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Abstract

Post-hoc explanations provide the transparency
and are essential for guiding model optimiza-
tion, such as prompt engineering and data sani-
tation. However, applying model-agnostic tech-
niques to Large Language Models (LLMs) is
hindered by prohibitive computational costs,
rendering these tools dormant for real-world
applications. To revitalize model-agnostic inter-
pretability, we propose a budget-friendly proxy
framework that leverages efficient models to
approximate the decision boundaries of expen-
sive LLMs. We introduce a screen-and-apply
mechanism to statistically verify local align-
ment before deployment. Our empirical evalua-
tion confirms that proxy explanations achieve
over 90% fidelity with only 11% of the oracle’s
cost. Building on this foundation, we demon-
strate the actionable utility of our framework
in prompt compression and poisoned example
removal. Results show that reliable proxy ex-
planations effectively guide optimization, trans-
forming interpretability from a passive obser-
vation tool into a scalable primitive for LLM
development. Additionally, we open-source
code and datasets to facilitate future research1 .

1 Introduction

Post-hoc explanations are not only passive trans-
parency tools, they are also drivers for active model
optimization (Shin et al., 2020; Tenney et al., 2024).
However, the ubiquity of closed-source models like
GPT-4o (Achiam et al., 2023) and Google Gem-
ini (et al., 2024) blocks access to internal represen-
tations. This renders model-agnostic methods the
only viable option, but their reliance on massive
sampling renders them economically impractical

*Corresponding author.
Accepted to ACL 2026 Main Conference.

1The code and datasets are available at
https://github.com/outerform/Large-Model-Explanation-
Benchmark

Figure 1: The dilemma of using model-agnostic expla-
nation methods to optimize expensive LLMs.

for real-world deployment. In this work, we pro-
pose a budget-friendly proxy framework to revital-
ize model-agnostic interpretability for LLM.

Let us consider an example of interpretability-
guided prompt compression as shown in Figure 1.
An LLM user aims to reduce the inference cost
by removing redundant few-shot examples from
a lengthy prompt template. Ideally, feature attri-
bution methods like LIME (Ribeiro et al., 2016)
could identify which examples contribute least to
the model’s predictions. Specifically, generating a
single LIME explanation typically requires query-
ing the target model with thousands of perturbed
samples (e.g., 1,000). Consequently, to evaluate
the effectiveness of each perturbed prompt com-
pression strategy, the user would need to generate
explanations on a validation set of multiple exam-
ples (e.g., 50), leading to an exorbitant number of
model invocations. As detailed in Table 1, querying
GPT-4o for explanations on a small validation set
of 50 examples would require 50, 000 queries cost-
ing upwards of $100. Besides the high cost itself,
this also creates a fundamental utility dilemma: the
upfront cost of generating explanations dwarfs the
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potential savings from the optimization task itself,
effectively keeping these powerful tools dormant.

To address this limitation, we propose a budget-
friendly proxy explanation framework to generate
model-agnostic explanations for expensive LLMs.

Our approach is motivated by the homogeneity
among LLMs (Jiang et al., 2025; Lee et al., 2025).
This indicates that smaller, cost-efficient models
can also potentially have similar local decision
boundaries as their larger counterparts, allowing
us to see the big in the small. Specifically, in-
stead of querying the expensive oracle, we generate
perturbation-based explanations using local, effi-
cient models (e.g., Open-source Qwen (Yang et al.,
2025) or LLama (Dubey et al., 2024) models) as
budget-friendly proxies. Crucially, strictly relying
on small models introduces risks of misalignment.
To ensure reliability, we introduce a screen-and-
apply framework: before applying a proxy explana-
tion, a statistical screening step verifies whether the
proxy model’s local decision boundary aligns with
the target model. This acts as a safety valve, ensur-
ing we only deploy budget-friendly explanations
when they are faithful to the expensive model’s
behavior.

We validate our framework through a compre-
hensive empirical study spanning 12 state-of-the-
art LLMs—ranging from open-source models like
LLaMA 3.1 (Dubey et al., 2024) and DeepSeek
V3 (Liu et al., 2024a) to proprietary giants like
GPT-4o—across seven diverse tasks including the
MMLU benchmark (Hendrycks et al., 2020). The
results confirm that budget-friendly proxies can
serve as faithful surrogates, achieving over 90%
fidelity to oracle explanations while reducing eco-
nomic costs by 88.2%. Building on this founda-
tion, we further demonstrate the actionable util-
ity of our framework on downstream optimiza-
tion tasks: proxy-guided pruning effectively com-
presses prompts for GPT-4o without performance
loss, and proxy explanations accurately identify
poisoned examples without accessing the target
model.

Contributions. The main contributions of this
work are summarized as follows:
• We propose a novel proxy-based framework

to revitalize model-agnostic interpretability for
LLMs. By introducing a statistical screen-and-
apply mechanism, we enable the reliable use of
budget-friendly models to approximate the local
decision boundaries of expensive, closed-source

LLMs.

• We conduct an extensive two-stage evaluation
across 12 state-of-the-art LLMs. Our results
demonstrate that proxy explanations achieve over
90% fidelity with an 88.2% cost reduction, and
also show their actionable utility in downstream
applications. We show that proxy explanations
effectively guide prompt compression and poi-
soned example removal.

• We release XLLM-Bench, a comprehensive
dataset containing perturbation samples and
model outputs collected from our study, serving
as a foundation for future research on efficient
LLM interpretability.

2 Background and Related Work

In this section, we review the background of model-
agnostic interpretability and discuss existing limita-
tions that hinder its application for LLM optimiza-
tion.

2.1 Large Language Models and Their
Homogeneity

We consider a large language model (LLM) as
a probabilistic function f that maps an input se-
quence of tokens x = [x1, x2, . . . , xn] to a proba-
bility distribution over the vocabulary V , denoted
as f(x) ∈ R|V|. While LLM architectures vary,
recent research reveals the homogeneity among
state-of-the-art LLMs (Jiang et al., 2025; Lee et al.,
2025; Zhou et al., 2024; Wright et al., 2025), i.e.
different LLMs are obtained to behave similarly on
similar inputs in many scenarios. This observation
motivated our methodology.

2.2 Model-Agnostic Explanations

A local model-agnostic explanation technique t
takes a predictive model f and an instance x as
input, returning an attribution vector a ∈ Rn that
quantifies the contribution of each input token to
the prediction f(x). Representative methods like
LIME (Ribeiro et al., 2016), SHAP (Lundberg and
Lee, 2017), and their variants (Paes et al., 2024;
Enouen et al., 2024; Luss et al., 2024; Hackmann
et al., 2024; Liu and Zhang, 2025; Liu et al., 2024b,
2026; Yu et al., 2026) estimate these attributions by
querying f with a large set of perturbed samples
Z = {z1, . . . ,zk} sampled from the local neigh-
borhood of x.

While effective, Generating a single reliable ex-
planation typically requires thousands of queries.
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Figure 2: The workflow for leveraging proxy explanations from budget-friendly models to reduce the cost of
explaining expensive LLMs.

For API-based models like GPT-4o, the accumu-
lated cost of these queries renders standard appli-
cation economically prohibitive.

Several studies have also focused on reducing
the cost of generating post-hoc model-agnostic ex-
planations. As surveyed by Chuang et al. (2023a),
some methods amortize explanation generation
across inputs by training a unified explainer to
approximate the distribution of model explana-
tions (Covert et al., 2024; Jethani et al., 2022;
Chuang et al., 2023b; Chen et al., 2018a). Other
approaches remain non-amortized and generate ex-
planations on a per-instance basis, but aim to im-
prove efficiency through various strategies. These
include reducing the number of features in the ex-
planation (Chen et al., 2018b; Yoon et al., 2019;
Wang et al., 2022; Jullum et al., 2021), optimizing
the perturbation process (Mitchell et al., 2022; Dan-
dolo et al., 2023), or leveraging global dataset-level
information (Yu et al., 2025). These methods are
orthogonal to our approach and can be integrated
with it to further reduce the cost of explanation
generation.

Desiderata of Explanations Fidelity and under-
standability are two key desiderata for local expla-
nations aimed at end-users (Dwivedi et al., 2023;
Zhang et al., 2021; Rojat et al., 2021; Mahto, 2025).

On one hand, explanations should faithfully re-
flect the model’s decision-making process. High
fidelity indicates that the explanation accurately
captures how the model arrives at its predictions.
On the other hand, explanations should be under-
standable—that is, they should be presented in a
form that humans can easily interpret.

In this paper, we conduct our empirical studies
using attribution-based techniques, which produce
simple and understandable forms of explanation.
Therefore, we focus our evaluation on the fidelity
of proxy explanations generated by budget-friendly
models.

2.3 Explanations for Prompt Optimization

Beyond transparency, post-hoc explanations are in-
creasingly recognized as powerful drivers for active
model optimization, such as prompt debugging or
compression.

Some works have explored how explanations
can help optimize LLMs. However, existing works
either use white-box explanations that require ac-
cess to model internal representation (Tenney et al.,
2024; Shin et al., 2020), or only focus on specific
task or model settings (Zhao et al., 2025; Jiang
et al., 2023). This limits their applicability in real-
world scenarios.

In contrast, our method uses proxy model-
agnostic explanations as a general and scalable tool
to optimize LLMs in a budget-friendly manner.

3 Proxy Explanation Framework

In this section, we introduce the proxy explana-
tions framework. Our approach is movtivated by
the Homogeneity among LLMs as discussed in 2.1.
While the Homogeneity holds generally, it is not
guaranteed for every instance. Blindly applying
them introduces risks of misalignment. Thus, we
propose a screen-and-apply framework consisting
of two key steps: (1) a screening step to determine
if proxy explanations can be reliably used for cur-
rent tasks or instances, and (2) applying the proxy
explanations to generate faithful explanations for
the target expensive LLMs.

3.1 Screening Step

We use a two-stage screening to ensure proxy ex-
planations from a budget-friendly model f ′ are re-
liable for an expensive LLM f on a task or dataset
with input set D using a local technique t. For
simplicity, we treat both models as deterministic
functions mapping an input x to a prediction f(x)
or f ′(x). Specifically, the screening procedure in-
cludes: an offline task-level screening and an online
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instance-level screening. 1) The task-level screen-
ing is performed once per task. It assesses whether
f ′ can provide sufficiently faithful proxy explana-
tions for f over the entire input set D, offering a
task-level fidelity assessment. 2) The instance-level
screening is a lightweight runtime check applied to
each input x. It verifies whether f ′ and f agree on
the prediction for x.

Task-Level Screening (Offline) Given a tar-
get LLM f , a dataset or task with input set D,
and an explanation technique t, we run task-level
screening once to ensure that proxy explanations
from a budget-friendly model f ′ are on average
sufficiently faithful. Specifically, we perform sta-
tistical hypothesis testing to check whether the
proxy explanations from f ′ achieve at least a frac-
tion τ of the fidelity of oracle explanations from
f , with confidence level 1 − δ. Formally, we
define the task-level screening decision as a bi-
nary function:sτ,δtask(D; f, f

′) ∈ {0, 1}. To keep
consistent with the instance-level screening, we
only consider inputs on which f and f ′ agree:
D′ = {x ∈ D : f(x) = f ′(x)}, from which we
draw samples via rejection sampling. Let qproxy(x)
and qoracle(x) denote the (per-instance) fidelities on
D′ of proxy and oracle explanations, respectively
(as defined in Section 4.2). We conduct a sequential
one-sided paired t-test on the paired differences

di = qproxy(xi) − τ qoracle(xi), i = 1, . . . , n,

and test

H0 : µd < 0 vs. H1 : µd ≥ 0,

where µd = E[di] is the population mean differ-
ence on D′. At step n we update the sample mean
and variance of the paired differences,

d̄ =
1

n

n∑
i=1

di, s2d =
1

n− 1

n∑
i=1

(di − d̄)2.

After each new paired sample, we compute a (1−δ)
confidence interval for µd = qproxy − τ qoracle as(

d̄− tν, 1−δ/2
sd√
n
, d̄+ tν, 1−δ/2

sd√
n

)
,

where tν, 1−δ/2 is the 1 − δ/2 quantile of the t-
distribution with ν = n− 1 degrees of freedom.

If the entire interval lies above zero, we accept
H1; if it lies entirely below zero, we accept H0.
Otherwise, we continue sampling until a confident

decision is reached or a maximum sample size N
is exhausted. Finally, if H1 is accepted, we set
sτ,δtask(f

′; f,D) = 1, indicating that proxy explana-
tions from f ′ are sufficiently faithful on average
for D; otherwise, we set sτ,δtask(f

′; f,D) = 0.
Instance-Level Screening (Online) If f ′ passes

the task-level screening, we apply an instance-level
check for each input x to filter out cases where the
two models disagree. For a given x, the instance-
level screening function is

sinst(x; f, f
′) = 1

[
f(x) = f ′(x)

]
.

The rationale is twofold: (1) local explanations
are designed for the model’s current prediction, so
proxy explanations are appropriate only when the
two models agree; and (2) disagreement suggests
different local decision behavior around x, making
proxy explanations more likely to be unfaithful.

