, LLaMA3.1-8B, and OPT-6.7B). We
report performance using AUROC, Kendall’s τ , and Pear-
son correlation (PCC). NEAR consistently performs the best
across all datasets and models, showing clear improvements
over existing methods. In many cases, it outperforms the
strongest baseline, INSIDE, by 8–13% in AUROC and by
10–15% in correlation metrics like τ and PCC. The best
scores for NEAR are observed on the SQuAD dataset for all
models, suggesting that SQuAD is easier for LLMs to un-
derstand and answer accurately. Among the three models,
LLaMA3.1-8B achieves the highest overall performance,
ahead of Qwen2.5-3B and OPT-6.7B, especially when used
with NEAR. This suggests that stronger pre-trained models
can lead to better hallucination detection when combined
with effective methods like NEAR. We also evaluated the
methods after fine-tuning on the dataset; the results are pre-
sented in Appendix and quantitative examples without fine-
tuning in Appendix . We also tested NEAR on generalized
tasks, detailed in Appendix .

Ablation Studies
For the ablation studies, we primarily focus on the LLaMA-
3.1-8B model with the CoQA dataset. Results for other mod-
els and datasets are provided in Appendix .

Do we really need to consider all layers instead of only

the final layer? Unlike methods such as VI (Ethayarajh,
Choi, and Swayamdipta 2022), which consider only final-
layer outputs, our results show that important semantic in-
formation is also captured in earlier layers. As illustrated in
Figure 2c, both LI and NEAR scores indicate that usable
information accumulates progressively across inner layers.
A similar trend is visible in Figure 3d, where different at-
tention heads capture varying amounts of information. This
suggests that focusing only on the final layer overlooks valu-
able signals present throughout the model.

Why not consider the output from the layers, as in LI ,
for NEAR? Figures 3a and 3b show the activations of the
self-attention and MLP components from the penultimate
layer of the LLaMA 3.1-8B model. The sharp spikes in these
plots reflect extreme internal features in the network, which
can cause the model to produce highly overconfident an-
swers (Chen et al. 2024; Sun, Guo, and Li 2021). A similar
pattern of overconfidence is also clearly visible in the layer
output shown in Figure 3c. We observed this behavior con-
sistently across nearly all layers and LLMs, aligning with the
findings of (Chen, Bruna, and Bietti 2025). Based on this ev-
idence, we choose to focus on norm-based attention outputs
rather than raw layer activations.

Detection of Parametric and Context-Induced Hallu-
cinations from NEAR Scores. Let si /∈ A(q) be a context
sentence that does not contain the correct answer to ques-



Methods AUC ↑ τ ↑ PCC ↑

NEAR w/o Shapley 0.79 0.51 0.48

Shapley NEAR 0.85 0.66 0.64

(a)

Methods AUC ↑ Acc. ↑ RL ↑

NEAR 0.85 0.78 0.82

INSIDE 0.80 0.74 0.80

NEAR + HC 0.89 0.81 0.83

(b)

Table 2: (a) Contribution of Shapley aggregation to NEAR scores. (b) Head Clipping (HC) results for attention heads with
IG < −0.05. The following heads were clipped: 349, 459, 485, 833, 955, 1007.

Figure 4: Accuracy vs. NEAR threshold on CoQA, QuAC, SQuAD, and TriviaQA. Optimal separation consistently occurs near
the first quartile (Q1) across model variants.

tion q, whereA(q) denotes the set of answer-containing sen-
tences. Ideally, such a sentence should contribute no use-
ful information, and the information gain under attention
head (ℓ, h) should satisfy IG(ℓ,h)(si → q) ≈ 0. This fol-
lows from equation 4, which becomes negligible when con-
ditioning on si does not reduce uncertainty, i.e., H(ℓ,h)(qt |
q<t, si) ≈ H(ℓ,h)(qt | q<t, ∅). However, we find that even
when si /∈ A(q), NEAR scores can be negative (IGi < 0)
or positive (IGi > 0). A negative score indicates the model
becomes more uncertain when conditioned on si, meaning
the context harms rather than helps, this is parametric hal-
lucination. A positive score, despite the absence of the an-
swer, implies that the context falsely boosts confidence, this
is context-induced hallucination. Such cases arise due to in-
context learning, the model interprets partial or stylistically
similar information as relevant, leading to reduced entropy
and overconfidence. To validate this, we measured the mean
negative NEAR scores across all context pieces. Adding ran-
dom noisy text (similar technique used in (Chen, Bruna, and
Bietti 2025)) caused negligible change, suggesting that the
observed negativity is not due to noise or formulation er-
rors. However, fine-tuning the model on CoQA significantly
increased negative NEAR scores, indicating that the model
had learned to rely more on context, which led to greater
uncertainty when misleading context was introduced, con-
firming parametric hallucination. For context-induced hal-
lucination, we computed mean positive NEAR scores for
non-answer sentences. While adding random noise had little
effect, appending misleading but partially aligned segments

of the rest of the context led to a sharp increase in NEAR
scores. This confirms that NEAR effectively captures how
misleading context increases confidence in incorrect predic-
tions. The results are shown in Figure 2b. However, these
hallucinations do not significantly affect the overall reliabil-
ity of Shapley NEAR, as demonstrated in Appendix .

What Should Be the Threshold Value for NEAR to
Segregate Hallucinated Answers? A key step in using
NEAR for hallucination detection is choosing an effec-
tive threshold to separate answerable from hallucinated
responses. We evaluate classification accuracy by sweep-
ing thresholds across quantiles: 0, 0.5 × Q1, Q1, Median,
Q3, and 1.5 × Q3. As shown in Figure 4, the first quar-
tile (Q1) consistently yields the best accuracy across mod-
els (LLaMA-3.1-8B, OPT-6.7B, Qwen2.5-3B) and datasets
(CoQA, QuAC, SQuAD, TriviaQA). In contrast, thresholds
near 0 or 1.5 × Q3 reduce performance. Based on this, we
use Q1 as the default NEAR threshold for all experiments.

Effect of Shapley Combination on NEAR. We evalu-
ated the effect of Shapley aggregation in NEAR, compar-
ing it to a greedy method that ranks sentences by standalone
gain (without Shapley attribution). As shown in Table 2a,
Shapley improves Kendall’s τ (0.51→ 0.66), PCC (0.48→
0.64), and AUC (0.79 → 0.85), highlighting the benefit of
highlighting the benefit of Shapley aggregation over coali-
tions for robust attribution. Figure 2a shows Shapley down-
weights irrelevant segments and upweights answer-relevant
ones.

Clipping Heads showing Parametric Hallucination To
further demonstrate the effectiveness of our framework in



identifying hallucination-prone attention heads, we clipped
all heads in LLaMA-3.1-8B (on the CoQA dataset) with
IG values below half the most negative score. This con-
servative threshold avoids pruning heads with mildly neg-
ative IG, which may still contribute useful information (see
Figure 3d). We compared our method to INSIDE (Eigen-
Score + Feature Clipping) with a fixed threshold of 0.5, eval-
uating AUROC, accuracy, and ROUGE-L (computed be-
tween the given and generated answers). For both NEAR
and NEAR+HC (Head Clipping), we used the first quar-
tile (Q1) as the classification threshold. As shown in Ta-
ble 2b, applying head clipping led to consistent improve-
ments across all metrics. All results are averaged over three
independent runs, with standard deviation < 0.3. These find-
ings align with prior work (Michel, Levy, and Neubig 2019;
Gong et al. 2021; Voita et al. 2019), which suggests that not
all attention heads contribute meaningfully to model output.

Related Work
Recent studies increasingly leverage attention patterns
to detect hallucinations in language models. Lookback
Lens (Chuang et al. 2024b) introduces a “lookback ratio”
that contrasts attention on the input context versus gener-
ated tokens, enabling lightweight yet competitive classifica-
tion. Spectral methods (Binkowski et al. 2025) treat atten-
tion maps as graphs and extract top eigenvalues from the
attention Laplacian to signal abnormality. LLM-Check (Sri-
ramanan et al. 2024b) integrates internal signals, including
attention matrices and hidden states, but its accuracy is sen-
sitive to the chosen layer. Beyond attention, entropy-based
approaches such as Semantic Entropy (Farquhar et al. 2024)
and Semantic Entropy Probes (Kossen et al. 2024) estimate
model uncertainty via output clustering or learned probes.
Hidden-state probing (Azaria and Mitchell 2023; Fadeeva
et al. 2024) also helps identify token-level unreliability.
More recently, mechanistic interpretability has been applied
to hallucination detection: some methods regress over para-
metric versus contextual signals (Sun et al. 2025), while oth-
ers fine-tune based on internal layer projections (Yu et al.
2024). In contrast, our framework is fully plug-and-play -
requiring neither retraining nor architectural modifications -
while offering fine-grained attention-level attribution.

Conclusion
Shapley NEAR is an interpretable hallucination detector
that attributes entropy-based information flow across layer-
s/heads using sentence-level Shapley values. It outperforms
baselines, separates parametric from context-induced hallu-
cinations, and enables test-time head clipping to curb over-
confidence without retraining. Limitations appear in Ap-
pendix .