3.2 Applying Proxy Explanations

If the budget-friendly model f ′ passes the task-
level screening, and the input instance x passes
the instance-level screening, our framework will
apply the proxy explanations from f ′, i.e., t(f ′,x),
to explain the behavior of the expensive LLM f
around x.

For more details, please refer to Appendix C.

4 Fidelity Evaluation

In this section, we first introduce the experimen-
tal setup used in our empirical studies, and then
present and analyze results to answer the following
research questions:
1. Cost Reduction: To what extent can the pro-

posed proxy explanation framework reduce the
cost of generating explanations for expensive
LLMs? This is the primary focus of our study.

2. Screening Reliability: How reliable is the
screening step in our framework? This checks if
the screening step is necessary and sufficient to
ensure the fidelity of proxy explanations.

3. Proxy Explanation Generalizability: Does
the transferability of explanations across mod-
els hold consistently across different tasks and
datasets? This aspect is crucial for demonstrat-
ing the generalizability and applicability of our
method.
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Table 1: Common LLM Official API pricing (USD
per million tokens). Specifically, Qwen 2.5 models with
0.5B and 1.5B parameters can be accessed from Alibaba
(https://www.aliyun.com/) for free, and all open-source
models with 8B or fewer parameters can be run locally
on a single consumer-grade GPU.

Model Provider Input Output Open-source

GPT-4o OpenAI $2.50 $10.00 No
GPT-4o Mini OpenAI $0.15 $0.60 No
DeepSeek V3 DeepSeek $0.27 $1.10 Yes
Qwen 2.5 0.5B Alibaba – – Yes
Qwen 2.5 1.5B Alibaba – – Yes
Qwen 2.5 3B Alibaba $0.04 $0.12 Yes
Qwen 2.5 7B Alibaba $0.07 $0.14 Yes
Qwen 2.5 14B Alibaba $0.14 $0.41 Yes
Qwen 2.5 32B Alibaba $0.28 $0.83 Yes
Qwen 2.5 72B Alibaba $0.56 $1.67 Yes
LLaMA 3.1 8B Meta $0.18 $0.18 Yes
LLaMA 3.1 70B Meta $0.88 $0.88 Yes

4.1 Experimental Setup

4.1.1 Target Models and Explanation
Techniques

We conducted our experiments on 12 popular gen-
erative language models, including two from the
GPT-4o series, DeepSeek V3, seven Qwen 2.5 mod-
els, and two Llama 3.1 models, as listed in Table 1.
We accessed GPT-4o series and DeepSeek V3 via
their official APIs, while running the other models
locally.

The models were selected based on their pop-
ularity, as well as diversity in architecture, size,
and pricing. They cover both dense and Mixture-
of-Experts (MoE) architectures, parameter counts
ranging from 0.5 billion (Qwen2.5-0.5B) to 685
billion (DeepSeek V3). Their associated costs
vary significantly: GPT-4o is the most expensive
at $2.50 per million input tokens and $10.00 per
million output tokens, while Qwen2.5-0.5B is the
most affordable, whose official APIs are currently
free and can also be deployed locally on a single
consumer-grade GPU with minimal computational
costs.

We use two representative attribution-based ex-
planation techniques: LIME (Ribeiro et al., 2016)
and Kernel SHAP (Lundberg and Lee, 2017), to
generate local explanations. For both methods, we
set the number of perturbation samples to 1,000
and use default values for all other hyperparame-
ters. When applying our proxy explanation frame-
work, we set the dataset-level screening threshold
τ = 0.9 and confidence level 1 − δ = 0.99, and
a maximum sample size N = 50. We also con-

ducted sensitivity analysis on hyperparameters in
Appendix E.

4.1.2 Tasks and Datasets
We evaluate our approach on three representative
tasks: sentiment analysis, multiple-choice question
answering, and text generation, where sentiment
analysis is a classic task in studying model explana-
tions, multiple-choice question answering is a com-
mon benchmark for evaluating the performance of
LLMs, and text generation is a widely used task of
LLMs beyond classification. Considering the bud-
get limitation, we select one dataset from each task
to analyze the effectiveness of using proxy expla-
nations. Besides, we conduct our experiments on
another three datasets to further validate whether
the croess-model explanation transferability holds
across different datasets.

Sentiment Analysis We use the Stanford Sen-
timent Treebank (SST) dataset (Socher et al.,
2013) for classification. Following the standard
train/validation/test split, we generate explanations
for all 2,210 sentences in the test set. The target
model is prompted in a zero-shot setting to pre-
dict whether the sentiment of a given sentence is
positive or negative.

Multiple-Choice Question Answering We use
the MMLU dataset (Hendrycks et al., 2020), which
contains 57,000 questions spanning 57 topics. We
select 5 topics for evaluation: high school chem-
istry, high school physics, microeconomics, world
history, and computer science. For each topic, we
use the questions in the validation set as the in con-
text examples and the questions in the test set as
the target questions. We generate explanations for
all 1321 questions in the test set.

Text Generation We use the Google Natural
Questions (NQ) dataset (Kwiatkowski et al., 2019)
for text generation. We randomly select 200 ques-
tions from the validation set and generate short
answers using the target models. To apply LIME
and Kernel SHAP, we follow prior work (Luss
et al., 2024; Hackmann et al., 2024; Liu and Zhang,
2025; Paes et al., 2024) in using a scoring function
fs : X → R that maps the generated sequence to a
scalar score, effectively framing the text generation
task as a regression problem. In our experiments,
we use all-MiniLM-L6-v2 (Wang et al., 2020)
from the Sentence-Transformers library (Reimers
and Gurevych, 2019) as the scoring function. This
pre-trained sentence transformer encodes each gen-
erated answer into a semantic embedding vector,
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Table 2: Cost Reduction Ratios (CRR) achieved by
using the proxy explanation framework to explain ex-
pensive LLMs with LIME and Kernel SHAP. Here,
CRRmean and CRRmax denote the average and maximum
CRR obtained from screened budget-friendly models
with API access. CRRlocal also denotes the maximum
CRR, but we run all budget-friendly models locally, thus
further reducing the cost.

LIME Kernel SHAP

Target Model CRR SST MMLU NQ SST MMLU NQ

GPT-4o
mean 8.74 3.41 5.70 8.90 3.41 7.29
max 10.33 4.84 7.41 10.33 4.84 8.20
local 14.17 5.62 10.53 14.17 5.62 11.11

GPT-4o mini
mean 2.50 1.83 3.65 1.97 1.96 3.43
max 3.08 2.88 6.67 3.10 3.19 6.67
local 13.15 4.98 6.67 14.44 5.78 10.53

DeepSeek V3
mean 3.06 2.15 2.40 3.88 2.27 3.85
max 4.60 3.05 4.17 6.33 3.16 7.41
local 13.31 5.32 8.33 13.64 6.10 8.33

Qwen 2.5 14B
mean 2.39 1.82 2.72 1.85 1.90 3.49
max 2.90 2.99 6.06 2.89 3.20 6.25
local 17.13 5.64 11.76 17.13 6.10 11.76

Qwen 2.5 32B
mean 3.18 2.06 3.74 3.19 2.16 3.86
max 4.77 3.15 6.06 4.77 3.05 6.06
local 15.24 5.30 9.09 15.24 5.31 9.09

Qwen 2.5 72B
mean 5.10 2.47 3.97 5.05 2.76 5.13
max 7.04 3.40 6.25 6.91 3.66 7.14
local 16.25 6.07 9.09 16.25 6.31 10.53

Llama 3.1 70B
mean 5.32 2.92 3.72 6.14 2.93 4.92
max 6.74 3.96 5.13 8.02 3.96 6.67
local 10.33 5.77 6.90 17.13 5.77 10.00

and we use the cosine similarity between the sam-
ple outputs and target outputs as the final scalar
score.

4.2 Fidelity Metrics

LIME and Kernel SHAP construct a local surro-
gate model to approximate the target model’s be-
havior. Following Balagopalan et al. (2022); Yeh
et al. (2019); Ismail et al. (2021), given a target
model f , an input x, a surrogate explanation model
g, a neighborhood distribution D(x), and a perfor-
mance metric L (e.g., accuracy, AUROC, or mean
squared error (MSE)), the (in)fidelity is defined
as: Ez∼D(x)L(f(z), g(z)). In our experiments,
we use accuracy as the performance metric L.

4.3 Evaluation Results

4.3.1 RQ1: Cost Reduction of Explaining
Expensive LLMs

We use Cost Reduction Ratio (CRR) to measure the
cost reduction achieved by our proxy explanation
framework compared to directly generating expla-
nations from expensive LLMs. Specifically, when
explaining an expensive LLM f with a budget-

Table 3: Screening recall, precision, and F1-score of the
Proxy Explanation Framework.

Method LIME Kernel SHAP

Datasets SST MMLU NQ SST MMLU NQ

Precision (%) 100.0 99.4 94.1 100.0 100.0 100.0
Recall (%) 80.2 77.6 76.1 96.3 97.2 96.2
F1-score (%) 89.0 87.2 84.2 98.1 98.5 98.0

friendly model f ′ on input set D that passes the
task-level screening step, we define the CRR as:

CRR =
Coracle

Cproxy + Cfallback + Cscreen

where

Coracle =
∑

x∈D Cost(f,x),

Cproxy =
∑

x∈D Cost(f ′,x) · sinst(x; f, f
′),

Cfallback =
∑

x∈D Cost(f,x) · (1−sinst(x; f, f
′)),

Cscreen = Costscreen(f, f
′,D),

where Cost(f,x) denotes the cost of generating ex-
planations for model f , s(x; f, f ′) is the instance-
level screening function defined in Section 3, and
Costscreen(f, f

′,D) is the cost of performing task-
level screening on dataset D. Here, we split the
models into two groups based on their costs: all
models that can be run locally on a single consumer-
grade GPU are considered budget-friendly models,
while the rest are classified as target expensive mod-
els.

Table 2 shows the CRR achieved by using our
proxy explanation framework to explain expensive
LLMs with LIME and Kernel SHAP. We can see
that for each expensive model, the use of a budget-
friendly proxy model significantly reduces the cost
of generating explanations. Especially for the most
expensive model GPT-4o, using proxy explanations
from budget-friendly models can save at most 88%
of the cost across all these tasks.

4.3.2 RQ2: Reliability of Screening Step
Our task-level screening verifies whether proxy ex-
planations from a budget-friendly model f ′ can,
on the input set D, achieve fidelity comparable to
the oracle explanations generated directly from f .
For each task, we validate the reliability of the
screening step by checking if the screening results
align with the actual fidelity of proxy explanations.
Since the screening decision is a binary classifica-
tion problem, we assess its reliability using stan-
dard classification metrics: Precision, Recall, and
F1-score.
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Figure 3: Accuracy of proxy LIME explanations on
SST, MMLU, and Natural Questions datasets.

Figure 4: Accuracy of proxy LIME explanations on
Large Movie Review, Fake News, and Web Question
datasets.

Table 3 shows that our task-level screening step
achieves 98.9% precision on average, which means
that the screening is sufficient to ensure the fidelity
of proxy explanations. For the rare false positives,
the realized proxy fidelity still exceeds 89% of the
oracle on average, suggesting that even misclassi-
fications remain reasonably faithful. On the other
hand, although recall is lower, the results of RQ1
demonstrate that for each expensive model there ex-
ists at least one budget-friendly model that passes
the screening. Given that budget-friendly models
are inexpensive to run, users can screen multiple
candidates in parallel to reliably identify a suitable
proxy model.

4.3.3 RQ3: Generalizability of Proxy
Explanations

To validate if the cross model explanation trans-
ferability holds across different tasks and datasets,
we conduct experiments on the datasets described
in Section 4.1 and three additional datasets:
Large Movie Review (Maas et al., 2011), Fake
News (Pérez-Rosas et al., 2018), and Web Ques-
tion (Berant et al., 2013) for text generation. Over-
all, we observe that the findings from the three
main datasets generally hold across these addi-
tional datasets, demonstrating the generalizabil-
ity of our proxy explanation framework. Due to
space limitations, we only show the results of cross-
model proxy explanation fidelity between GPT-4o,
Qwen2.5-7B, and Qwen2.5-14B on the six tasks
in Figure 3 and 4. For GPT-4o, Qwen 7B and 14B
can both achieve over 90% fidelity compared to the
oracle explanations.

For more detailed results and analysis, please

refer to Appendix F.

5 Actionable Utility Evaluation

Having established the statistical fidelity of proxy
explanations in the previous section, we now eval-
uate the actionable utility of our framework in
real-world optimization scenarios. We focus on
In-Context Learning (ICL) settings, where the
quality of the input prompt directly dictates model
performance. In this context, explanations serve
not only as passive observations, but also as active
signals to diagnose redundancy or identify mali-
cious patterns.

Specifically, we use proxy explanations gener-
ated from budget-friendly models that have passed
the screening step, to guide two distinct optimiza-
tion tasks, and compare their effectiveness against
baselines including using oracle explanations and
other state-of-the-art methods. We demonstrate this
utility across two distinct tasks: (1) Prompt Com-
pression (Efficiency); and (2) Poisoned Example
Removal (Safety).

5.1 Task 1: Prompt Compression
Prompt compression aims to help users save costs
by reducing the number of examples in the prompt
while maintaining the model’s performance.

Experiment Setup We use explanations to
compress the ICL examples in using GPT-
4o to answer questions from five subjects
of in MMLU (Hendrycks et al., 2020), Hel-
laSwag (Zellers et al., 2019), GSM8K (Cobbe et al.,
2021), and PIQA (Bisk et al., 2019) datasets. We
compress the prompt by removing the least impor-
tant examples based on KSHAP explanations. Con-
cretely, we define the prompt compression task as
follows: Given a set of examples S, an explanation
g that attributes the importance of each example,
we iteratively remove the least important examples
based on g. The goal is to remove as many ex-
amples as possible while ensuring that GPT-4o’s
performance keep above a certain threshold τ com-
pared to using all examples (we set τ = 0.9). We
use the compression ratio as the metric, which is
defined as CompressionRatio(g) = 1− |Sτ

g |
|S| , where

Sτ
g is the set of examples retained after applying

the explanation g and ensuring the model’s perfor-
mance remains above the threshold τ . A higher
compression ratio indicates a more effective ex-
planation. We verify if the proxy explanations
from a budget-friendly model of Qwen 2.5 series
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Table 4: Comparison of compression ratios (%) using oracle explanations, proxy explanations, random deletions
and other baselines for in-context learning prompt compression across various tasks.

Task MMLU-Chem. MMLU-CS MMLU-Micro. MMLU-Psy. MMLU-WH HellaSwag GSM8K PIQA

Random 29.0 35.6 59.8 61.0 43.4 58.8 25.3 54.3
AttnComp 34.5 39.1 63.2 66.5 47.1 64.3 30.2 60.2
LLMLingua 38.7 38.3 62.5 66.1 46.3 62.7 28.9 58.7
Proxy Exp. 41.0 43.0 67.6 69.8 52.0 70.1 35.5 64.5
Oracle Exp. 49.2 50.2 72.8 72.8 57.0 75.5 37.2 69.2

Table 5: Comparison of accuracy (%) of GPT-4o after
using different methods to remove poisoned examples.

Task Oracle Exp. Proxy Exp. Random deletion

SST 94.2 94.0 87.1
HellaSwag 93.7 93.5 88.4
PIQA 91.5 90.7 79.6

can achieve similar performance as oracle expla-
nations from GPT-4o. Additionally, we also com-
pare the performance of proxy explanations with a
random deletion baseline, and two state-of-the-art
prompt compression methods, AttnComp (Zhao
et al., 2025) and LLMLingua (Jiang et al., 2023).

For each dataset, we repeat the experiment 15
times with different ICL examples and test ques-
tions.

Evaluation Results Table 4 shows the results.
Proxy explanations achieve performance compara-
ble to the oracle explanations from GPT-4o, reach-
ing an average of 91.7% of the oracle’s perfor-
mance. Moreover, they outperform random dele-
tions and two state-of-the-art prompt compression
methods.

5.2 Task 2: Poisoned Examples Removal

ICL is useful, while poisoning examples can lead to
suboptimal performance (Ranjan et al., 2023). Out-
lier removal focuses on identifying and removing
examples that may negatively impact the model’s
performance, thereby improving the overall quality
of the prompt.

Experiment Setup We use GPT-4o to perform
sentiment analysis on the SST-2 dataset (Socher
et al., 2013) as our target task. We use ICLPoi-
son (He et al., 2025) to add poisoning examples to
the original dataset, until the accuracy of GPT-4o
drops to lower than 80%, and then use explanations
to identify and remove these outliers. We follow
the explanation to remove all negatively attributed
examples, and evaluate the model’s performance

after removal. We compare the performance using
oracle explanations from GPT-4o and proxy expla-
nations generated by our methods, along with a
random deletion baseline.

Evaluation Results Table 5 shows the results.
After removing the poisoned examples based on
explanations, the accuracy of GPT-4o recovers sig-
nificantly, and proxy explanations achieve com-
parable performance to oracle explanations, both
significantly outperforming random deletion.

6 Conclusion

In this paper, we introduced a screen-and-apply
proxy explanation framework that leverages budget-
friendly models to generate proxy explanations for
LLMs, reducing the cost of local model-agnostic
explanations and enabling their practical use. We
demonstrated the effectiveness of our approach
through extensive experiments across various tasks
and models. The results indicate that our proxy
explanations maintain a high level of fidelity com-
pared to oracle explanations while significantly re-
ducing the cost by 88.2%. We also show that our
proxy explanations can enhance the performance
of expensive LLMs in few-shot learning scenarios.

Limitations

Our work focuses on perturbation-based feature
attribution for black-box LLMs. While our Screen-
and-Apply mechanism ensures reliability, we ac-
knowledge that in scenarios requiring extreme rea-
soning capabilities (e.g., complex symbolic logic),
the alignment between small proxies and large ora-
cles may weaken. In such cases, our framework pri-
oritizes safety by falling back to the oracle, which
guarantees fidelity but may reduce the magnitude
of cost savings. To mitigate this, a potential direc-
tion is to align proxy models with oracles through
lightweight fine-tuning. We leave this exploration
to future work.
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A The Use of Large Language Models

We use LLMs to refine and polish human writing,
and find related work with DeepResearch. We do
not use LLMs to generate the main content or ideas
of this paper.

B Datasets

To reduce the cost of future research on black-box
explanation generation for LLMs, improve accessi-
bility, and facilitate reproducibility, we have open-
sourced the datasets used in our experiments. In
particular, since querying LLMs for perturbed sam-
ples is the most computationally expensive part of
the process, we provide the model outputs for all
perturbed samples used in our experiments. For
LIME, perturbations are generated following the
original implementation,2 and for Kernel SHAP,
we use the implementation provided by the Cap-
tum library.3 We generate 1000 perturbed samples
for each input instance explained.

As mentioned in Section 1, the datasets cover six
tasks: five representative subjects from the MMLU
benchmark—High School Chemistry, High School
Computer Science, High School Microeconomics,
High School Psychology, and High School World
History—and the SST-2 sentiment classification
dataset. For each perturbed sample, we collect the
model output logits of the first predicted token.

Additionally, as described in Section 4.1, we
select 200 questions from the Natural Questions
dataset for the text generation task. We release
both the model outputs for each perturbed sample
of these questions for reproducibility.

As we create the datasets with public datasets
and publicly accessible models, there are no ethical
or legal issues involved in releasing these datasets.

C Proxy Explanation Framework Details

As most budget-friendly models can be run locally,
we can perform the task-level screening for mul-
tiple budget-friendly models at the same time, as
shown in Algorithm 1.

To avoid redundant oracle queries, we introduce
a shared buffer that stores each input and the corre-
sponding output from the target model f . Formally,
we construct

B = {(x, f(x)) : x ∈ D}.
2https://github.com/marcotcr/lime
3https://captum.ai/api/kernel_shap.html

This buffer is built once and reused across all can-
didate proxy models {f ′

1, . . . , f
′
m}.

When each time calculating the fidelity, if the
output of x and its neighborhood are already in
the buffer B, we can directly use the cached values.
This avoids redundant calls to the target model f
and speeds up the screening process.

D Experimental Setup Details

D.1 Models
D.1.1 Deployment
We run Qwen2.5 and Llama3.1 models locally on a
machine with total 576 GiB VRAM, while GPT-4o
and DeepSeekV3 models are accessed via their of-
ficial APIs. When locally running the models, we
use the default version without additionally quanti-
zation or distillation.

D.2 Sentiment Analysis
We perform sentiment analysis using LLMs in a
zero-shot setting, where the model is prompted to
classify the sentiment of a given sentence as either
"positive" or "negative." The sentiment classifica-
tion task is defined in the system prompt, while
the specific sentence to be classified is provided in
the user input. The following prompt templates are
used:

system_prompt:

From now on, you should act as a
sentiment analysis neural
network.
You should classify the
sentiment of a sentence into
positive or negative.
The input sentence may be empty.
In each task, you will be given
the sentences to be classified,
which end with #####, and then
you should reply the sentiment
of the sentence by positive or
negative.

user_prompt:

Perform the following task, your
answer should only be positive
or negative:
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Figure 5: The recommended few-shot template provided
by OpenAI.

Sentence:
{input_sentence}
#####

Sentiment:

To obtain the class probabilities, we use the
probabilities of the first output token. Specifically,
we extract the logits corresponding to the tokens
"positive" and "negative" from the model out-
put and apply the softmax function to compute the
probability distribution over the two classes. For
local models, we directly obtain the logits and com-
pute the softmax. For GPT-4o and DeepSeekV3,
we use their official APIs with the temperature set
to 1, retrieve the log probabilities of the target to-
kens, and then apply the softmax function to obtain
normalized probabilities.

D.2.1 Multiple-Choice Question Answering
We perform multiple-choice question answering
using LLMs with few-shot prompting, where the
model is provided with all examples from the devel-
opment set using the in-context learning template
recommended by OpenAI,4 as illustrated in Fig-
ure 5. We follow the official instructions provided
in OpenAI Evals.5

The prompt template is as follows:

System: The following are
multiple choice questions (with
answers) about {subject}.
User: {example question 1}
Assistant: {example answer 1}
...
User: {question to be answered}

4https://platform.openai.com/
docs/guides/prompt-engineering/
six-strategies-for-getting-better-results#
tactic-provide-examples

5https://github.com/openai/evals/blob/main/
examples/mmlu.ipynb

To obtain the class probabilities, we use sim-
ilar logit extraction methods as in the sentiment
analysis task. Specifically, we extract the logits cor-
responding to the tokens "A", "B", "C", and "D"
from the model output and apply the softmax func-
tion to compute the probability distribution over
the four classes.

D.2.2 Text Generation

As mentioned in Section 4.1, we treat this task as
a regression problem by using a scoring function
to evaluate the generated text. When generating
text with LLMs, we set the temperature to 1e-5 or
set do_sample = False to ensure deterministic
outputs. We limit the maximum number of gener-
ated tokens to 20 and prompt the model to generate
short answers, in line with the short-answer format
of the Natural Questions dataset. Specifically, we
use the following prompt template:

[
{"role": "system", "content":
"You are a helpful assistant.
Answer the question briefly,
within 10 words. You will be
penalized for overly long answers."
},

{"role": "user",
"content": "{Question}"}

]

E Hyperparameter Study

We study the impact of hyperparameters used in
our experiments. Since we have chosen commonly
used values for τ and δ in statistical testing, we pri-
marily investigate the impact of the maximum sam-
ple size on the effectiveness of task-level screening.

Figure 6 shows the results of task-level screening
on the SST dataset with different maximum sam-
ple sizes N . We observe that as N increases, the
recall of task-level screening also increases, while
the precision remains consistently high. As we
have demonstrated in Section 4, for each expen-
sive LLM, we can find at least one budget-friendly
model that passes the task-level screening, indicat-
ing the setting of N does not significantly affect
the overall effectiveness of our framework.
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LIME-SST SHAP-SST

Figure 6: Impact of maximum sample size N on task-level screening results of proxy explanations on the SST
dataset.

F RQ3: Generalizability of Proxy
Explanation Details

In this section, we further analysis the evaluation
results.

F.1 Sentiment Analysis

Table 6 and 7 provides the corresponding detailed
results, including 95% confidence intervals.

F.2 Multiple-Choice Question Answering

We have provided overall fidelity results in Figure 7
and 8, and we provide also the explanation fidelity
results of Kernel SHAP in Figure 8, and on each
subject in Figure 9 and Figure 10.

We can see the observation we find in section 4
also holds for Kernel SHAP and each subject, i.e.,
filtering out examples where the budget-friendly
and expensive models produce different predictions
for the same input can significantly improve the fi-
delity of proxy explanations. Additionally, we also
provide the detailed results with 95% confidence
intervals in Table table 8, 9, 10, 11, 12, 13, 14, 15,
16, 17, 18, 19, 20, 22, 23, 24, 25, 26, 27, and 28.

Another notable observation is the fidelity of
oracle explanations also differ in different sub-
jects. For high school microeconomics, high
school psychology, and high school world
history, the oracle LIME explanations generated
by the model all achieve a fidelity higher than 90%,
while for high school computer science, high
school chemistry, and high school physics,
the fidelity is relative lower. The subjects with
higher fidelity are all related to social sciences,
while the subjects with lower fidelity are all related
to natural sciences. This may be due to the fact that
social science questions often have more diverse

and complex answer options, leading performace
differences between models.

G Licenses of Used Artifacts

We list the licenses of all the major artifacts used
in our work as follows:

• LIME: MIT License

• SHAP: MIT License

• MMLU dataset: MIT License

• SST-2 dataset: CC0: Public Domain

• Natural Questions dataset: Apache License
2.0

• Qwen2.5 models: Apache License 2.0

• Llama3.1 models: llama 3.1 license

• DeepSeekV3 model: MIT License

• Large Movie Review Dataset: CC0 Public
Domain

• Web Questions: CC0 Public Domain

• HellaSwag: CC0 Public Domain

• GSM8K: MIT License

We use all these artifacts consistent with their in-
tended use and in compliance with their respective
licenses.