References
Azaria, A.; and Mitchell, T. 2023. The internal state
of an LLM knows when it’s lying. arXiv preprint
arXiv:2304.13734.
Bai, Y.; Tu, S.; Zhang, J.; Peng, H.; Wang, X.; Lv, X.; Cao,
S.; Xu, J.; Hou, L.; Dong, Y.; et al. 2024. Longbench v2: To-

wards deeper understanding and reasoning on realistic long-
context multitasks. arXiv preprint arXiv:2412.15204.
Binkowski, J.; Janiak, D.; Sawczyn, A.; Gabrys, B.; and Ka-
jdanowicz, T. 2025. Hallucination Detection in LLMs Us-
ing Spectral Features of Attention Maps. arXiv preprint
arXiv:2502.17598.
Chen, C.; Liu, K.; Chen, Z.; Gu, Y.; Wu, Y.; Tao, M.; Fu,
Z.; and Ye, J. 2024. INSIDE: LLMs’ internal states re-
tain the power of hallucination detection. arXiv preprint
arXiv:2402.03744.
Chen, L.; Bruna, J.; and Bietti, A. 2025. Distributional Asso-
ciations vs In-Context Reasoning: A Study of Feed-forward
and Attention Layers. In The Thirteenth International Con-
ference on Learning Representations.
Choi, E.; He, H.; Iyyer, M.; Yatskar, M.; Yih, W.-t.; Choi,
Y.; Liang, P.; and Zettlemoyer, L. 2018. QuAC: Question
answering in context. arXiv preprint arXiv:1808.07036.
Chuang, Y.-S.; Qiu, L.; Hsieh, C.-Y.; Krishna, R.; Kim, Y.;
and Glass, J. 2024a. Lookback lens: Detecting and mitigat-
ing contextual hallucinations in large language models using
only attention maps. arXiv preprint arXiv:2407.07071.
Chuang, Y.-S.; Qiu, L.; Hsieh, C.-Y.; Krishna, R.; Kim, Y.;
and Glass, J. R. 2024b. Lookback Lens: Detecting and Mit-
igating Contextual Hallucinations in Large Language Mod-
els Using Only Attention Maps. In Al-Onaizan, Y.; Bansal,
M.; and Chen, Y.-N., eds., Proceedings of the 2024 Con-
ference on Empirical Methods in Natural Language Pro-
cessing, 1419–1436. Miami, Florida, USA: Association for
Computational Linguistics.
Cohen, R.; Hamri, M.; Geva, M.; and Globerson, A. 2023.
Lm vs lm: Detecting factual errors via cross examination.
arXiv preprint arXiv:2305.13281.
Duan, J.; Cheng, H.; Wang, S.; Zavalny, A.; Wang, C.; Xu,
R.; Kailkhura, B.; and Xu, K. 2023. Shifting attention
to relevance: Towards the predictive uncertainty quantifi-
cation of free-form large language models. arXiv preprint
arXiv:2307.01379.
Ethayarajh, K.; Choi, Y.; and Swayamdipta, S. 2022. Un-
derstanding Dataset Difficulty with V-Usable Information.
In International Conference on Machine Learning, 5988–
6008. PMLR.
Fadeeva, E.; Rubashevskii, A.; Shelmanov, A.; Petrakov,
S.; Li, H.; Mubarak, H.; Tsymbalov, E.; Kuzmin, G.;
Panchenko, A.; Baldwin, T.; et al. 2024. Fact-checking the
output of large language models via token-level uncertainty
quantification. arXiv preprint arXiv:2403.04696.
Farquhar, S.; Kossen, J.; Kuhn, L.; and Gal, Y. 2024. Detect-
ing hallucinations in large language models using semantic
entropy. Nature, 630(8017): 625–630.
Gong, H.; Tang, Y.; Pino, J.; and Li, X. 2021. Pay bet-
ter attention to attention: Head selection in multilingual and
multi-domain sequence modeling. Advances in Neural In-
formation Processing Systems, 34: 2668–2681.
Gu, Y.; Ji, Z.; Zhang, W.; Lyu, C.; Lin, D.; and Chen, K.
2024. Anah-v2: Scaling analytical hallucination annotation
of large language models. Advances in Neural Information
Processing Systems, 37: 60012–60039.



Huang, Y.; Song, J.; Wang, Z.; Zhao, S.; Chen, H.; Juefei-
Xu, F.; and Ma, L. 2023. Look before you leap: An ex-
ploratory study of uncertainty measurement for large lan-
guage models. arXiv preprint arXiv:2307.10236.
Ji, Z.; Lee, N.; Frieske, R.; Yu, T.; Su, D.; Xu, Y.; Ishii, E.;
Bang, Y. J.; Madotto, A.; and Fung, P. 2023. Survey of hal-
lucination in natural language generation. ACM computing
surveys, 55(12): 1–38.
Joshi, M.; Choi, E.; Weld, D. S.; and Zettlemoyer, L.
2017. Triviaqa: A large scale distantly supervised chal-
lenge dataset for reading comprehension. arXiv preprint
arXiv:1705.03551.
Kadavath, S.; Conerly, T.; Askell, A.; Henighan, T.; Drain,
D.; Perez, E.; Schiefer, N.; Hatfield-Dodds, Z.; DasSarma,
N.; Tran-Johnson, E.; et al. 2022. Language models (mostly)
know what they know. arXiv preprint arXiv:2207.05221.
Kim, H.; Bibi, A.; Torr, P.; and Gal, Y. 2024. Detecting
LLM Hallucination Through Layer-wise Information Defi-
ciency: Analysis of Unanswerable Questions and Ambigu-
ous Prompts. arXiv preprint arXiv:2412.10246.
Kobayashi, G.; Kuribayashi, T.; Yokoi, S.; and Inui, K. 2020.
Attention is not only a weight: Analyzing transformers with
vector norms. arXiv preprint arXiv:2004.10102.
Kossen, J.; Han, J.; Razzak, M.; Schut, L.; Malik, S.;
and Gal, Y. 2024. Semantic entropy probes: Robust and
cheap hallucination detection in llms. arXiv preprint
arXiv:2406.15927.
Kuhn, L.; Gal, Y.; and Farquhar, S. 2023. Seman-
tic uncertainty: Linguistic invariances for uncertainty es-
timation in natural language generation. arXiv preprint
arXiv:2302.09664.
Lin, Z.; Trivedi, S.; and Sun, J. 2023. Generating with con-
fidence: Uncertainty quantification for black-box large lan-
guage models. arXiv preprint arXiv:2305.19187.
Lundberg, S. M.; and Lee, S.-I. 2017. A unified approach
to interpreting model predictions. Advances in neural infor-
mation processing systems, 30.
Michel, P.; Levy, O.; and Neubig, G. 2019. Are sixteen heads
really better than one? Advances in neural information pro-
cessing systems, 32.
Mishra, A.; Asai, A.; Balachandran, V.; Wang, Y.; Neubig,
G.; Tsvetkov, Y.; and Hajishirzi, H. 2024. Fine-grained hal-
lucination detection and editing for language models. arXiv
preprint arXiv:2401.06855.
Narayan, S.; Cohen, S. B.; and Lapata, M. 2018. Don’t give
me the details, just the summary! topic-aware convolutional
neural networks for extreme summarization. arXiv preprint
arXiv:1808.08745.
OpenAI Achiam, J.; Adler, S.; Agarwal, S.; Ahmad, L.;
Akkaya, I.; Aleman, F.; Almeida, D.; Altenschmidt, J.; Alt-
man, S.; Anadkat, S.; et al. 2023. GPT-4 technical report.
arXiv. arXiv preprint arXiv:2303.08774.
Ouyang, L.; Wu, J.; Jiang, X.; Almeida, D.; Wainwright, C.;
Mishkin, P.; Zhang, C.; Agarwal, S.; Slama, K.; Ray, A.;
et al. 2022. Training language models to follow instructions
with human feedback. Advances in neural information pro-
cessing systems, 35: 27730–27744.