H Resource Usage

We conducted all experiments on some servers with
GPUs that each have 80GB VRAM. The total GPU
hours used is around 3000 GPU hours. The total
cost of using GPT-4o and DeepSeekV3 APIs is
around 20000 USD.
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Proxy LIME Accuracy Proxy Kernel SHAP Accuracy

Figure 7: Accuracy of LIME proxy explanations on the multiple-choice question answering task. Each cell shows
how well explanations generated by the model on the y-axis serve as surrogates for predicting the behavior of the
model on the x-axis. The heatmap on the right shows results after filtering out examples where the budget-friendly
and expensive models produce different predictions for the input.

Proxy Kernel SHAP Accuracy Proxy Kernel SHAP Accuracy (filtered)

Figure 8: Accuracy of Kernel SHAP proxy explanations on the multiple-choice question answering task. Each
cell shows how well explanations generated by the model on the y-axis serve as surrogates for predicting the
behavior of the model on the x-axis. The heatmap on the right shows results after filtering out examples where the
budget-friendly and expensive models produce different predictions for the input.
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Proxy LIME Accuracy Proxy LIME Accuracy (filtered)
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Figure 9: Accuracy of LIME proxy explanations on the multiple-choice question answering task on each subject.
Each cell shows how well explanations generated by the model on the y-axis serve as surrogates for predicting the
behavior of the model on the x-axis. The heatmap on the right shows results after filtering out examples where the
budget-friendly and expensive models produce different predictions for the input.
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Proxy Kerenl SHAP Accuracy Proxy Kerenl SHAP Accuracy (filtered)
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Figure 10: Accuracy of Kernel SHAP proxy explanations on the multiple-choice question answering task on each
subject. Each cell shows how well explanations generated by the model on the y-axis serve as surrogates for
predicting the behavior of the model on the x-axis. The heatmap on the right shows results after filtering out
examples where the budget-friendly and expensive models produce different predictions for the input.
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Algorithm 1: Task-level Screening for Mul-
tiple Proxy Models
Input: Target model f ; candidate proxy

models {f ′
1, . . . , f

′
m}; dataset D;

explanation technique t; fidelity
threshold τ ; confidence level 1− δ;
maximum sample size N .

Output: Screening decisions
{sτ,δtask(f

′
j ; f,D)}mj=1.

foreach proxy model f ′
j do

Initialize n← 0, paired difference set
Dj ← ∅;

Define D′
j = {x ∈ D : f(x) = f ′

j(x)};
while decision not reached and n < N

do
Sample xi from D′

j via rejection
sampling;

Compute fidelities qproxy(xi) and
qoracle(xi) with Buffer B and
update B;

Form difference
di = qproxy(xi)− τ qoracle(xi);

Update d̂j and variance s2d,j ;
Construct (1− δ) confidence
interval for µd;

if interval > 0 then
Accept H1; set
sτ,δtask(f

′
j ; f,D) = 1;

else
if interval < 0 then

Accept H0; set
sτ,δtask(f

′
j ; f,D) = 0;

else
Continue sampling;

if no decision after N samples then
Set sτ,δtask(f

′
j ; f,D) = 0;
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Table 6: Accuracy of proxy LIME explanations on the text classification task: each value shows how well LIME
explanations generated by the model on the left serve as surrogates for predicting the behavior of the model on the
top.

Qwen 0.5B Qwen 1.5B Qwen 3B Qwen 7B Qwen 14B Qwen 32B

Qwen 0.5B 98.81% ± 0.12 41.35% ± 1.19 19.26% ± 0.87 24.58% ± 1.02 18.24% ± 0.86 26.35% ± 1.04
Qwen 1.5B 41.20% ± 1.44 86.22% ± 0.27 75.85% ± 0.78 79.48% ± 0.67 75.41% ± 0.83 79.74% ± 0.62
Qwen 3B 16.72% ± 0.95 73.13% ± 0.67 91.15% ± 0.29 86.79% ± 0.47 89.34% ± 0.42 85.23% ± 0.49
Qwen 7B 23.30% ± 1.15 77.50% ± 0.56 87.17% ± 0.48 91.27% ± 0.27 88.21% ± 0.48 87.09% ± 0.41
Qwen 14B 16.32% ± 0.94 72.56% ± 0.71 88.37% ± 0.43 86.79% ± 0.49 92.22% ± 0.28 86.11% ± 0.46
Qwen 32B 24.57% ± 1.18 77.77% ± 0.55 86.31% ± 0.51 87.72% ± 0.43 88.34% ± 0.47 90.15% ± 0.27
Qwen 72B 26.62% ± 1.25 78.97% ± 0.53 85.61% ± 0.54 87.89% ± 0.43 87.07% ± 0.54 88.17% ± 0.36
Llama 8B 31.55% ± 1.31 80.21% ± 0.49 82.60% ± 0.63 85.92% ± 0.48 82.81% ± 0.66 84.39% ± 0.50
Llama 70B 42.88% ± 1.49 81.56% ± 0.44 74.45% ± 0.86 78.97% ± 0.71 74.33% ± 0.90 79.49% ± 0.67
DeepSeekV3 22.65% ± 1.14 76.95% ± 0.58 87.30% ± 0.48 88.28% ± 0.41 88.42% ± 0.48 87.68% ± 0.39
GPT-4o Mini 11.87% ± 0.79 69.04% ± 0.82 88.08% ± 0.45 84.63% ± 0.60 89.61% ± 0.41 83.27% ± 0.59
GPT-4o 25.52% ± 1.22 78.53% ± 0.54 86.06% ± 0.53 88.79% ± 0.38 87.47% ± 0.53 87.63% ± 0.38

Qwen 72B Llama 8B Llama 70B DeepSeekV3 GPT-4o Mini GPT-4o

Qwen 0.5B 28.12% ± 1.10 32.90% ± 1.13 42.27% ± 1.26 24.45% ± 1.03 12.72% ± 0.71 26.38% ± 1.10
Qwen 1.5B 81.09% ± 0.58 81.18% ± 0.52 83.23% ± 0.44 79.19% ± 0.66 71.48% ± 0.99 80.89% ± 0.62
Qwen 3B 84.74% ± 0.51 80.38% ± 0.60 72.51% ± 0.75 86.90% ± 0.47 90.61% ± 0.45 86.05% ± 0.52
Qwen 7B 87.62% ± 0.39 84.15% ± 0.45 78.15% ± 0.59 88.35% ± 0.40 86.90% ± 0.64 89.32% ± 0.36
Qwen 14B 85.12% ± 0.50 79.95% ± 0.62 72.13% ± 0.78 87.09% ± 0.46 91.29% ± 0.42 86.25% ± 0.52
Qwen 32B 88.53% ± 0.35 83.09% ± 0.48 78.47% ± 0.59 88.60% ± 0.39 86.11% ± 0.64 88.83% ± 0.38
Qwen 72B 90.53% ± 0.26 84.29% ± 0.44 80.52% ± 0.52 88.76% ± 0.38 84.71% ± 0.71 89.31% ± 0.37
Llama 8B 85.94% ± 0.44 88.82% ± 0.26 83.02% ± 0.44 85.39% ± 0.50 80.45% ± 0.82 86.53% ± 0.46
Llama 70B 81.64% ± 0.59 82.34% ± 0.50 88.31% ± 0.25 79.32% ± 0.69 70.17% ± 1.07 81.10% ± 0.65
DeepSeekV3 88.17% ± 0.36 83.49% ± 0.47 77.81% ± 0.60 91.09% ± 0.27 87.56% ± 0.61 89.26% ± 0.37
GPT-4o Mini 81.99% ± 0.64 77.21% ± 0.73 68.32% ± 0.90 85.14% ± 0.57 94.07% ± 0.26 83.58% ± 0.65
GPT-4o 88.46% ± 0.35 84.30% ± 0.44 79.83% ± 0.55 88.87% ± 0.38 85.57% ± 0.70 91.67% ± 0.26
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Table 7: Accuracy of proxy Kernel SHAP explanations on the text classification task: each value shows how well
Kernel SHAP explanations generated by the model on the left serve as surrogates for predicting the behavior of the
model on the top.

Qwen 0.5B Qwen 1.5B Qwen 3B Qwen 7B Qwen 14B Qwen 32B

Qwen 0.5B 98.55% ± 0.16 41.38% ± 1.18 19.29% ± 0.87 24.61% ± 1.03 18.27% ± 0.87 26.38% ± 1.04
Qwen 1.5B 79.40% ± 0.90 60.14% ± 0.81 39.43% ± 0.81 44.50% ± 0.85 38.46% ± 0.83 46.20% ± 0.84
Qwen 3B 28.79% ± 1.25 75.00% ± 0.59 81.69% ± 0.77 82.12% ± 0.69 81.05% ± 0.82 80.75% ± 0.69
Qwen 7B 23.17% ± 0.98 73.51% ± 0.60 82.98% ± 0.63 84.77% ± 0.54 83.98% ± 0.63 82.25% ± 0.57
Qwen 14B 23.21% ± 0.98 73.13% ± 0.60 82.83% ± 0.64 83.51% ± 0.58 84.77% ± 0.61 82.58% ± 0.57
Qwen 32B 24.43% ± 0.98 73.50% ± 0.58 82.15% ± 0.65 83.00% ± 0.58 83.48% ± 0.64 83.15% ± 0.55
Qwen 72B 25.17% ± 1.02 74.30% ± 0.57 82.26% ± 0.66 83.49% ± 0.58 83.34% ± 0.66 82.80% ± 0.56
Llama 8B 24.91% ± 0.98 74.01% ± 0.58 82.14% ± 0.63 83.21% ± 0.57 82.91% ± 0.64 81.62% ± 0.58
Llama 70B 30.06% ± 1.13 75.69% ± 0.54 79.68% ± 0.73 81.74% ± 0.63 80.22% ± 0.75 80.99% ± 0.62
DeepSeekV3 71.42% ± 0.96 61.57% ± 0.66 46.02% ± 0.70 51.04% ± 0.69 45.51% ± 0.72 52.52% ± 0.68
GPT-4o Mini 33.67% ± 1.50 74.80% ± 0.65 77.26% ± 1.00 79.57% ± 0.86 77.73% ± 1.03 78.67% ± 0.85
GPT-4o 24.78% ± 0.99 73.74% ± 0.58 82.08% ± 0.65 83.38% ± 0.57 83.19% ± 0.65 82.15% ± 0.57

Qwen 72B Llama 8B Llama 70B DeepSeekV3 GPT-4o Mini GPT-4o

Qwen 0.5B 28.16% ± 1.11 32.93% ± 1.13 42.30% ± 1.26 24.48% ± 1.03 12.76% ± 0.72 26.42% ± 1.10
Qwen 1.5B 47.97% ± 0.88 51.83% ± 0.85 60.81% ± 0.87 44.47% ± 0.85 33.12% ± 0.83 46.36% ± 0.86
Qwen 3B 81.06% ± 0.67 79.56% ± 0.60 75.97% ± 0.59 81.51% ± 0.72 79.82% ± 0.94 82.56% ± 0.67
Qwen 7B 82.14% ± 0.57 79.53% ± 0.56 74.39% ± 0.62 83.15% ± 0.59 83.57% ± 0.73 84.08% ± 0.56
Qwen 14B 82.17% ± 0.57 79.10% ± 0.57 74.03% ± 0.62 83.07% ± 0.59 83.63% ± 0.73 83.75% ± 0.57
Qwen 32B 82.30% ± 0.57 78.96% ± 0.57 74.62% ± 0.60 82.89% ± 0.59 82.48% ± 0.74 83.70% ± 0.57
Qwen 72B 83.44% ± 0.54 79.96% ± 0.54 75.86% ± 0.56 83.53% ± 0.58 82.33% ± 0.76 84.29% ± 0.55
Llama 8B 81.87% ± 0.57 81.41% ± 0.49 75.59% ± 0.57 82.65% ± 0.58 82.34% ± 0.73 83.43% ± 0.56
Llama 70B 81.66% ± 0.59 80.40% ± 0.53 78.79% ± 0.49 81.72% ± 0.64 78.57% ± 0.86 83.04% ± 0.59
DeepSeekV3 54.46% ± 0.71 56.81% ± 0.66 64.57% ± 0.67 51.67% ± 0.71 40.64% ± 0.76 53.12% ± 0.69
GPT-4o Mini 79.51% ± 0.82 78.58% ± 0.71 76.89% ± 0.64 79.11% ± 0.89 76.38% ± 1.18 80.69% ± 0.82
GPT-4o 82.18% ± 0.56 79.33% ± 0.56 74.98% ± 0.59 83.01% ± 0.58 82.45% ± 0.75 84.63% ± 0.54
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Table 8: Accuracy of proxy LIME explanations on high school chemistriy of MMLU datasets: each value shows
how well LIME explanations generated by the model on the left serve as surrogates for predicting the behavior of
the model on the top.

Qwen 0.5B Qwen 1.5B Qwen 3B Qwen 7B Qwen 14B Qwen 32B

Qwen 0.5B 88.40% ± 1.21 57.69% ± 3.96 54.85% ± 4.04 54.68% ± 4.00 52.45% ± 3.82 52.60% ± 4.07
Qwen 1.5B 57.69% ± 3.72 87.85% ± 1.19 66.16% ± 3.41 62.99% ± 3.57 62.17% ± 3.46 60.66% ± 3.84
Qwen 3B 53.33% ± 4.11 66.66% ± 3.28 87.50% ± 1.18 66.64% ± 3.30 67.46% ± 3.23 66.13% ± 3.72
Qwen 7B 51.98% ± 4.20 62.08% ± 3.75 66.84% ± 3.50 87.32% ± 1.20 71.58% ± 3.05 68.92% ± 3.59
Qwen 14B 51.61% ± 4.03 60.55% ± 3.65 66.29% ± 3.39 68.77% ± 3.27 86.26% ± 1.28 73.70% ± 3.08
Qwen 32B 52.17% ± 4.19 58.59% ± 3.99 65.03% ± 3.61 66.96% ± 3.42 72.10% ± 3.02 88.61% ± 1.20
Qwen 72B 53.53% ± 4.19 59.96% ± 3.79 63.63% ± 3.65 67.55% ± 3.39 69.91% ± 3.09 75.94% ± 3.11
Llama 8B 50.80% ± 3.93 61.74% ± 3.72 64.80% ± 3.29 66.87% ± 3.31 65.83% ± 3.20 64.98% ± 3.59
Llama 70B 53.71% ± 4.05 60.43% ± 3.89 64.73% ± 3.62 68.63% ± 3.25 69.92% ± 3.13 74.35% ± 3.07
DeepSeekV3 51.13% ± 4.21 58.08% ± 3.92 63.28% ± 3.56 67.76% ± 3.37 70.82% ± 3.05 76.40% ± 2.83
GPT-4o Mini 51.46% ± 4.05 62.03% ± 3.75 65.46% ± 3.45 65.75% ± 3.47 70.48% ± 3.03 73.60% ± 3.10
GPT-4o 52.82% ± 4.21 57.45% ± 3.77 62.72% ± 3.68 64.12% ± 3.53 68.97% ± 3.08 72.44% ± 3.33

Qwen 72B Llama 8B Llama 70B DeepSeekV3 GPT-4o Mini GPT-4o

Qwen 0.5B 52.58% ± 4.19 51.61% ± 3.77 53.97% ± 3.96 50.99% ± 4.16 52.96% ± 3.97 49.53% ± 4.38
Qwen 1.5B 59.95% ± 3.88 60.28% ± 3.54 61.35% ± 3.69 58.04% ± 3.91 60.91% ± 3.74 54.69% ± 4.35
Qwen 3B 63.84% ± 3.84 64.41% ± 3.27 66.42% ± 3.48 64.77% ± 3.63 64.92% ± 3.57 57.94% ± 4.43
Qwen 7B 70.98% ± 3.49 66.58% ± 3.29 70.46% ± 3.36 70.82% ± 3.30 65.65% ± 3.76 58.59% ± 4.68
Qwen 14B 73.27% ± 3.13 63.13% ± 3.46 70.42% ± 3.20 73.70% ± 2.96 69.61% ± 3.24 64.58% ± 3.94
Qwen 32B 76.10% ± 3.20 61.95% ± 3.55 73.08% ± 3.20 77.07% ± 2.80 70.42% ± 3.46 67.63% ± 4.15
Qwen 72B 90.10% ± 1.10 60.33% ± 3.66 73.63% ± 3.09 75.14% ± 3.08 73.16% ± 3.14 71.58% ± 3.78
Llama 8B 63.84% ± 3.67 85.70% ± 1.20 67.60% ± 3.33 65.18% ± 3.48 64.61% ± 3.58 55.19% ± 4.38
Llama 70B 74.00% ± 3.09 64.75% ± 3.37 87.69% ± 1.18 72.60% ± 3.19 70.56% ± 3.39 65.14% ± 4.37
DeepSeekV3 74.51% ± 3.27 61.24% ± 3.64 71.39% ± 3.24 88.42% ± 1.25 70.83% ± 3.33 68.90% ± 3.99
GPT-4o Mini 75.06% ± 3.10 63.59% ± 3.49 73.85% ± 2.97 73.68% ± 3.09 85.47% ± 1.73 71.61% ± 3.48
GPT-4o 74.68% ± 3.23 59.56% ± 3.63 70.98% ± 3.30 75.32% ± 3.00 71.39% ± 3.16 80.39% ± 2.61
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Table 9: Accuracy of proxy filtered LIME explanations on high school chemistry of MMLU datasets: each value
shows how well LIME explanations generated by the model on the left serve as surrogates for predicting the
behavior of the model on the top.

Qwen 0.5B Qwen 1.5B Qwen 3B Qwen 7B Qwen 14B Qwen 32B

Qwen 0.5B 88.40% ± 1.21 66.96% ± 5.07 68.54% ± 5.25 66.02% ± 5.54 66.96% ± 6.10 70.93% ± 5.80
Qwen 1.5B 68.20% ± 4.93 87.85% ± 1.19 72.08% ± 3.90 70.61% ± 4.30 69.95% ± 4.25 70.82% ± 4.89
Qwen 3B 69.24% ± 5.44 71.96% ± 4.18 87.50% ± 1.18 72.88% ± 3.84 74.31% ± 3.90 75.15% ± 4.18
Qwen 7B 65.19% ± 5.96 69.80% ± 4.61 72.27% ± 3.87 87.32% ± 1.20 76.26% ± 3.43 76.91% ± 3.71
Qwen 14B 66.06% ± 6.58 68.60% ± 4.57 73.32% ± 3.84 75.29% ± 3.47 86.26% ± 1.28 77.33% ± 3.27
Qwen 32B 70.37% ± 6.29 68.36% ± 5.19 72.64% ± 4.19 74.01% ± 3.68 75.40% ± 3.27 88.61% ± 1.20
Qwen 72B 71.14% ± 5.77 69.95% ± 4.55 71.34% ± 4.17 74.25% ± 3.53 75.85% ± 3.22 79.72% ± 3.06
Llama 8B 66.86% ± 6.08 70.93% ± 4.59 71.45% ± 3.90 73.62% ± 3.67 73.00% ± 3.51 73.83% ± 3.68
Llama 70B 73.26% ± 5.44 70.58% ± 4.71 70.97% ± 4.28 74.65% ± 3.81 74.30% ± 3.56 78.56% ± 2.97
DeepSeekV3 68.55% ± 6.21 66.40% ± 5.09 71.05% ± 4.44 75.06% ± 3.47 76.81% ± 3.26 79.35% ± 2.76
GPT-4o Mini 68.20% ± 5.87 70.35% ± 4.74 71.08% ± 3.81 73.10% ± 4.00 76.30% ± 3.46 79.71% ± 3.14
GPT-4o 71.88% ± 5.40 64.87% ± 4.72 71.27% ± 4.24 73.99% ± 3.63 74.42% ± 3.52 79.07% ± 3.19

Qwen 72B Llama 8B Llama 70B DeepSeekV3 GPT-4o Mini GPT-4o

Qwen 0.5B 70.60% ± 5.61 67.99% ± 5.86 73.40% ± 5.29 69.92% ± 5.95 66.09% ± 5.76 69.36% ± 5.97
Qwen 1.5B 72.49% ± 4.45 70.68% ± 4.27 72.49% ± 4.44 69.08% ± 4.80 71.08% ± 4.65 67.79% ± 4.84
Qwen 3B 73.28% ± 4.29 71.73% ± 3.75 73.36% ± 4.24 73.85% ± 4.31 70.25% ± 4.09 70.51% ± 4.75
Qwen 7B 77.16% ± 3.65 72.95% ± 3.77 76.81% ± 3.75 77.72% ± 3.55 72.81% ± 4.21 73.42% ± 4.40
Qwen 14B 78.43% ± 3.17 71.18% ± 3.60 75.27% ± 3.53 79.44% ± 3.17 75.43% ± 3.74 73.76% ± 4.00
Qwen 32B 80.01% ± 3.12 70.98% ± 3.73 77.16% ± 3.01 79.91% ± 2.80 76.83% ± 3.39 77.47% ± 3.48
Qwen 72B 90.10% ± 1.10 70.20% ± 3.66 77.73% ± 3.11 79.11% ± 3.07 76.91% ± 3.34 80.03% ± 3.01
Llama 8B 73.49% ± 3.76 85.70% ± 1.20 74.47% ± 3.63 73.75% ± 3.66 73.98% ± 3.72 72.32% ± 3.99
Llama 70B 78.24% ± 3.04 71.99% ± 3.72 87.69% ± 1.18 76.71% ± 3.36 77.53% ± 3.22 76.71% ± 3.66
DeepSeekV3 78.48% ± 3.25 70.90% ± 3.66 75.12% ± 3.35 88.42% ± 1.25 76.31% ± 3.43 77.03% ± 3.40
GPT-4o Mini 79.15% ± 3.22 72.64% ± 3.70 79.25% ± 2.92 78.83% ± 3.34 85.47% ± 1.73 77.58% ± 3.36
GPT-4o 80.69% ± 2.98 70.96% ± 3.82 78.01% ± 3.05 80.09% ± 2.90 73.96% ± 3.47 80.39% ± 2.61
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Table 10: Accuracy of proxy LIME explanations on high school computer science of MMLU datasets: each value
shows how well LIME explanations generated by the model on the left serve as surrogates for predicting the
behavior of the model on the top.

Qwen 0.5B Qwen 1.5B Qwen 3B Qwen 7B Qwen 14B Qwen 32B

Qwen 0.5B 87.75% ± 1.77 64.64% ± 5.28 64.23% ± 4.75 63.54% ± 5.23 61.44% ± 5.29 61.47% ± 5.26
Qwen 1.5B 65.08% ± 5.40 87.13% ± 1.75 73.00% ± 4.29 73.94% ± 4.41 71.53% ± 4.56 70.29% ± 4.87
Qwen 3B 62.31% ± 5.32 71.57% ± 4.48 86.11% ± 1.81 76.87% ± 3.56 76.13% ± 3.51 75.05% ± 4.09
Qwen 7B 61.25% ± 5.58 71.35% ± 4.54 72.84% ± 4.20 88.08% ± 1.71 79.37% ± 3.53 81.29% ± 3.20
Qwen 14B 59.28% ± 5.70 68.95% ± 4.72 74.12% ± 3.50 78.41% ± 3.68 88.21% ± 1.73 81.78% ± 3.56
Qwen 32B 62.31% ± 5.70 69.15% ± 5.00 73.90% ± 3.69 78.19% ± 3.69 80.13% ± 3.65 88.88% ± 1.76
Qwen 72B 60.20% ± 5.70 68.31% ± 4.99 73.58% ± 3.78 78.79% ± 3.39 78.75% ± 3.71 83.34% ± 2.98
Llama 8B 59.99% ± 5.54 68.22% ± 4.68 72.18% ± 3.75 73.98% ± 4.23 73.72% ± 4.14 71.93% ± 4.70
Llama 70B 58.14% ± 5.65 66.28% ± 5.00 71.51% ± 4.37 77.35% ± 3.70 77.30% ± 4.02 80.73% ± 3.51
DeepSeekV3 59.53% ± 5.73 66.98% ± 5.06 69.21% ± 4.49 78.17% ± 3.44 77.44% ± 3.88 79.76% ± 3.66
GPT-4o Mini 59.05% ± 5.77 68.49% ± 4.76 72.46% ± 4.12 77.73% ± 3.65 76.53% ± 4.06 77.04% ± 4.18
GPT-4o 56.87% ± 5.83 65.23% ± 5.27 68.73% ± 4.49 75.43% ± 3.69 77.01% ± 3.86 78.82% ± 3.61

Qwen 72B Llama 8B Llama 70B DeepSeekV3 GPT-4o Mini GPT-4o

Qwen 0.5B 60.62% ± 5.42 64.07% ± 4.89 60.28% ± 5.42 62.83% ± 5.49 60.11% ± 5.55 57.56% ± 5.88
Qwen 1.5B 69.01% ± 4.93 69.60% ± 4.66 68.53% ± 5.05 70.21% ± 4.99 69.42% ± 4.95 67.86% ± 5.52
Qwen 3B 74.92% ± 3.94 73.27% ± 3.85 72.48% ± 4.47 74.65% ± 4.14 73.18% ± 4.34 71.19% ± 4.95
Qwen 7B 79.54% ± 3.71 72.38% ± 4.34 78.66% ± 3.73 80.10% ± 3.56 76.07% ± 4.16 76.38% ± 4.24
Qwen 14B 79.38% ± 3.85 72.38% ± 4.14 77.14% ± 4.07 79.62% ± 3.84 75.57% ± 4.47 76.00% ± 4.78
Qwen 32B 82.74% ± 3.23 72.57% ± 4.52 78.99% ± 3.98 80.33% ± 3.87 74.80% ± 4.71 74.89% ± 4.75
Qwen 72B 88.95% ± 1.67 71.99% ± 4.36 79.98% ± 3.45 79.87% ± 4.03 77.39% ± 4.09 78.00% ± 4.29
Llama 8B 73.12% ± 4.52 85.79% ± 1.75 72.08% ± 4.73 73.19% ± 4.55 73.25% ± 4.47 71.36% ± 5.12
Llama 70B 80.27% ± 3.58 70.69% ± 4.71 87.45% ± 2.10 77.40% ± 4.43 74.81% ± 4.53 75.62% ± 4.76
DeepSeekV3 77.38% ± 4.29 69.87% ± 4.60 76.71% ± 4.28 87.32% ± 2.21 75.41% ± 4.66 76.09% ± 4.56
GPT-4o Mini 78.12% ± 4.03 71.51% ± 4.57 75.75% ± 4.20 77.36% ± 4.45 87.03% ± 2.25 80.57% ± 4.04
GPT-4o 78.76% ± 3.66 68.20% ± 4.56 78.22% ± 3.46 78.18% ± 3.86 76.11% ± 4.20 82.58% ± 3.51
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Qwen 0.5B Qwen 1.5B Qwen 3B Qwen 7B Qwen 14B Qwen 32B