Pippenger, N. 1988. Reliable computation by formulas in
the presence of noise. IEEE Transactions on Information
Theory, 34(2): 194–197.
Rajpurkar, P.; Zhang, J.; Lopyrev, K.; and Liang, P. 2016.
Squad: 100,000+ questions for machine comprehension of
text. arXiv preprint arXiv:1606.05250.
Reddy, S.; Chen, D.; and Manning, C. D. 2019. Coqa: A
conversational question answering challenge. Transactions
of the Association for Computational Linguistics, 7: 249–
266.
Ren, J.; Luo, J.; Zhao, Y.; Krishna, K.; Saleh, M.; Laksh-
minarayanan, B.; and Liu, P. J. 2022. Out-of-distribution
detection and selective generation for conditional language
models. arXiv preprint arXiv:2209.15558.
Shannon, C. E. 1948. A mathematical theory of communi-
cation. The Bell system technical journal, 27(3): 379–423.
Sriramanan, G.; Bharti, S.; Sadasivan, V. S.; Saha, S.; Kat-
takinda, P.; and Feizi, S. 2024a. Llm-check: Investigat-
ing detection of hallucinations in large language models.
Advances in Neural Information Processing Systems, 37:
34188–34216.
Sriramanan, G.; Bharti, S.; Sadasivan, V. S.; Saha, S.; Kat-
takinda, P.; and Feizi, S. 2024b. LLM-Check: Investigating
Detection of Hallucinations in Large Language Models. In
Globerson, A.; Mackey, L.; Belgrave, D.; Fan, A.; Paquet,
U.; Tomczak, J.; and Zhang, C., eds., Advances in Neural
Information Processing Systems, volume 37, 34188–34216.
Curran Associates, Inc.
Su, W.; Wang, C.; Ai, Q.; Hu, Y.; Wu, Z.; Zhou, Y.; and
Liu, Y. 2024. Unsupervised real-time hallucination detection
based on the internal states of large language models. arXiv
preprint arXiv:2403.06448.
Sun, Y.; Guo, C.; and Li, Y. 2021. React: Out-of-distribution
detection with rectified activations. Advances in neural in-
formation processing systems, 34: 144–157.
Sun, Z.; Zang, X.; Zheng, K.; Song, Y.; Xu, J.; Zhang, X.;
Yu, W.; and Li, H. 2025. Redeep: Detecting hallucina-
tion in retrieval-augmented generation via mechanistic inter-
pretability. In International Conference on Learning Repre-
sentations (ICLR).
Voita, E.; Talbot, D.; Moiseev, F.; Sennrich, R.; and Titov,
I. 2019. Analyzing multi-head self-attention: Specialized
heads do the heavy lifting, the rest can be pruned. arXiv
preprint arXiv:1905.09418.
Wang, K.; Variengien, A.; Conmy, A.; Shlegeris, B.; and
Steinhardt, J. 2022. Interpretability in the wild: a circuit for
indirect object identification in gpt-2 small. arXiv preprint
arXiv:2211.00593.
Xu, Y.; Zhao, S.; Song, J.; Stewart, R.; and Ermon, S. 2020.
A theory of usable information under computational con-
straints. arXiv preprint arXiv:2002.10689.
Yu, L.; Cao, M.; Cheung, J. C. K.; and Dong, Y. 2024. Mech-
anistic Understanding and Mitigation of Language Model
Non-Factual Hallucinations. In Findings of the Association
for Computational Linguistics: EMNLP 2024, 7943–7956.



Zhou, K.; Jurafsky, D.; and Hashimoto, T. 2023. Navi-
gating the grey area: How expressions of uncertainty and
overconfidence affect language models. arXiv preprint
arXiv:2302.13439.



Appendix
Contents

Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1

Background . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 2

Shapley NEAR: Norm-basEd Attention-wise usable infoRmation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 2

Properties and Bounds of Shapley NEAR . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 4

Experiments . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5
Experimental Setup. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5
Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5

Ablation Studies . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6

Related Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 8

Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 8

Appendix . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 11
Derivation of Theoretical Properties and Error Bounds for Shapley NEAR Scores . . . . . . . . . . . . . . . . . . . . . . . 12
Properties Derivation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 12
Estimation Error Bound for AME–NEAR . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 12
Ablation Studies for the Remaining Datasets . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 13
Layer-wise Information Trends in Qwen2.5-3B and OPT-6.7B . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 13
Analyzing Parametric and Context-Induced Hallucinations with NEAR Scores . . . . . . . . . . . . . . . . . . . . . . . . . . 13
Ablation: Estimators for Sentence–Level Shapley Attribution . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 14
Experiment (Extended) . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 15
Experimental Results with Model Finetuning . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 15
Robustness of NEAR Against Parametric and Context-Induced Hallucinations . . . . . . . . . . . . . . . . . . . . . . . . . . 16
Generalization to Other Tasks . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 16
Additional Models: LLaMA-3.1-70B and Phi-3-Medium-14B-4K-Instruct . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 16
Extended Experiments: NEAR (AME) vs. Baselines . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 18
Comparison with LLM-Check on FAVA . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 18
Algorithm . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 19
Effect of Number of Coalitions on NEAR Stability . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 19
Qualitative Examples . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 19
Limitations . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 25



Derivation of Theoretical Properties and
Error Bounds for Shapley NEAR Scores

Properties Derivation
We begin by formally defining the NEAR score. Let the con-
text passage be x = {x1, x2, . . . , xn}, consisting of n dis-
joint sentences, and let q denote the corresponding question.
For a transformer model with L layers and H attention heads
per layer, the NEAR score is given by

NEAR(x, q) =
1

n

n∑
i=1

IGi, (8)

where IGi denotes the Shapley value assigned to sentence
xi, measuring its marginal contribution to the model’s infor-
mation gain at the final prediction token.

The information gain for a subset of context sentences
xS ⊆ x is defined as

IG(xS → q) =

L∑
ℓ=1

H∑
h=1

[
H(ℓ,h)(qt | ∅)−H(ℓ,h)(qt | xS)

]
,

(9)
where H(ℓ,h)(qt | xS) denotes the entropy of the softmax-
normalized vocabulary distribution at the final token qt,
computed using context subset xS .

A fundamental property of entropy is that for any discrete
distribution p ∈ RV over vocabulary size V , the Shannon
entropy is bounded as

0 ≤ H(p) ≤ log V, (10)

where the minimum is achieved for deterministic distribu-
tions and the maximum for uniform distributions. Applying
this to attention outputs, it follows that

0 ≤ H(ℓ,h)(qt | xS) ≤ log V, (11)

for any layer ℓ, head h, and context subset xS .
Thus, the maximum change in entropy across any head-

layer combination is bounded by∣∣∣H(ℓ,h)(qt | ∅)−H(ℓ,h)(qt | xS)
∣∣∣ ≤ log V, (12)

implying that the total information gain satisfies

|IG(xS → q)| ≤ L ·H · log V. (13)

The Shapley value IGi for a sentence xi is computed by
averaging its marginal contributions over all subsets of other
sentences:

IGi =
∑

S⊆N\{i}

|S|!(n− |S| − 1)!

n!
[IG(S ∪ {xi} → q)− IG(S → q)] ,

(14)
where N = {1, . . . , n} indexes the context sentences. Given
the bound in (13), it immediately follows that

|IGi| ≤ L ·H · log V, (15)

and thus the NEAR score itself is bounded by

− L ·H · log V ≤ NEAR(x, q) ≤ L ·H · log V . (16)

Moreover, the asymptotic growth of NEAR with respect
to model size is characterized by

NEAR(x, q) ∈ O(L ·H · log V ), (17)

indicating that larger models with more layers and heads can
potentially exhibit larger NEAR scores.

In practice, NEAR scores tend to remain significantly be-
low their theoretical maxima because softmax-normalized
attention distributions are rarely fully uniform or fully deter-
ministic. Confident predictions (low entropy) result in large
NEAR scores, while uncertain or irrelevant contexts yield
low NEAR values.

Symmetry of Shapley-Based NEAR NEAR preserves
the symmetry property of Shapley values. If two sentences
xi and xj have identical marginal contributions across all
subsets S ⊆ x \ {xi, xj}, then their Shapley attributions are
equal:

IGi = IGj . (18)
Thus, NEAR treats functionally equivalent sentences identi-
cally, ensuring fair attribution.

Context redundancy and diminishing marginal gains.
In practice, we often observe diminishing marginal infor-
mation gains as context grows, consistent with redundancy
among sentences. Formally, if the model-induced IG be-
haves in a submodular-like manner on sampled coalitions,
then for S ⊆ T one expects

IG(S∪{xi} → q)−IG(S → q) ≥ IG(T∪{xi} → q)−IG(T → q).
(19)

We use this as an empirical trend rather than a theoreti-
cal assumption: overlapping (redundant) sentences typically
receive smaller Shapley attributions and contribute less to
NEAR, but our guarantees do not rely on submodularity.

Zero NEAR for Context-Free Questions If the context x
provides no useful information for answering q, the entropy
remains unchanged after conditioning:

H(qt | ∅) ≈ H(qt | xS), ∀xS ⊆ x, (20)

leading to
NEAR(x, q) ≈ 0, (21)

indicating that the model’s uncertainty is unaffected by the
context.

Estimation Error Bound for AME–NEAR
Setup. Let n be the number of context sentences. For each
query, we sample M random coalitions of sentences, com-
pute the corresponding information gains (IG), and form a
binary design X ∈ {0, 1}M×n (row m indicates which sen-
tences are included in coalition m) with responses y ∈ RM .
We estimate the sentence-level contribution vector ϕ ∈ Rn

via an ℓ1-regularized least-squares (AME) estimator:

ϕ̂ ∈ arg min
ϕ∈Rn

1

2M
∥y −Xϕ∥22 + λ∥ϕ∥1, (22)

and define the NEAR estimate as the average contribution

N̂EAR(x, q) =
1

n
1⊤ϕ̂. (23)



Assumptions. (i) (k-sparsity) The true contribution vector
ϕ⋆ satisfies ∥ϕ⋆∥0 ≤ k. (ii) (Noise) The residuals y −Xϕ⋆

are sub-Gaussian with proxy σ; a conservative envelope is
σ ≤ B, where

B = L ·H · log V, (24)
since each coalition IG lies in [−B,B]. (iii) (Design) X sat-
isfies a restricted–eigenvalue condition with constant κ > 0.

Choose λ ≍ σ
√

log(n/δ)
M .