Qwen 0.5B 87.75% ± 1.77 75.97% ± 5.91 74.61% ± 5.48 74.28% ± 6.82 75.35% ± 6.90 78.50% ± 6.19
Qwen 1.5B 75.29% ± 5.73 87.13% ± 1.75 77.29% ± 4.67 80.88% ± 4.18 79.97% ± 4.45 81.58% ± 4.05
Qwen 3B 73.31% ± 5.61 76.74% ± 4.37 86.11% ± 1.81 80.15% ± 3.70 80.01% ± 3.81 81.41% ± 3.90
Qwen 7B 72.53% ± 6.77 80.23% ± 3.89 79.53% ± 3.88 88.08% ± 1.71 82.60% ± 3.49 82.34% ± 3.39
Qwen 14B 72.79% ± 7.00 78.21% ± 4.43 78.82% ± 3.96 81.21% ± 3.69 88.21% ± 1.73 84.08% ± 3.26
Qwen 32B 75.92% ± 6.52 79.77% ± 4.14 78.79% ± 4.17 79.52% ± 3.72 82.13% ± 3.48 88.88% ± 1.76
Qwen 72B 72.53% ± 7.12 77.10% ± 4.61 79.00% ± 3.99 80.20% ± 3.59 80.74% ± 3.73 83.79% ± 3.00
Llama 8B 75.51% ± 6.51 75.91% ± 4.53 77.24% ± 3.88 78.13% ± 4.38 78.28% ± 4.35 78.50% ± 4.63
Llama 70B 71.92% ± 6.93 75.73% ± 4.71 76.56% ± 4.73 78.46% ± 4.00 78.79% ± 4.19 81.30% ± 3.65
DeepSeekV3 72.91% ± 6.81 77.23% ± 4.76 76.21% ± 4.67 79.15% ± 3.70 80.15% ± 3.63 81.15% ± 3.50
GPT-4o Mini 69.10% ± 7.67 76.07% ± 4.74 74.98% ± 4.58 78.29% ± 4.04 77.98% ± 4.68 79.63% ± 4.57
GPT-4o 68.86% ± 7.57 76.25% ± 4.76 76.19% ± 4.36 78.01% ± 3.76 80.03% ± 4.01 81.12% ± 3.56

Qwen 72B Llama 8B Llama 70B DeepSeekV3 GPT-4o Mini GPT-4o

Qwen 0.5B 76.28% ± 6.99 75.93% ± 5.83 75.21% ± 7.04 75.81% ± 6.80 71.57% ± 7.71 70.18% ± 8.21
Qwen 1.5B 79.39% ± 4.55 75.18% ± 4.75 78.71% ± 4.74 79.69% ± 4.79 78.06% ± 4.97 78.48% ± 4.95
Qwen 3B 81.80% ± 3.83 75.92% ± 3.95 78.62% ± 4.57 79.74% ± 4.43 77.98% ± 4.41 77.99% ± 4.81
Qwen 7B 82.25% ± 3.60 76.83% ± 4.44 81.41% ± 3.74 81.49% ± 3.80 79.14% ± 4.20 78.80% ± 4.43
Qwen 14B 82.50% ± 3.53 76.25% ± 4.29 79.61% ± 4.06 81.77% ± 3.77 78.62% ± 4.79 79.35% ± 4.72
Qwen 32B 83.49% ± 3.25 76.69% ± 4.56 81.05% ± 3.72 81.65% ± 3.77 78.80% ± 4.93 77.88% ± 4.60
Qwen 72B 88.95% ± 1.67 76.58% ± 4.39 81.47% ± 3.34 80.65% ± 3.98 80.23% ± 4.12 80.59% ± 3.97
Llama 8B 79.71% ± 4.31 85.79% ± 1.75 77.65% ± 4.83 79.62% ± 4.37 79.11% ± 4.31 78.94% ± 4.84
Llama 70B 81.61% ± 3.44 74.97% ± 4.77 87.45% ± 2.10 78.72% ± 4.51 78.01% ± 4.70 78.94% ± 4.43
DeepSeekV3 79.27% ± 4.08 75.64% ± 4.38 78.01% ± 4.43 87.32% ± 2.21 77.47% ± 4.98 77.82% ± 4.52
GPT-4o Mini 79.87% ± 4.31 76.12% ± 4.51 77.77% ± 4.42 79.18% ± 4.67 87.03% ± 2.25 81.47% ± 4.24
GPT-4o 81.72% ± 3.38 74.17% ± 4.64 80.52% ± 3.56 79.88% ± 3.92 78.63% ± 4.44 82.58% ± 3.51

Table 11: Accuracy of proxy filtered LIME explanations on high school computer science of MMLU datasets: each
value shows how well LIME explanations generated by the model on the left serve as surrogates for predicting the
behavior of the model on the top.
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Table 12: Accuracy of proxy LIME explanations on high school microeconomics of MMLU datasets: each value
shows how well LIME explanations generated by the model on the left serve as surrogates for predicting the
behavior of the model on the top.

Qwen 0.5B Qwen 1.5B Qwen 3B Qwen 7B Qwen 14B Qwen 32B

Qwen 0.5B 87.93% ± 1.08 61.79% ± 3.38 58.21% ± 3.36 55.88% ± 3.79 55.37% ± 3.68 53.39% ± 3.77
Qwen 1.5B 59.72% ± 3.53 88.26% ± 1.06 70.39% ± 2.95 68.05% ± 3.40 66.76% ± 3.38 65.19% ± 3.53
Qwen 3B 57.43% ± 3.60 69.15% ± 3.10 87.87% ± 1.17 73.62% ± 3.04 74.55% ± 2.83 71.28% ± 3.03
Qwen 7B 56.09% ± 3.74 65.12% ± 3.44 71.40% ± 3.02 89.77% ± 1.11 79.03% ± 2.51 80.10% ± 2.36
Qwen 14B 55.36% ± 3.79 64.97% ± 3.48 72.78% ± 2.86 79.30% ± 2.52 89.15% ± 1.13 82.18% ± 2.19
Qwen 32B 54.31% ± 3.81 62.69% ± 3.57 69.43% ± 3.03 79.95% ± 2.34 80.79% ± 2.28 89.61% ± 1.18
Qwen 72B 54.47% ± 3.78 62.55% ± 3.58 67.56% ± 3.12 77.28% ± 2.72 79.18% ± 2.51 82.41% ± 2.12
Llama 8B 57.24% ± 3.51 67.74% ± 3.05 70.65% ± 2.93 72.40% ± 3.22 71.27% ± 3.16 70.09% ± 3.26
Llama 70B 54.14% ± 3.76 64.38% ± 3.55 68.67% ± 3.10 77.43% ± 2.65 78.06% ± 2.63 80.20% ± 2.49
DeepSeekV3 53.42% ± 3.90 61.95% ± 3.67 67.78% ± 3.29 77.37% ± 2.77 78.74% ± 2.63 82.08% ± 2.21
GPT-4o Mini 53.96% ± 3.71 65.55% ± 3.33 70.40% ± 2.96 76.70% ± 2.70 78.93% ± 2.47 79.09% ± 2.48
GPT-4o 54.86% ± 3.86 62.63% ± 3.55 67.03% ± 3.31 78.17% ± 2.61 77.30% ± 2.74 80.74% ± 2.44

Qwen 72B Llama 8B Llama 70B DeepSeekV3 GPT-4o Mini GPT-4o

Qwen 0.5B 52.72% ± 3.98 57.12% ± 3.60 54.63% ± 3.81 52.68% ± 4.03 55.24% ± 3.67 52.17% ± 3.98
Qwen 1.5B 64.62% ± 3.63 69.07% ± 3.03 67.05% ± 3.46 63.84% ± 3.72 67.33% ± 3.25 64.29% ± 3.56
Qwen 3B 70.11% ± 3.30 70.33% ± 3.11 70.82% ± 3.24 68.82% ± 3.47 71.80% ± 3.07 69.00% ± 3.39
Qwen 7B 79.31% ± 2.69 70.79% ± 3.17 77.66% ± 2.72 79.16% ± 2.77 76.56% ± 2.75 78.89% ± 2.76
Qwen 14B 81.44% ± 2.57 70.45% ± 3.15 79.91% ± 2.58 81.54% ± 2.52 79.55% ± 2.45 79.87% ± 2.67
Qwen 32B 83.54% ± 2.29 69.52% ± 3.13 81.12% ± 2.51 83.73% ± 2.23 78.92% ± 2.48 82.13% ± 2.38
Qwen 72B 91.30% ± 1.03 67.88% ± 3.22 80.94% ± 2.56 85.08% ± 2.11 78.87% ± 2.53 84.04% ± 2.21
Llama 8B 68.56% ± 3.39 88.01% ± 1.17 73.17% ± 3.05 69.80% ± 3.51 69.99% ± 3.23 69.48% ± 3.39
Llama 70B 81.23% ± 2.64 71.47% ± 3.04 90.14% ± 1.18 80.90% ± 2.68 78.95% ± 2.61 81.89% ± 2.47
DeepSeekV3 84.24% ± 2.24 68.40% ± 3.33 79.26% ± 2.77 91.10% ± 1.26 78.07% ± 2.76 83.29% ± 2.38
GPT-4o Mini 80.84% ± 2.57 69.68% ± 3.16 80.13% ± 2.58 79.90% ± 2.69 88.90% ± 1.20 82.35% ± 2.31
GPT-4o 83.78% ± 2.33 69.32% ± 3.23 80.61% ± 2.55 84.00% ± 2.27 79.43% ± 2.49 89.74% ± 1.35
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Table 13: Accuracy of proxy filtered LIME explanations on high school microeconomics of MMLU datasets: each
value shows how well LIME explanations generated by the model on the left serve as surrogates for predicting the
behavior of the model on the top.

Qwen 0.5B Qwen 1.5B Qwen 3B Qwen 7B Qwen 14B Qwen 32B

Qwen 0.5B 87.93% ± 1.08 71.42% ± 3.82 70.66% ± 3.94 75.31% ± 3.72 71.32% ± 4.38 72.11% ± 4.26
Qwen 1.5B 72.28% ± 3.80 88.26% ± 1.06 76.60% ± 2.96 77.90% ± 2.79 75.49% ± 3.09 74.98% ± 3.17
Qwen 3B 71.68% ± 4.06 75.48% ± 3.01 87.87% ± 1.17 78.61% ± 2.86 79.81% ± 2.63 77.66% ± 2.90
Qwen 7B 74.44% ± 3.93 74.49% ± 3.07 75.93% ± 3.03 89.77% ± 1.11 81.19% ± 2.52 82.64% ± 2.21
Qwen 14B 71.16% ± 4.62 73.29% ± 3.36 77.97% ± 2.79 81.01% ± 2.56 89.15% ± 1.13 83.69% ± 2.22
Qwen 32B 71.51% ± 4.42 71.62% ± 3.45 74.99% ± 3.08 82.05% ± 2.26 82.01% ± 2.35 89.61% ± 1.18
Qwen 72B 71.15% ± 4.35 72.15% ± 3.44 73.10% ± 3.10 80.02% ± 2.51 81.25% ± 2.32 83.41% ± 2.07
Llama 8B 69.67% ± 4.22 73.13% ± 2.98 77.13% ± 2.97 79.04% ± 2.70 78.07% ± 2.77 77.14% ± 2.89
Llama 70B 72.36% ± 4.08 72.67% ± 3.45 73.77% ± 3.20 79.87% ± 2.48 80.70% ± 2.45 82.09% ± 2.30
DeepSeekV3 72.62% ± 4.39 72.14% ± 3.47 74.21% ± 3.28 80.56% ± 2.55 80.91% ± 2.47 83.19% ± 2.18
GPT-4o Mini 69.86% ± 4.43 73.41% ± 3.36 74.36% ± 3.09 79.30% ± 2.54 81.40% ± 2.31 81.06% ± 2.39
GPT-4o 72.41% ± 4.31 70.87% ± 3.55 72.07% ± 3.43 80.59% ± 2.52 79.33% ± 2.65 82.50% ± 2.26