Main bound. With probability at least 1− δ,∣∣N̂EAR(x, q)−NEAR(x, q)
∣∣ = 1

n

∣∣1⊤(ϕ̂− ϕ⋆)
∣∣

≤ 1

n
∥ϕ̂− ϕ⋆∥1

≤ C k σ

nκ2

√
log(n/δ)

M
.

(25)
for a universal constant C > 0. Using σ ≤ B from (24)

yields the explicit form

∣∣N̂EAR(x, q)− NEAR(x, q)
∣∣ ≤ C k

nκ2

(
LH log V

) √ log
(
n/δ

)
M

(26)

Implications. The AME estimation error for NEAR de-

cays as O
(

k
nκ2 (LH log V )

√
log(n/δ)

M

)
, improving with

more sampled coalitions M and depending mildly on model
depth (L), heads (H), and vocabulary size (V ).

Ablation Studies for rest of the Datasets
Layer-wise Information Trends in Qwen2.5-3B and
OPT-6.7B
Unlike methods such as VI (Ethayarajh, Choi, and
Swayamdipta 2022), which rely solely on final-layer out-
puts, our experiments with Qwen2.5-3B and OPT-6.7B
across CoQA, QuAC, SQuAD, and TriviaQA reveal that
significant semantic information emerges well before the fi-
nal layer. As shown in Figure 6a and Figure 6b, both LI
and NEAR scores accumulate progressively from early to
later layers, highlighting that inner layers contribute mean-
ingfully to usable information for Qwen2.5 3B and OPT6.7
respectively. Additionally, attention head analysis in these
models (Figure 5a and Figure 5b) demonstrates substantial
variance in information captured by different heads, rein-
forcing that attention dynamics vary widely across layers
and heads. These observations confirm that limiting inter-
pretability to the final layer overlooks critical intermediate
representations and that capturing attention-driven signals
across all layers is essential for reliable attribution.

Analyzing Parametric and Context-Induced
Hallucinations with NEAR Scores
To better understand the origin of hallucinations, we an-
alyze NEAR scores assigned to context sentences that do
not contain the ground-truth answer. Let si /∈ A(q), where

A(q) denotes the minimal set of answer-supporting sen-
tences for a given question q. Ideally, such irrelevant sen-
tences should yield zero usable information, implying that
the entropy before and after conditioning remains approx-
imately equal. This leads to an information gain of zero:
IG(ℓ,h)(si → q) ≈ 0. However, empirical findings across all
four QA datasets—CoQA, QuAC, SQuAD, and TriviaQA—
demonstrate that even when si /∈ A(q), the NEAR attri-
bution IGi is often either significantly negative or positive.
These deviations allow us to distinguish between two types
of hallucination.

If IGi < 0, it indicates that the entropy after conditioning
on si is higher than that with no context, i.e., H(qt | si) >
H(qt | ∅). This suggests that the model becomes more un-
certain due to misleading context overriding its parametric
knowledge—a behavior we term parametric hallucination.
Conversely, if IGi > 0 despite si /∈ A(q), the model in-
correctly gains confidence due to spurious semantic cues or
surface-level similarities. This phenomenon is referred to as
context-induced hallucination.

Figures 7a and 7b visually depict these effects by com-
paring NEAR scores before and after perturbations, such
as noise injection or model fine-tuning. These experiments
confirm that NEAR faithfully captures both types of halluci-
nation via its attention-wise decomposition of usable infor-
mation.

Experimental Setup. To validate this decomposition, we
analyze NEAR attributions on CoQA, QuAC, SQuAD, and
TriviaQA using LLaMA-3.1-8B, OPT-6.7B, and Qwen2.5-
3B. For each datapoint, we extract context segments si /∈
A(q) and compute:

MeanNeg = Esi /∈A(q)[IGi | IGi < 0] ,

MeanPos = Esi /∈A(q)[IGi | IGi > 0] .

We run two ablations to support the hypothesis:
1. Random Noise Injection: Injecting randomly sampled

tokens into si decreases the magnitude of MeanNeg and
MeanPos, indicating that noise alone does not explain
strong deviations in NEAR.

2. Fine-tuning: Fine-tuning the model on CoQA increases
|MeanNeg|, showing heightened model sensitivity to
misleading context after alignment, and thus more pro-
nounced parametric hallucinations.

Conclusion. These results confirm that NEAR scores re-
flect two distinct modes of hallucination:
Parametric Hallucination ⇐⇒ IGi < 0

where IGi = H(Pθ(· | x<T , si)) − H(Pθ(· | x<T ))

(adding the context token si increases predictive entropy / uncertainty).

Context-Induced Hallucination ⇐⇒ IGi > 0 ∧ si /∈ A(q)︸ ︷︷ ︸
irrelevant to the answer

(irrelevant context si spuriously reduces entropy / overconfident prediction).

Therefore, NEAR provides a faithful and granular decom-
position of hallucination signals within the model’s internal
reasoning.
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Figure 5: Attention-wise Information Gain for (a) Qwen2.5-3B and (b) OPT-6.7B.
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Figure 6: Layer-wise Information Gain for (a) Qwen2.5-3B and (b) OPT-6.7B.

Ablation: Estimators for Sentence–Level Shapley
Attribution

Setup. We compare five estimators for sentence–level Shap-
ley attribution within NEAR on CoQA using LLaMA-3.1-
8B: (i) SHAP (Exact) via exhaustive coalitions (ground truth
on a stratified subset with n ≤ 10 sentences), (ii) Monte
Carlo (uniform permutations), (iii) Beta Shapley (weighted
coalitions), (iv) FastSHAP (learned explainer), and (v) AME
(coalition sampling + ℓ1 regression). Unless noted, all ap-
proximate methods use M=50 evaluations per datapoint.
We report agreement with SHAP (Exact) via mean absolute
error (MAE; ↓) and Spearman correlation ρ (↑), downstream
hallucination AUROC (↑), and wall-clock runtime per 100
QA examples (↓). FastSHAP is trained on 5k held-out ex-
amples; we amortize its one-time training over the evalua-
tion set.

Experimental details. We use the identical preprocess-
ing and NEAR IG pipeline as in Section : sentence segmen-
tation and tokenization are unchanged; IG is computed by
conditioning on sampled coalitions and aggregating entropy

changes across all layers/heads. For AME, each datapoint
contributes M=50 uniformly sampled coalitions to the de-
sign matrix; the ℓ1 regularization weight λ is selected once
on a small validation split and then fixed across all AME
runs. Monte Carlo uses M=50 random permutations; Beta
Shapley uses the canonical beta-weighted coalition sam-
pling from prior work with the same evaluation budget; Fast-
SHAP trains a single explainer (same model/dataset) and is
then applied to the test subset. All methods are run on the
same model/dataset configuration as our main experiments
and measured under the same batching setup; AME’s run-
time matches Table 17.

Results. AME is the most faithful among approximate
Shapley estimators to SHAP (Exact) (lowest MAE, high-
est ρ) and yields the best downstream AUROC after SHAP,
while achieving the shortest total runtime under the shared
budget (Table 3). Monte Carlo and Beta Shapley trail AME
in both accuracy and time. FastSHAP attains competitive
agreement but, at this scale, explainer training dominates
end-to-end cost, making it slower than AME. As expected,
exact SHAP offers the highest fidelity but is by far the slow-
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Figure 7: Emergence of parametric and context-induced hallucinations captured by NEAR scores.

est. These findings support AME as the preferred estimator
for NEAR in our setting: it closely matches SHAP while be-
ing the fastest to deploy among practical estimators.
AME attains the second-best fidelity to SHAP and the best
runtime among practical Shapley estimators, aligning with
our theoretical and empirical analyses elsewhere in the pa-
per.

Experiment extended
We evaluated our method using four standard QA bench-
marks: CoQA, QuAC, SQuAD, and TriviaQA, across three
pretrained language models: LLaMA-3.1-8B, OPT-6.7B,
and Qwen2.5-3B. For each model–dataset pair, NEAR
scores were computed by aggregating information gain
across all transformer layers and attention heads. Attention
outputs were taken at the final token of each question, and
entropy was calculated from the softmax-normalized vocab-
ulary logits. Sentence-level context segmentation was ap-
plied consistently across datasets.

To efficiently estimate Shapley values, we use an AME es-
timator with M = 50 random coalitions per example, fitting
an ℓ1-regularized linear model to obtain sparse attributions.
We set δ = 0.01, and bounded the estimation error using:∣∣N̂EAR(x, q)−NEAR(x, q)

∣∣ ≤ C k

κ2
(LH log V )

√
log(n/δ)

M
.

(27)
where L is the number of layers, H the number of heads per
layer, V the vocabulary size, and n the number of context
segments.

To study parametric hallucinations, we fine-tuned each
model on CoQA using the AdamW optimizer with a learn-
ing rate of 2 × 10−5, batch size 8, weight decay 0.01, and
2 training epochs with 500 warmup steps. Training was per-
formed on NVIDIA A100 80GB GPUs using PyTorch 2.1
and DeepSpeed ZeRO Stage 2, with mixed-precision (bf16)
training enabled.