Qwen 72B Llama 8B Llama 70B DeepSeekV3 GPT-4o Mini GPT-4o

Qwen 0.5B 73.13% ± 4.20 69.84% ± 4.17 72.93% ± 4.15 74.78% ± 4.25 70.34% ± 4.34 73.23% ± 4.25
Qwen 1.5B 75.76% ± 3.21 74.88% ± 2.90 75.81% ± 3.27 75.16% ± 3.25 75.07% ± 3.18 74.41% ± 3.21
Qwen 3B 77.03% ± 3.02 77.87% ± 2.94 76.86% ± 3.11 76.90% ± 3.21 76.24% ± 3.02 75.66% ± 3.23
Qwen 7B 82.62% ± 2.34 77.60% ± 2.78 80.77% ± 2.51 83.14% ± 2.33 79.40% ± 2.57 82.99% ± 2.30
Qwen 14B 84.06% ± 2.23 76.78% ± 2.95 82.49% ± 2.42 83.49% ± 2.39 81.62% ± 2.36 82.31% ± 2.44
Qwen 32B 85.46% ± 1.98 75.55% ± 3.00 82.86% ± 2.38 84.95% ± 2.10 80.35% ± 2.46 83.93% ± 2.13
Qwen 72B 91.30% ± 1.03 73.53% ± 3.15 83.95% ± 2.15 86.10% ± 2.01 81.21% ± 2.25 85.98% ± 1.78
Llama 8B 76.11% ± 3.05 88.01% ± 1.17 79.83% ± 2.70 78.65% ± 2.99 76.35% ± 3.08 77.54% ± 2.95
Llama 70B 84.99% ± 2.05 77.32% ± 2.79 90.14% ± 1.18 83.70% ± 2.30 81.08% ± 2.46 84.05% ± 2.21
DeepSeekV3 85.85% ± 1.99 75.30% ± 3.15 82.38% ± 2.42 91.10% ± 1.26 79.90% ± 2.60 84.97% ± 2.03
GPT-4o Mini 83.76% ± 2.17 75.54% ± 3.05 82.48% ± 2.38 82.57% ± 2.39 88.90% ± 1.20 84.02% ± 2.17
GPT-4o 85.85% ± 1.96 75.12% ± 3.16 82.38% ± 2.44 85.23% ± 2.06 80.76% ± 2.45 89.74% ± 1.35
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Table 14: Accuracy of proxy LIME explanations on high school psychology of MMLU datasets: each value shows
how well LIME explanations generated by the model on the left serve as surrogates for predicting the behavior of
the model on the top.

Qwen 0.5B Qwen 1.5B Qwen 3B Qwen 7B Qwen 14B Qwen 32B

Qwen 0.5B 88.25% ± 0.64 66.76% ± 2.11 64.46% ± 2.06 63.40% ± 2.23 62.75% ± 2.29 61.03% ± 2.33
Qwen 1.5B 65.69% ± 2.10 88.57% ± 0.68 75.99% ± 1.57 77.51% ± 1.59 76.13% ± 1.75 75.68% ± 1.80
Qwen 3B 63.16% ± 2.12 75.93% ± 1.66 87.24% ± 0.71 78.53% ± 1.60 79.39% ± 1.56 78.77% ± 1.61
Qwen 7B 62.57% ± 2.21 75.22% ± 1.72 76.68% ± 1.60 89.29% ± 0.67 82.26% ± 1.40 82.27% ± 1.50
Qwen 14B 61.51% ± 2.25 73.82% ± 1.83 76.13% ± 1.63 81.10% ± 1.44 89.63% ± 0.68 85.26% ± 1.18
Qwen 32B 60.70% ± 2.26 72.87% ± 1.82 75.14% ± 1.61 80.36% ± 1.48 84.08% ± 1.21 89.88% ± 0.68
Qwen 72B 60.12% ± 2.34 72.42% ± 1.95 73.94% ± 1.72 79.51% ± 1.57 82.40% ± 1.39 84.50% ± 1.25
Llama 8B 61.59% ± 2.21 73.76% ± 1.83 76.16% ± 1.60 79.36% ± 1.58 79.93% ± 1.57 80.45% ± 1.51
Llama 70B 60.03% ± 2.33 71.82% ± 1.98 73.37% ± 1.75 79.26% ± 1.59 81.78% ± 1.45 84.20% ± 1.27
DeepSeekV3 58.92% ± 2.33 72.55% ± 1.99 73.64% ± 1.76 79.44% ± 1.61 81.52% ± 1.50 83.68% ± 1.36
GPT-4o Mini 60.51% ± 2.26 72.04% ± 1.98 74.61% ± 1.69 78.25% ± 1.63 81.76% ± 1.43 83.07% ± 1.33
GPT-4o 58.06% ± 2.37 69.99% ± 2.12 73.06% ± 1.79 77.77% ± 1.71 80.69% ± 1.52 82.78% ± 1.42

Qwen 72B Llama 8B Llama 70B DeepSeekV3 GPT-4o Mini GPT-4o

Qwen 0.5B 60.22% ± 2.51 62.79% ± 2.21 59.91% ± 2.50 58.71% ± 2.55 60.59% ± 2.42 57.47% ± 2.59
Qwen 1.5B 76.11% ± 1.90 76.19% ± 1.69 75.19% ± 1.95 75.78% ± 1.99 74.21% ± 1.96 73.23% ± 2.15
Qwen 3B 78.69% ± 1.75 78.03% ± 1.59 77.75% ± 1.83 78.33% ± 1.81 78.80% ± 1.68 77.51% ± 1.87
Qwen 7B 82.57% ± 1.53 79.27% ± 1.59 81.86% ± 1.60 82.56% ± 1.65 79.25% ± 1.76 79.75% ± 1.85
Qwen 14B 85.50% ± 1.30 78.79% ± 1.60 83.63% ± 1.45 84.63% ± 1.48 82.42% ± 1.53 82.89% ± 1.64
Qwen 32B 86.49% ± 1.12 78.62% ± 1.55 85.38% ± 1.25 86.03% ± 1.32 82.60% ± 1.43 84.51% ± 1.45
Qwen 72B 91.35% ± 0.61 77.26% ± 1.72 85.66% ± 1.30 87.48% ± 1.13 82.10% ± 1.58 85.98% ± 1.40
Llama 8B 80.32% ± 1.70 88.70% ± 0.68 80.68% ± 1.68 80.73% ± 1.70 79.02% ± 1.76 78.50% ± 1.93
Llama 70B 86.29% ± 1.26 77.96% ± 1.68 91.05% ± 0.65 85.62% ± 1.41 82.91% ± 1.53 85.07% ± 1.49
DeepSeekV3 86.36% ± 1.15 77.69% ± 1.70 84.94% ± 1.35 91.77% ± 0.68 81.58% ± 1.67 85.76% ± 1.44
GPT-4o Mini 84.76% ± 1.40 77.64% ± 1.68 84.43% ± 1.40 84.59% ± 1.51 89.93% ± 0.78 85.50% ± 1.43
GPT-4o 85.49% ± 1.31 75.91% ± 1.83 84.49% ± 1.45 87.05% ± 1.21 83.04% ± 1.48 90.62% ± 0.81
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Table 15: Accuracy of proxy filtered LIME explanations on high school psychology of MMLU datasets: each
value shows how well LIME explanations generated by the model on the left serve as surrogates for predicting the
behavior of the model on the top.

Qwen 0.5B Qwen 1.5B Qwen 3B Qwen 7B Qwen 14B Qwen 32B

Qwen 0.5B 88.25% ± 0.64 75.04% ± 2.10 73.04% ± 2.18 73.87% ± 2.18 73.82% ± 2.35 72.81% ± 2.41
Qwen 1.5B 72.43% ± 2.23 88.57% ± 0.68 79.09% ± 1.48 80.55% ± 1.52 80.12% ± 1.67 80.10% ± 1.70
Qwen 3B 70.61% ± 2.28 79.03% ± 1.55 87.24% ± 0.71 80.59% ± 1.54 82.01% ± 1.47 81.97% ± 1.51
Qwen 7B 70.64% ± 2.30 78.60% ± 1.64 78.69% ± 1.56 89.29% ± 0.67 83.83% ± 1.28 84.24% ± 1.37
Qwen 14B 70.09% ± 2.46 77.96% ± 1.74 78.79% ± 1.58 82.83% ± 1.34 89.63% ± 0.68 86.68% ± 1.09
Qwen 32B 68.77% ± 2.50 76.73% ± 1.79 77.90% ± 1.59 82.17% ± 1.41 85.24% ± 1.16 89.88% ± 0.68
Qwen 72B 69.04% ± 2.52 76.67% ± 1.87 76.67% ± 1.71 81.19% ± 1.51 83.87% ± 1.34 85.51% ± 1.16
Llama 8B 69.15% ± 2.43 77.93% ± 1.73 79.20% ± 1.55 82.30% ± 1.41 83.04% ± 1.41 83.39% ± 1.40
Llama 70B 69.17% ± 2.59 76.41% ± 1.87 76.37% ± 1.72 81.32% ± 1.51 83.14% ± 1.40 85.05% ± 1.24
DeepSeekV3 67.48% ± 2.54 76.95% ± 1.89 76.78% ± 1.74 81.31% ± 1.51 83.27% ± 1.38 85.16% ± 1.21
GPT-4o Mini 69.71% ± 2.45 76.70% ± 1.87 77.26% ± 1.65 80.63% ± 1.50 83.59% ± 1.32 84.32% ± 1.26
GPT-4o 67.44% ± 2.63 75.65% ± 1.96 76.24% ± 1.78 80.41% ± 1.60 82.65% ± 1.45 84.33% ± 1.31

Qwen 72B Llama 8B Llama 70B DeepSeekV3 GPT-4o Mini GPT-4o

Qwen 0.5B 73.54% ± 2.44 72.37% ± 2.35 73.02% ± 2.53 71.91% ± 2.51 73.67% ± 2.36 72.08% ± 2.58
Qwen 1.5B 80.93% ± 1.73 79.69% ± 1.66 80.31% ± 1.75 81.04% ± 1.79 79.70% ± 1.76 79.79% ± 1.87
Qwen 3B 82.04% ± 1.61 81.16% ± 1.51 81.33% ± 1.68 82.42% ± 1.65 81.85% ± 1.56 81.78% ± 1.71
Qwen 7B 84.59% ± 1.37 82.06% ± 1.46 84.30% ± 1.44 85.05% ± 1.45 82.25% ± 1.50 83.44% ± 1.56
Qwen 14B 87.18% ± 1.17 81.97% ± 1.46 85.33% ± 1.35 86.72% ± 1.28 84.89% ± 1.29 85.86% ± 1.38
Qwen 32B 87.42% ± 1.04 81.18% ± 1.51 86.17% ± 1.23 87.56% ± 1.12 84.28% ± 1.29 86.38% ± 1.25
Qwen 72B 91.35% ± 0.61 80.19% ± 1.68 86.53% ± 1.23 88.09% ± 1.10 84.42% ± 1.30 87.40% ± 1.19
Llama 8B 83.76% ± 1.52 88.70% ± 0.68 83.95% ± 1.49 84.12% ± 1.50 82.57% ± 1.54 82.98% ± 1.63
Llama 70B 87.20% ± 1.18 80.96% ± 1.61 91.05% ± 0.65 87.22% ± 1.25 84.82% ± 1.30 86.94% ± 1.24
DeepSeekV3 86.97% ± 1.10 80.37% ± 1.64 86.26% ± 1.25 91.77% ± 0.68 84.10% ± 1.39 87.40% ± 1.20
GPT-4o Mini 86.67% ± 1.17 80.70% ± 1.59 86.04% ± 1.22 86.66% ± 1.30 89.93% ± 0.78 86.88% ± 1.29
GPT-4o 86.68% ± 1.14 79.34% ± 1.73 86.06% ± 1.25 87.99% ± 1.12 84.46% ± 1.36 90.62% ± 0.81
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Table 16: Accuracy of proxy LIME explanations on high school world history of MMLU datasets: each value shows
how well LIME explanations generated by the model on the left serve as surrogates for predicting the behavior of
the model on the top.