We report mean NEAR scores on context segments with
and without the ground-truth answer, based on 10,000 sam-
pled questions. These controlled experiments show that

NEAR scores are robust indicators of hallucination, effec-
tively capturing model uncertainty and context influence.

Experimental Results with model finetuning

Hallucination Detection Results after Fine-Tuning. Ta-
ble 4 presents the hallucination detection performance of
various uncertainty estimation methods across four QA
benchmarks (CoQA, QuAC, SQuAD, and TriviaQA) and
three LLMs (Qwen2.5-3B, LLaMA3.1-8B, and OPT-6.7B),
after fine-tuning. The evaluation metrics include area under
the ROC curve (AUC), Kendall’s τ , and Pearson correlation
coefficient (PCC).

Fine-tuning consistently improves the performance of all
methods across all models and datasets. Notably, our pro-
posed method NEAR continues to outperform all baselines
with a substantial margin. On average, NEAR achieves AUC
scores above 0.90 across all datasets, with Kendall’s τ and
PCC also reaching peak values around 0.72–0.74, indicating
both strong rank-order and linear correlation with ground
truth hallucination labels. Other methods such as INSIDE
and Semantic Entropy also benefit from fine-tuning but
remain 4–6 points behind NEAR in AUC and show lower
correlation coefficients. For instance, on the SQuAD dataset
with the LLaMA3.1-8B model, NEAR achieves an AUC of
0.92 compared to 0.85 from INSIDE and 0.79 from Seman-
tic Entropy. Similarly, in TriviaQA, NEAR maintains a con-
sistent advantage across all metrics and models.

Experimental Setup. Each model was fine-tuned using
the train split of the corresponding dataset and evaluated
on its validation split. We used the AdamW optimizer
with a learning rate of 2×10−5, weight decay of 0.01, batch
size of 8, and trained for 2 epochs with 500 warmup steps
and early stopping. Training was performed on NVIDIA
A100 80GB GPUs using DeepSpeed ZeRO Stage 2 and bf16
precision. To efficiently estimate Shapley values, we use an
AME estimator with M = 50 random coalitions per ex-
ample. All reported evaluation metrics are averaged over 3
independent runs, with standard deviations within ±0.03.



Table 3: Ablation of Shapley estimators for NEAR on CoQA (LLaMA-3.1-8B). Agreement is measured against SHAP (Exact);
AUROC is for hallucination detection. Runtimes are per 100 QA examples. AME uses the same M=50 coalition budget as the
rest of the paper.

Estimator MAE to SHAP ↓ ρ to SHAP ↑ AUROC ↑ Runtime (s) ↓

SHAP (Exact) 0.000 1.00 0.862 1,240.3
Monte Carlo (M=50) 0.028 0.91 0.842 58.9
Beta Shapley (M=50) 0.023 0.93 0.845 45.2
FastSHAP (end-to-end) 0.035 0.88 0.838 200.7
AME (M=50) 0.015 0.96 0.852 30.6

Robustness of NEAR Against Parametric and
Context-Induced Hallucinations.

While NEAR captures both parametric and context-induced
hallucinations at the sentence level, it is crucial to verify that
such artifacts do not dominate or distort the final informa-
tion attribution. Ideally, context segments that do not con-
tain the correct answer should have NEAR scores near zero.
However, due to model pretraining effects (parametric hal-
lucination) and contextual mimicry (context-induced hallu-
cination), small negative or positive NEAR values can occur
even without the ground truth answer.

To evaluate the robustness of NEAR, we formally parti-
tion the context into sentences that contain the answer (Sans)
and those that do not (Snon-ans). The total information gain
decomposes as

IG(x→ q) =
∑
i∈Sans

IGi +
∑

j∈Snon-ans

IGj , (28)

where IGi denotes the Shapley value of sentence xi. We then
define the dominance ratio:

Dominance Ratio =
Mean(IGi, i ∈ Sans)

|Mean(IGj , j ∈ Snon-ans)|
, (29)

which quantifies whether true answer-supporting informa-
tion overwhelms hallucination artifacts.

Experimental Setup. We conduct experiments across
three model families: LLaMA-3.1-8B, OPT-6.7B, and
Qwen2.5-3B. Evaluations are performed on four datasets:
CoQA, QuAC, SQuAD v1.1, and TriviaQA. Each context
passage is segmented into sentences, and NEAR scores
are computed per sentence. Context sentences are manu-
ally aligned with ground truth answers using string matching
and fuzzy heuristics. NEAR scores are calculated using ran-
domly sampled coalitions M = 50 per datapoint, allowing
stable Shapley estimation through sparse ℓ1-regular regres-
sion. The temperature parameter during softmax inference
is set to T = 1.0 (default). No additional prompt tuning or
instruction tuning is applied unless otherwise noted. Mod-
els are evaluated in a zero-shot setting without retrieval aug-
mentation.

Table 5 summarizes the average NEAR scores for answer-
containing and non-answer-containing context sentences,
along with the dominance ratio. Across all models and
datasets, the dominance ratio consistently exceeds 20, with
most values ranging between 23 and 26. This indicates that

the information gain from answer-containing context sen-
tences is significantly higher—by more than an order of
magnitude—than the entropy contributions of non-answer
sentences. These results affirm that NEAR provides a strong
and reliable decomposition of usable information, even in
the presence of noise or hallucination-inducing segments.

Generalization to Other Tasks
While NEAR is primarily formulated for question answer-
ing (QA) tasks by computing entropy at the final answer to-
ken, the framework naturally extends to other generation set-
tings. For instance, in summarization, information gain can
be evaluated at the end of the summary sequence. In dialog
systems, NEAR can be applied at each utterance boundary
to assess context contribution toward the next response.

To illustrate this potential, we conduct a small pilot ex-
periment on the XSum (Narayan, Cohen, and Lapata 2018)
summarization dataset. We compute NEAR scores using en-
tropy at the final token of generated summaries, follow-
ing the same context segmentation and Shapley attribution
methodology. Preliminary results show that answer-relevant
document spans receive consistently higher NEAR scores,
suggesting effective context attribution in summarization as
well.
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Figure 8: Pilot NEAR scores on the XSum dataset. NEAR
identifies summary-relevant context sentences with higher
average attribution, supporting its applicability to summa-
rization.

This evidence indicates that NEAR may serve as a uni-
fied attribution framework across a variety of text generation
tasks. We leave a full empirical evaluation for future work.

Additional Models: LLaMA-3.1-70B and
Phi-3-Medium-14B-4K-Instruct
Experimental setup. We replicate the main evaluation on
four QA datasets (CoQA, QuAC, SQuAD, TriviaQA) using



Table 4: Hallucination detection performance after fine-tuning. Scores improve while maintaining relative proportions.

Models CoQA QuAC SQuAD TriviaQA
AUC τ PCC AUC τ PCC AUC τ PCC AUC τ PCC

Qwen2.5-3B
P(True) 0.58 0.38 0.36 0.59 0.39 0.37 0.61 0.40 0.38 0.60 0.39 0.37
Pointwise VI 0.61 0.42 0.38 0.60 0.41 0.37 0.62 0.43 0.39 0.63 0.43 0.40
Usable LI 0.75 0.51 0.47 0.74 0.50 0.46 0.76 0.51 0.48 0.72 0.49 0.46
Semantic Entropy 0.78 0.54 0.50 0.76 0.52 0.48 0.77 0.51 0.47 0.80 0.53 0.49
INSIDE 0.84 0.60 0.56 0.83 0.59 0.55 0.82 0.60 0.57 0.85 0.61 0.56
NEAR 0.91 0.71 0.70 0.90 0.72 0.71 0.92 0.73 0.72 0.91 0.72 0.71
LLaMA3.1-8B
P(True) 0.63 0.40 0.36 0.64 0.41 0.37 0.67 0.43 0.39 0.66 0.42 0.37
Pointwise VI 0.67 0.43 0.40 0.63 0.39 0.37 0.66 0.44 0.39 0.79 0.53 0.46
Usable LI 0.83 0.55 0.50 0.78 0.52 0.47 0.80 0.53 0.49 0.72 0.51 0.46
Semantic Entropy 0.82 0.48 0.49 0.76 0.46 0.50 0.79 0.45 0.47 0.86 0.47 0.47
INSIDE 0.89 0.62 0.57 0.88 0.61 0.56 0.85 0.64 0.59 0.90 0.63 0.56
NEAR 0.91 0.73 0.68 0.90 0.72 0.67 0.92 0.74 0.70 0.91 0.73 0.67
OPT-6.7B
P(True) 0.60 0.39 0.36 0.61 0.40 0.37 0.64 0.42 0.38 0.63 0.41 0.37
Pointwise VI 0.64 0.41 0.38 0.60 0.37 0.36 0.63 0.42 0.38 0.75 0.51 0.44
Usable LI 0.81 0.53 0.48 0.76 0.51 0.46 0.79 0.52 0.47 0.70 0.51 0.44
Semantic Entropy 0.80 0.46 0.47 0.74 0.44 0.48 0.77 0.43 0.45 0.83 0.45 0.45
INSIDE 0.87 0.62 0.56 0.86 0.60 0.55 0.83 0.63 0.58 0.88 0.62 0.55
NEAR 0.90 0.73 0.67 0.89 0.72 0.66 0.91 0.74 0.68 0.90 0.73 0.66

Table 5: Robustness of NEAR attribution: Average NEAR scores for answer-containing vs. non–answer-containing sentences.
Higher dominance ratios indicate stronger signal-to-noise separation.

Model Dataset Mean NEAR (Ans.) Std. Dev. Mean NEAR (Non-Ans.) Std. Dev. Dominance Ratio

LLaMA-3.1-8B CoQA 7.21 0.14 -0.31 0.06 23.26
LLaMA-3.1-8B QuAC 7.38 0.13 -0.30 0.05 24.60
LLaMA-3.1-8B SQuAD 7.50 0.16 -0.32 0.05 23.44
LLaMA-3.1-8B TriviaQA 7.65 0.15 -0.29 0.06 26.38

OPT-6.7B CoQA 7.02 0.17 -0.28 0.07 25.07
OPT-6.7B QuAC 7.20 0.18 -0.29 0.08 24.83
OPT-6.7B SQuAD 7.30 0.19 -0.30 0.09 24.33
OPT-6.7B TriviaQA 7.10 0.18 -0.27 0.08 26.30

Qwen2.5-3B CoQA 6.90 0.15 -0.33 0.07 20.91
Qwen2.5-3B QuAC 6.85 0.14 -0.31 0.08 22.10
Qwen2.5-3B SQuAD 6.95 0.16 -0.32 0.07 21.72
Qwen2.5-3B TriviaQA 6.88 0.13 -0.30 0.08 22.93

two larger models: Phi-3-Medium-4K-Instruct (14B, Mi-
crosoft): 1 , and Llama-3.1-70B (Meta) 2. NEAR uses the
AME estimator with M=50 uniformly sampled coalitions
per datapoint and a fixed ℓ1 regularization chosen once on
a small validation split and held constant across all runs.
All methods share the same preprocessing, sentence seg-
mentation, tokenization, and NEAR IG pipeline (entropy

1https://huggingface.co/microsoft/Phi-3-medium-4k-instruct
2https://huggingface.co/meta-llama/Llama-3.1-70B

aggregation over all layers/heads). We report average AU-
ROC (AUC), Kendall’s τ , and Pearson correlation (PCC).
Batching/hardware are matched to the main experiments; for
NEAR (AME) this corresponds to the same per-100 exam-
ple runtime budget reported elsewhere.

Results. On both larger models, NEAR (AME) consis-
tently outperforms all baselines across the four datasets.
LLaMA-3.1-70B attains the strongest absolute scores over-
all, and NEAR (AME) provides the largest margin over



Table 6: Hallucination detection performance on CoQA, QuAC, SQuAD, and TriviaQA for two larger models (LLaMA-3.1-
70B, Phi-3-Medium-14B-4K-Instruct). We report average AUROC (AUC), Kendall’s τ , and Pearson correlation (PCC). Higher
is better. NEAR (AME) attains the best overall performance across datasets for both models.

Models CoQA QuAC SQuAD TriviaQA

AUC↑ τ ↑ PCC↑ AUC↑ τ ↑ PCC↑ AUC↑ τ ↑ PCC↑ AUC↑ τ ↑ PCC↑
LLaMA-3.1-70B
P(True) 0.55 0.36 0.33 0.56 0.37 0.34 0.59 0.39 0.36 0.58 0.38 0.35
Pointwise VI 0.61 0.38 0.35 0.59 0.36 0.34 0.62 0.39 0.36 0.71 0.48 0.42
Usable LI 0.77 0.51 0.46 0.73 0.49 0.44 0.75 0.50 0.45 0.69 0.47 0.42
Semantic Entropy 0.76 0.45 0.46 0.71 0.43 0.45 0.73 0.42 0.44 0.79 0.44 0.44
Loopback Lens 0.77 0.46 0.47 0.72 0.44 0.46 0.74 0.43 0.45 0.80 0.45 0.45
INSIDE 0.85 0.60 0.55 0.84 0.59 0.54 0.82 0.61 0.56 0.86 0.60 0.53
NEAR (AME) 0.89 0.72 0.67 0.88 0.71 0.66 0.89 0.73 0.69 0.89 0.72 0.66
Phi-3-Medium-14B-4K-Instruct
P(True) 0.52 0.34 0.31 0.53 0.35 0.32 0.56 0.37 0.34 0.54 0.35 0.33
Pointwise VI 0.58 0.36 0.34 0.55 0.34 0.32 0.58 0.37 0.34 0.68 0.46 0.40
Usable LI 0.74 0.49 0.44 0.70 0.47 0.42 0.72 0.48 0.43 0.66 0.46 0.41
Semantic Entropy 0.73 0.43 0.44 0.68 0.41 0.44 0.70 0.40 0.42 0.76 0.42 0.41
Loopback Lens 0.74 0.44 0.45 0.69 0.42 0.45 0.71 0.41 0.43 0.77 0.43 0.42
INSIDE 0.81 0.57 0.52 0.80 0.56 0.51 0.78 0.58 0.53 0.82 0.57 0.50
NEAR (AME) 0.86 0.68 0.63 0.85 0.67 0.62 0.86 0.69 0.64 0.86 0.68 0.61

baselines on TriviaQA and CoQA, reflecting its ability to
aggregate useful evidence over long and multi-hop con-
texts. Phi-3-Medium-14B-4K-Instruct shows a similar trend:
NEAR (AME) maintains clear gains over INSIDE and
entropy-based detectors, with improvements in AUROC ac-
companied by higher rank and linear correlations (Kendall’s
τ and PCC), indicating better calibration of sentence-level
uncertainty signals. Because we keep the AME configura-
tion fixed (M=50 coalitions, same λ and IG pipeline), these
gains reflect estimator quality rather than hyperparameter
tuning or runtime budget differences.

Extended Experiments: NEAR (AME) vs.
Baselines
Setup. Unless noted, NEAR uses the AME estimator with
M=50 uniformly sampled coalitions per datapoint and a
fixed ℓ1 regularization (selected once on a small validation
split and held constant thereafter). All methods share the
same preprocessing, sentence segmentation, tokenization,
and NEAR IG pipeline (entropy aggregation across all lay-
ers/heads). We evaluate on the same model/dataset configu-
rations as the main results and report AUROC (↑), Kendall’s
τ (↑), and Pearson correlation (PCC; ↑). Runtimes (when
shown) are measured under the same batching and hardware
settings.

Long-context generalization (LongBench v2). To assess
robustness in long-context QA, we evaluate on LongBench
v2(Bai et al. 2024) (multi-document and long-context tasks;
up to 100K tokens; 503 datapoints). Across three base mod-
els, NEAR (AME) outperforms INSIDE and Loopback
Lens on all three metrics, indicating strong performance in
challenging long-context scenarios. Variability across three
runs is low (±0.006 AUROC, ±0.007 Kendall’s τ , ±0.007
PCC).

Comparison with non-entropy approaches. We further
compare NEAR (AME) with recent non-entropy methods
ANAH-v2(Gu et al. 2024) and MIND(Su et al. 2024) across
four QA datasets (CoQA, QuAC, SQuADv2, TriviaQA) and
three models. NEAR (AME) consistently achieves higher
AUROC, Kendall’s τ , and PCC across all settings. Over
three runs and all models, the overall standard deviations re-
main small (±0.005 AUROC, ±0.006 Kendall’s τ , ±0.006
PCC).

Comparison with leave-one-out attribution. We also
compare against a masking-based baseline (leave-one-out;
(Su et al. 2024)) on LongBench v2. NEAR (AME) surpasses
leave-one-out on AUROC, Kendall’s τ , and PCC across all
three models, with low run-to-run variance.
Across these experiments, Shapley-based attribution in
NEAR (AME) fairly distributes contributions among inter-
acting sentences and leverages attention-wise decomposi-
tion to capture deep model-internal signals, yielding faith-
ful and interpretable attributions in both standard and long-
context QA settings.

Comparison with LLM-Check on FAVA
To evaluate the effectiveness of NEAR in detecting hal-
lucinations, we compare its performance against LLM-
Check (Sriramanan et al. 2024a), a recent method that lever-
ages attention kernel eigenvalues and hidden activations for
hallucination detection across transformer layers. We focus
on the zero-resource setting without external references, us-
ing the human-annotated FAVA dataset(Mishra et al. 2024).

LLM-Check reports strong results using Attention Scores
and Hidden Scores, computed from the mean log-
determinants of attention kernels and hidden state covari-
ance matrices, respectively. On the FAVA-Annotation split,
their best-performing variant achieves an AUROC of 72.34



Table 7: LongBench v2 comparison. NEAR (AME) achieves 7–12% relative AUROC gains and consistent improvements in
Kendall’s τ and PCC across models.

Model Method AUROC ↑ Kendall’s τ ↑ PCC ↑

Qwen2.5-3B
NEAR (AME) 0.792 0.514 0.527
INSIDE 0.709 0.457 0.471
Loopback Lens 0.683 0.438 0.452

LLaMA-3.1-8B
NEAR (AME) 0.812 0.529 0.544
INSIDE 0.727 0.468 0.483
Loopback Lens 0.701 0.449 0.463

OPT-6.7B
NEAR (AME) 0.799 0.521 0.538
INSIDE 0.719 0.461 0.479
Loopback Lens 0.692 0.442 0.456

and F1 score of 69.27 using LLaMA-2 7B at layer 21 (see
Table 2 in (Sriramanan et al. 2024a)).

In contrast, NEAR computes the entropy-based informa-
tion gain attributed to each sentence in the context, based on
Shapley values over attention norms. Despite being concep-
tually different, LLM-Check focuses on low-rank shifts in
latent space, whereas NEAR tracks attention-driven entropy
reduction, both methods aim to isolate ungrounded model
behavior.

To enable direct comparison, we compute NEAR scores
on the same FAVA-Annotation samples used in LLM-Check
and report AUROC, F1, and TPR@5%FPR. Across three
LLMs (LLaMA-2-7B, LLaMA-3-8B, OPT-6.7B), NEAR
achieves competitive detection performance, with AUROC
up to 73.8, F1 scores exceeding 70, and notable stability
across layers.

Algorithm
The algorithm of our methodology is provided in Algo-
rithm 1.

Effect of Number of Coalitions on NEAR
Stability

A critical parameter in AME–NEAR is M , the number of
randomly sampled sentence subsets (coalitions) used to es-
timate sentence-level Shapley values. Larger M reduces es-
timation variance but increases computational cost. To an-
alyze this trade-off, we study how AUROC varies with
M using 500 randomly sampled CoQA examples with the
LLaMA-3.1-8B model.

As shown in Figure 9, performance improves rapidly be-
tween M = 5 and M = 30, after which gains taper off.
By M = 50, AUROC stabilizes around 0.85, with only
marginal improvements beyond that point. This suggests
M = 50 strikes an effective balance between computational
efficiency and statistical reliability, and we adopt it in our
main experiments. The standard deviation across three runs
remained within ±0.02 for all settings with M ≥ 30.

Algorithm 1: Compute AME–NEAR Attribution

0: Input: Context C = {s1, s2, . . . , sn}, Question Q with
m datapoints, Pretrained Model fθ

0: Set number of random coalitions M , regularization λ
0: for each datapoint i = 1 to m do
0: Initialize dataset D ← ∅
0: for j = 1 to M do
0: Sample subset S ⊆ {s1, ..., sn} uniformly at ran-

dom
0: Encode input X ← Tokenizer(S +Q)
0: Get model output: (VS , AS)← fθ(X)

0: Compute projected logits N (ℓ)
S across layers

0: Compute entropy: HS ← H(Q|S)
0: Compute design row x(j) ∈ {0, 1}n where x

(j)
k =

1[sk ∈ S]
0: Add (x(j), H∅ −HS) to dataset D
0: end for
0: Form matrix X ∈ RM×n and vector y ∈ RM fromD
0: Estimate ϕ̂← argminϕ

1
2M ∥y −Xϕ∥22 + λ∥ϕ∥1

0: Set NEAR(sk → Q)← ϕ̂k for all k ∈ [n]
0: end for
0: Return: AME–NEAR attributions {NEAR(sk →

Q)}nk=1 =0

These results are consistent with our AME concentration
bound (Appendix ), which predicts estimation error decreas-

ing on the order of Õ
(√

logn
M

)
under standard sparsity and

design assumptions.

Qualitative Examples
To show our quantitative results, we present qualitative ex-
amples, comparing NEAR scores with several established
attribution and uncertainty-based baselines. For each exam-
ple, we provide the full input context along with a cor-
responding question. We then report the estimated scores



Table 8: Comparison with non-entropy methods (ANAH-v2, MIND) across four QA datasets. NEAR (AME) yields consistent
gains across all three base models.

Model Method Dataset AUROC ↑ τ ↑ PCC ↑

Qwen2.5-3B

ANAH-v2

CoQA 0.78 0.51 0.50
QuAC 0.77 0.50 0.49
SQuADv2 0.79 0.52 0.49
TriviaQA 0.77 0.51 0.49

MIND

CoQA 0.80 0.53 0.50
QuAC 0.79 0.52 0.51
SQuADv2 0.80 0.53 0.52
TriviaQA 0.79 0.52 0.51

NEAR (AME)

CoQA 0.85 0.56 0.61
QuAC 0.84 0.56 0.60
SQuADv2 0.86 0.60 0.65
TriviaQA 0.85 0.60 0.65

LLaMA-3.1-8B

ANAH-v2

CoQA 0.80 0.53 0.50
QuAC 0.80 0.53 0.49
SQuADv2 0.81 0.54 0.51
TriviaQA 0.79 0.53 0.50

MIND

CoQA 0.82 0.55 0.53
QuAC 0.80 0.53 0.52
SQuADv2 0.82 0.56 0.54
TriviaQA 0.81 0.55 0.52

NEAR (AME)

CoQA 0.85 0.66 0.61
QuAC 0.84 0.66 0.60
SQuADv2 0.86 0.68 0.63
TriviaQA 0.85 0.67 0.60

OPT-6.7B

ANAH-v2

CoQA 0.79 0.52 0.49
QuAC 0.77 0.51 0.48
SQuADv2 0.80 0.53 0.50
TriviaQA 0.78 0.52 0.49

MIND

CoQA 0.81 0.54 0.51
QuAC 0.79 0.53 0.50
SQuADv2 0.82 0.55 0.52
TriviaQA 0.80 0.54 0.50

NEAR (AME)

CoQA 0.84 0.63 0.60
QuAC 0.83 0.64 0.59
SQuADv2 0.85 0.66 0.61
TriviaQA 0.84 0.65 0.59



Table 9: NEAR (AME) vs. Leave-one-out on LongBench v2 (mean ± std over 3 runs).

Model Method AUROC ↑ Kendall’s τ ↑ PCC ↑

Qwen2.5-3B
Li et al. 0.701± 0.006 0.449± 0.007 0.463± 0.007

NEAR (AME) 0.792± 0.005 0.514± 0.006 0.527± 0.006

LLaMA-3.1-8B
Li et al. 0.722± 0.006 0.467± 0.007 0.481± 0.007

NEAR (AME) 0.812± 0.005 0.529± 0.006 0.544± 0.006

OPT-6.7B
Li et al. 0.694± 0.006 0.443± 0.007 0.457± 0.007

NEAR (AME) 0.799± 0.005 0.521± 0.006 0.538± 0.006

Figure 9: AUROC as a function of the number of randomly
sampled coalitions M used for AME–NEAR estimation on
CoQA (LLaMA-3.1-8B).

across methods including P(True), Semantic Entropy, Loop-
back Lens, VI, LI, INSIDE, and NEAR.

These examples illustrate two important observations: (1)
NEAR assigns significantly higher scores when the con-
text provides meaningful answer cues (Table ??, Table 11,
Table 12, Table 13), and (2) in unanswerable cases, NEAR
consistently produces lower values(Table 14, Table 15, Ta-
ble 16), offering a more reliable signal of context utility.
Compared to baselines, NEAR better distinguishes between
answerable and hallucinated predictions, even in cases in-
volving ambiguous or misleading context fragments.



Table 10: NEAR (AME) vs. Leave-one-out on LongBench v2 (mean ± std over 3 runs).

Model Method AUROC ↑ Kendall’s τ ↑ PCC ↑

Qwen2.5-3B
Li et al. 0.701± 0.006 0.449± 0.007 0.463± 0.007

NEAR (AME) 0.792± 0.005 0.514± 0.006 0.527± 0.006

LLaMA-3.1-8B
Li et al. 0.722± 0.006 0.467± 0.007 0.481± 0.007

NEAR (AME) 0.812± 0.005 0.529± 0.006 0.544± 0.006

OPT-6.7B
Li et al. 0.694± 0.006 0.443± 0.007 0.457± 0.007

NEAR (AME) 0.799± 0.005 0.521± 0.006 0.538± 0.006

Table 11: Example centered on actor Dennis Farina. The top block provides the narrative context. The lower block compares
hallucination detection/attribution methods; NEAR attains the highest score.

Context

(CNN) – Dennis Farina, the dapper, mustachioed cop-turned-actor best known for his tough-as-nails work in such TV series as ”Law &
Order,” ”Crime Story,” and ”Miami Vice,” has died. He was 69.

“We are deeply saddened by the loss of a great actor and a wonderful man,” said his publicist, Lori De Waal, in a statement Monday.
“Dennis Farina was always warmhearted and professional, with a great sense of humor and passion for his profession. He will be greatly
missed by his family, friends and colleagues.”

Farina, who had a long career as a police officer in Chicago, got into acting through director Michael Mann, who used him as a consultant
and cast him in his 1981 movie, “Thief.” That role led to others in such Mann-created shows as “Miami Vice” (in which Farina played a
mobster) and “Crime Story” (in which he starred as Lt. Mike Torello).

Farina also had roles, generally as either cops or gangsters, in a number of movies, including “Midnight Run” (1988), “Get Shorty”
(1995), “The Mod Squad” (1999) and “Snatch” (2000).

In 2004, he joined the cast of the long-running “Law & Order” after Jerry Orbach’s departure, playing Detective Joe Fontana, a role he
reprised on the spinoff “Trial by Jury.” Fontana was known for flashy clothes and an expensive car, a distinct counterpoint to Orbach’s
rumpled Lennie Briscoe.

Farina was on “Law & Order” for two years, partnered with Jesse L. Martin’s Ed Green. Martin’s character became a senior detective
after Farina left the show.

Question P(True) Sem. Ent. Loop. Lens VI LI INSIDE NEAR

Is someone in showbiz? 1.16 2.21 1.72 0.48 2.53 3.76 10.74



Table 12: An example focused on a story of grief and companionship. The top block is the narrative context; the lower block
compares methods for the question “What was crying?” NEAR attains the highest score.

Context

When my father was dying, I traveled a thousand miles from home to be with him in his last days. It was far more heartbreaking than
I’d expected, one of the most difficult and painful times in my life. After he passed away I stayed alone in his apartment. There were so
many things to deal with. It all seemed endless. I was lonely. I hated the silence of the apartment.

But one evening the silence was broken: I heard crying outside. I opened the door to find a little cat on the steps. He was thin and poor.
He looked the way I felt. I brought him inside and gave him a can of fish. He ate it and then almost immediately fell sound asleep. The
next morning I checked with neighbors and learned that the cat had been abandoned by his owner who’s moved out. So the little cat was
there all alone, just like I was. As I walked back to the apartment, I tried to figure out what to do with him. Having something else to take
care of seemed. But as soon as I opened the apartment door he came running and jumped into my arms. It was clear from that moment
that he had no intention of going anywhere. I started calling him Willis, in honor of my father’s best friend.

From then on, things grew easier. With Willis in my lap time seemed to pass much more quickly. When the time finally came for me to
return home I had to decide what to do about Willis. There was absolutely no way I would leave without him.

It’s now been five years since my father died. Over the years, several people have commented on how nice it was of me to rescue the cat.
But I know that we rescued each other. I may have given him a home but he gave me something greater.

Question P(True) Sem. Ent. Loop. Lens VI LI INSIDE NEAR

What was crying? 1.21 2.33 1.79 0.43 2.69 3.82 9.92

Table 13: Example regarding the Six-Day War. The top block is historical context; the lower block compares methods for the
question “When was the Six-Day War fought?” NEAR achieves the highest score.

Context

The Six-Day War (Hebrew: “Milhemet Sheshet Ha Yamim”; Arabic: “an-Naksah” or “Harb 1967”), also known as the June War, 1967
Arab–Israeli War, or Third Arab–Israeli War, was fought between June 5 and 10, 1967 by Israel and the neighboring states of Egypt
(known at the time as the United Arab Republic), Jordan, and Syria.

Relations between Israel and its neighbours had never fully normalised following the 1948 Arab–Israeli War. In 1956 Israel invaded the
Egyptian Sinai, with one of its objectives being the reopening of the Straits of Tiran which Egypt had blocked to Israeli shipping since
1950. Israel was subsequently forced to withdraw, but won a guarantee that the Straits of Tiran would remain open. Whilst the United
Nations Emergency Force was deployed along the border, there was no demilitarisation agreement.

In the period leading up to June 1967, tensions became dangerously heightened. Israel reiterated its post-1956 position that the closure of
the straits of Tiran to its shipping would be a “casus belli” and in late May Nasser announced the straits would be closed to Israeli vessels.
Egypt then mobilised its forces along its border with Israel, and on 5 June Israel launched what it claimed were a series of preemptive
airstrikes against Egyptian airfields. Claims and counterclaims relating to this series of events are one of a number of controversies
relating to the conflict.

Question P(True) Sem. Ent. Loop. Lens VI LI INSIDE NEAR

When was the Six-Day War fought? 1.45 2.41 1.98 0.59 2.92 3.94 8.90



Table 14: Example involving an educational robot. The top block is the narrative context; the lower block compares methods
for the question “how many articles were read?” The low NEAR score reflects poor contextual grounding, suggesting likely
hallucination.

Context

Robots are smart. With their computer brains, they help people work in dangerous places or do difficult jobs. Some robots do regular jobs.
Bobby, the robot mail carrier, brings mail to a large office building in Washington, D.C. He is one of 250 robot mail carriers in the United
States. Mr. Leachim, who weighs two hundred pounds and is six feet tall, has some advantages as a teacher. One is that he does not forget
details. He knows each child’s name, their parents’ names, and what each child knows and needs to know. In addition, he knows each
child’s pets and hobbies. Mr. Leachim does not make mistakes. Each child goes and tells him his or her name, then dials an identification
number. His computer brain puts the child’s voice and number together. He identifies the child with no mistakes.

Another advantage is that Mr. Leachim is flexible. If the children need more time to do their lessons they can move switches. In this way
they can repeat Mr. Leachim’s lesson over and over again. When the children do a good job, he tells them something interesting about
their hobbies. At the end of the lesson the children switch Mr. Leachim off.

Question P(True) Sem. Ent. Loop. Lens VI LI INSIDE NEAR

how many articles were read? 0.31 0.45 0.37 0.12 0.28 0.62 -0.08

Table 15: Narrative about persistence and opportunity. The top block is the passage context; the lower block compares methods
for the unanswerable question “What was the name of the great author?” Low NEAR aligns with other baselines, reflecting
the absence of relevant information.

Context

“Everything happens for the best,” my mother said whenever I was disappointed. “If you go on, one day something good will happen.”
When I graduated from college, I decided to try for a job in a radio station and then work hard to become a sports announcer. I took a taxi
to Chicago and knocked on the door of every station, but I was turned away every time because I didn’t have any working experience.
Then, I went back home. My father said Montgomery Ward wanted a sportsman to help them. I applied, but I didn’t get the job, either. I
was very disappointed. “Everything happens for the best,” Mom reminded me. Dad let me drive his car to look for jobs. I tried WOC Radio
in Davenport, Iowa. The program director, Peter MacArthur, told me they already had an announcer. His words made me disappointed
again. After leaving his office, I was waiting for the elevator when I heard MacArthur calling after me, “What did you say about sports?
Do you know anything about football?” Then he asked me to broadcast an imaginary game. I did so and Peter told me that I would be
broadcasting Saturday’s game! On my way home, I thought of my mother’s words again: “If you go on, one day something good will
happen.”

Question P(True) Sem. Ent. Loop. Lens VI LI INSIDE NEAR

What was the name of the great author? 0.55 0.68 0.74 0.50 0.74 0.55 0.39

Table 16: Short story about Lisa and her cat Whiskers. The top block is the narrative context; the lower block compares methods
for the unanswerable question “Where was the joint residence?” All methods yield low scores; NEAR correctly reflects the
lack of supporting context.

Context

Lisa has a pet cat named Whiskers. Whiskers is black with a white spot on her chest. Whiskers also has white paws that look like little
white mittens.

Whiskers likes to sleep in the sun on her favorite chair. Whiskers also likes to drink creamy milk.

Lisa is excited because on Saturday, Whiskers turns two years old.

After school on Friday, Lisa rushes to the pet store. She wants to buy Whiskers’ birthday presents. Last year, she gave Whiskers a play
mouse and a blue feather.

For this birthday, Lisa is going to give Whiskers a red ball of yarn and a bowl with a picture of a cat on the side. The picture is of a black
cat. It looks a lot like Whiskers.

Question P(True) Sem. Ent. Loop. Lens VI LI INSIDE NEAR

Where was the joint residence? 0.42 0.51 0.63 0.37 0.59 0.48 0.02



Limitations
While Shapley NEAR provides fine-grained, interpretable
attribution by decomposing usable information across atten-
tion layers and heads, its primary limitation is computational
efficiency. In particular, permutation-based Shapley approx-
imations over sentence orderings are costly; our AME for-
mulation avoids permutations by sampling coalitions and
solving a sparse ℓ1 regression. Nevertheless, AME–NEAR
still requires M coalition evaluations per example (plus a
regression solve), which can be substantial for long contexts
or large model families. Future work could explore more
efficient approximation strategies—e.g., stratified or impor-
tance sampling over coalitions, early stopping based on at-
tribution stability, or differentiable surrogates—to mitigate
these overheads. This section benchmarks NEAR’s runtime
against prior methods and outlines directions for efficiency.

Table 17: Runtime per 100 QA samples (seconds) for hallu-
cination detectors on LLaMA-3.1-8B. AME–NEAR is eval-
uated with varying numbers of sampled coalitions M .

Method Qwen2.5-3B LLaMA-3.1-8B OPT-6.7B Avg Time
Semantic Entropy 2.3 3.1 3.0 2.8
Lookback Lens 3.8 5.0 4.9 4.6
INSIDE 9.2 10.7 9.8 9.9

AME–NEAR (M=50) 22.4 30.6 28.8 27.3
AME–NEAR (M=100) 41.3 58.9 55.0 51.7
AME–NEAR (M=1000) 402.1 537.6 498.2 479.3

Discussion. While accurate, AME–NEAR can run slower
than lightweight baselines because it requires M coalition
evaluations per example (the subsequent ℓ1 solve adds over-
head but is typically secondary), see Table 17. This mo-
tivates adaptive sampling to cut cost—e.g., budget-aware
coalition selection, early stopping when NEAR or co-
efficients stabilize, and importance sampling over coali-
tions—to retain fidelity at lower runtime.