Qwen 0.5B Qwen 1.5B Qwen 3B Qwen 7B Qwen 14B Qwen 32B

Qwen 0.5B 90.36% ± 0.91 68.25% ± 3.34 63.86% ± 3.73 65.07% ± 3.85 64.21% ± 3.95 63.09% ± 4.10
Qwen 1.5B 69.49% ± 3.18 91.99% ± 0.83 76.31% ± 2.98 73.84% ± 3.29 73.58% ± 3.46 72.11% ± 3.70
Qwen 3B 65.82% ± 3.52 74.68% ± 3.05 93.28% ± 0.78 79.03% ± 2.87 79.62% ± 2.87 79.05% ± 3.08
Qwen 7B 65.24% ± 3.67 72.01% ± 3.37 78.18% ± 2.93 94.01% ± 0.77 84.16% ± 2.38 83.29% ± 2.60
Qwen 14B 64.82% ± 3.70 71.56% ± 3.44 77.93% ± 2.98 83.48% ± 2.36 94.83% ± 0.74 89.08% ± 1.84
Qwen 32B 64.62% ± 3.75 71.06% ± 3.56 77.67% ± 3.03 82.73% ± 2.52 88.93% ± 1.80 95.39% ± 0.75
Qwen 72B 64.12% ± 3.82 70.28% ± 3.66 77.60% ± 3.18 81.59% ± 2.80 87.11% ± 2.16 87.85% ± 2.24
Llama 8B 65.05% ± 3.64 72.43% ± 3.34 79.46% ± 2.81 81.47% ± 2.60 82.76% ± 2.62 82.49% ± 2.75
Llama 70B 64.27% ± 3.83 70.04% ± 3.65 77.32% ± 3.10 81.53% ± 2.71 86.75% ± 2.16 87.39% ± 2.27
DeepSeekV3 63.64% ± 4.01 70.65% ± 3.73 76.50% ± 3.36 81.45% ± 2.83 86.32% ± 2.35 86.76% ± 2.45
GPT-4o Mini 64.55% ± 3.79 70.86% ± 3.61 77.83% ± 3.06 82.42% ± 2.65 86.04% ± 2.29 85.71% ± 2.56
GPT-4o 63.23% ± 3.98 69.48% ± 3.79 75.88% ± 3.42 81.55% ± 2.80 86.39% ± 2.30 87.06% ± 2.40

Qwen 72B Llama 8B Llama 70B DeepSeekV3 GPT-4o Mini GPT-4o

Qwen 0.5B 62.71% ± 4.21 63.99% ± 3.88 62.61% ± 4.18 62.32% ± 4.38 63.97% ± 4.04 61.13% ± 4.41
Qwen 1.5B 71.75% ± 3.84 73.66% ± 3.35 71.11% ± 3.73 72.88% ± 3.83 72.11% ± 3.70 70.35% ± 3.99
Qwen 3B 79.03% ± 3.28 79.90% ± 2.84 78.50% ± 3.23 78.03% ± 3.49 79.14% ± 3.09 77.49% ± 3.56
Qwen 7B 83.03% ± 2.84 81.11% ± 2.71 82.05% ± 2.85 82.64% ± 2.96 83.01% ± 2.78 82.70% ± 2.93
Qwen 14B 87.92% ± 2.20 81.78% ± 2.72 87.24% ± 2.22 87.44% ± 2.38 86.08% ± 2.29 87.39% ± 2.36
Qwen 32B 88.52% ± 2.23 81.44% ± 2.79 87.95% ± 2.19 87.76% ± 2.42 85.73% ± 2.45 88.09% ± 2.37
Qwen 72B 96.52% ± 0.59 81.28% ± 3.01 89.10% ± 2.09 89.58% ± 2.24 86.52% ± 2.49 90.36% ± 2.15
Llama 8B 82.54% ± 3.03 93.42% ± 0.84 82.66% ± 2.82 82.56% ± 3.08 82.79% ± 2.76 82.05% ± 3.15
Llama 70B 89.32% ± 2.13 81.60% ± 2.82 95.32% ± 0.77 88.75% ± 2.26 85.94% ± 2.48 89.57% ± 2.19
DeepSeekV3 89.23% ± 2.24 81.05% ± 3.03 87.85% ± 2.36 96.40% ± 0.70 85.64% ± 2.57 91.06% ± 1.98
GPT-4o Mini 87.32% ± 2.54 82.60% ± 2.71 87.26% ± 2.32 87.26% ± 2.43 95.49% ± 0.70 87.23% ± 2.54
GPT-4o 90.03% ± 2.10 80.74% ± 3.09 88.63% ± 2.27 90.94% ± 1.97 86.06% ± 2.53 96.75% ± 0.61
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Table 17: Accuracy of proxy filtered LIME explanations on high school world history of MMLU datasets: each
value shows how well LIME explanations generated by the model on the left serve as surrogates for predicting the
behavior of the model on the top.

Qwen 0.5B Qwen 1.5B Qwen 3B Qwen 7B Qwen 14B Qwen 32B

Qwen 0.5B 90.36% ± 0.91 76.59% ± 3.51 74.15% ± 3.92 76.08% ± 3.77 77.79% ± 3.81 78.14% ± 3.76
Qwen 1.5B 76.23% ± 3.48 91.99% ± 0.83 79.96% ± 2.99 80.04% ± 3.27 80.87% ± 3.28 80.63% ± 3.34
Qwen 3B 73.98% ± 3.87 79.24% ± 2.99 93.28% ± 0.78 80.66% ± 3.03 83.21% ± 2.86 83.12% ± 2.91
Qwen 7B 75.56% ± 3.68 78.94% ± 3.24 79.94% ± 3.03 94.01% ± 0.77 86.40% ± 2.26 86.03% ± 2.39
Qwen 14B 76.69% ± 3.72 79.12% ± 3.26 81.81% ± 2.87 85.34% ± 2.31 94.83% ± 0.74 90.40% ± 1.76
Qwen 32B 76.53% ± 3.59 78.90% ± 3.25 81.25% ± 2.93 84.70% ± 2.42 89.95% ± 1.77 95.39% ± 0.75
Qwen 72B 75.24% ± 3.82 78.44% ± 3.40 81.38% ± 3.06 84.27% ± 2.67 89.40% ± 1.92 89.90% ± 2.06
Llama 8B 75.64% ± 3.70 78.88% ± 3.29 81.76% ± 2.81 83.92% ± 2.59 85.68% ± 2.55 85.21% ± 2.64
Llama 70B 76.14% ± 3.90 78.74% ± 3.36 81.53% ± 2.96 83.56% ± 2.68 89.29% ± 1.96 89.69% ± 2.03
DeepSeekV3 75.74% ± 3.92 79.76% ± 3.37 80.39% ± 3.29 83.34% ± 2.82 88.67% ± 2.08 88.98% ± 2.11
GPT-4o Mini 76.04% ± 3.63 78.45% ± 3.49 81.58% ± 2.91 84.88% ± 2.53 88.84% ± 2.03 88.13% ± 2.35
GPT-4o 76.52% ± 3.87 78.35% ± 3.43 79.97% ± 3.30 83.27% ± 2.86 88.40% ± 2.20 88.81% ± 2.23

Qwen 72B Llama 8B Llama 70B DeepSeekV3 GPT-4o Mini GPT-4o

Qwen 0.5B 76.94% ± 3.95 76.53% ± 3.79 77.58% ± 3.98 77.58% ± 4.04 77.23% ± 3.77 78.31% ± 4.00
Qwen 1.5B 80.67% ± 3.47 80.07% ± 3.28 80.49% ± 3.42 82.30% ± 3.44 80.00% ± 3.54 80.51% ± 3.56
Qwen 3B 83.64% ± 3.08 82.65% ± 2.75 83.40% ± 2.95 82.79% ± 3.28 83.13% ± 2.93 82.49% ± 3.32
Qwen 7B 86.09% ± 2.63 84.18% ± 2.63 85.05% ± 2.67 85.67% ± 2.70 85.94% ± 2.54 85.18% ± 2.81
Qwen 14B 90.45% ± 1.86 85.09% ± 2.56 89.95% ± 1.98 89.98% ± 2.04 88.94% ± 2.05 89.87% ± 2.12
Qwen 32B 90.58% ± 2.03 84.23% ± 2.65 89.91% ± 2.03 89.82% ± 2.08 87.65% ± 2.35 89.77% ± 2.18
Qwen 72B 96.52% ± 0.59 85.49% ± 2.69 90.20% ± 2.06 91.99% ± 1.81 88.03% ± 2.38 92.37% ± 1.80
Llama 8B 86.96% ± 2.67 93.42% ± 0.84 87.26% ± 2.47 88.00% ± 2.59 86.85% ± 2.48 86.80% ± 2.69
Llama 70B 90.72% ± 2.03 85.99% ± 2.50 95.32% ± 0.77 90.08% ± 2.12 88.27% ± 2.24 90.49% ± 2.13
DeepSeekV3 91.51% ± 1.89 85.79% ± 2.72 89.16% ± 2.23 96.40% ± 0.70 87.36% ± 2.46 92.85% ± 1.61
GPT-4o Mini 89.12% ± 2.34 86.28% ± 2.45 89.12% ± 2.21 88.85% ± 2.35 95.49% ± 0.70 89.63% ± 2.33
GPT-4o 91.73% ± 1.90 84.95% ± 2.73 89.56% ± 2.22 92.57% ± 1.65 88.03% ± 2.43 96.75% ± 0.61
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Table 18: Accuracy of proxy Kernel SHAP explanations on high school chemistriy of MMLU datasets: each value
shows how well Kernel SHAP explanations generated by the model on the left serve as surrogates for predicting the
behavior of the model on the top.

Qwen 0.5B Qwen 1.5B Qwen 3B Qwen 7B Qwen 14B Qwen 32B

Qwen 0.5B 79.57% ± 2.29 57.58% ± 3.83 55.11% ± 4.00 52.69% ± 3.94 52.11% ± 3.89 51.86% ± 4.08
Qwen 1.5B 56.67% ± 3.75 76.57% ± 2.48 65.22% ± 3.40 61.13% ± 3.58 61.17% ± 3.44 60.88% ± 3.62
Qwen 3B 53.17% ± 4.02 63.62% ± 3.28 76.13% ± 2.43 64.01% ± 3.36 65.89% ± 3.19 65.00% ± 3.51
Qwen 7B 50.78% ± 4.08 59.90% ± 3.71 64.21% ± 3.38 75.91% ± 2.62 68.60% ± 2.87 65.86% ± 3.49
Qwen 14B 52.47% ± 3.86 60.29% ± 3.51 62.05% ± 3.49 66.96% ± 3.20 72.97% ± 2.73 69.70% ± 3.09
Qwen 32B 51.49% ± 4.08 59.04% ± 3.87 61.37% ± 3.68 66.05% ± 3.30 67.24% ± 3.25 78.10% ± 2.47
Qwen 72B 51.61% ± 4.14 59.96% ± 3.83 62.77% ± 3.57 67.94% ± 3.28 67.42% ± 3.23 71.90% ± 3.21
Llama 8B 50.51% ± 3.97 58.38% ± 3.80 62.09% ± 3.44 64.93% ± 3.28 63.94% ± 3.23 63.82% ± 3.58
Llama 70B 52.08% ± 3.96 59.40% ± 3.81 62.38% ± 3.68 65.09% ± 3.41 66.48% ± 3.31 71.06% ± 2.96
DeepSeekV3 52.15% ± 4.19 59.74% ± 3.90 64.14% ± 3.43 66.82% ± 3.33 67.48% ± 3.20 72.30% ± 3.19
GPT-4o Mini 51.72% ± 4.16 57.42% ± 3.92 62.46% ± 3.57 64.06% ± 3.52 67.18% ± 3.27 67.59% ± 3.40
GPT-4o 52.27% ± 4.18 53.93% ± 3.98 59.94% ± 3.79 62.91% ± 3.62 65.29% ± 3.46 68.00% ± 3.54

Qwen 72B Llama 8B Llama 70B DeepSeekV3 GPT-4o Mini GPT-4o

Qwen 0.5B 52.37% ± 4.14 50.76% ± 3.66 52.13% ± 3.91 49.19% ± 4.10 53.86% ± 3.98 51.17% ± 4.32
Qwen 1.5B 60.18% ± 3.82 59.53% ± 3.49 60.26% ± 3.66 59.45% ± 3.63 61.10% ± 3.63 55.91% ± 4.23
Qwen 3B 62.91% ± 3.69 61.13% ± 3.42 64.79% ± 3.36 62.55% ± 3.59 62.76% ± 3.48 58.50% ± 4.30
Qwen 7B 67.59% ± 3.45 62.75% ± 3.30 66.82% ± 3.26 67.06% ± 3.32 62.73% ± 3.58 55.86% ± 4.45
Qwen 14B 69.30% ± 3.31 60.49% ± 3.47 67.95% ± 3.17 68.56% ± 3.20 65.43% ± 3.31 60.26% ± 4.17
Qwen 32B 71.60% ± 3.26 61.20% ± 3.37 69.65% ± 3.18 72.82% ± 2.94 66.38% ± 3.51 63.95% ± 4.15
Qwen 72B 79.57% ± 2.54 60.77% ± 3.58 70.85% ± 3.22 72.52% ± 3.09 67.61% ± 3.48 64.93% ± 4.24
Llama 8B 62.59% ± 3.74 75.51% ± 2.39 66.46% ± 3.34 64.92% ± 3.53 62.24% ± 3.64 54.18% ± 4.47
Llama 70B 71.09% ± 3.28 62.62% ± 3.44 77.52% ± 2.58 71.37% ± 3.03 66.51% ± 3.57 63.95% ± 4.28
DeepSeekV3 70.80% ± 3.51 61.44% ± 3.55 69.22% ± 3.35 78.82% ± 2.52 67.41% ± 3.42 65.96% ± 4.14
GPT-4o Mini 70.99% ± 3.38 57.86% ± 3.68 67.77% ± 3.43 70.57% ± 3.27 70.62% ± 3.26 68.27% ± 3.72
GPT-4o 70.64% ± 3.51 57.77% ± 3.61 67.25% ± 3.43 72.61% ± 3.18 66.68% ± 3.46 71.38% ± 3.50
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Table 19: Accuracy of filtered proxy Kernel SHAP explanations on high school chemistriy of MMLU datasets:
each value shows how well Kernel SHAP explanations generated by the model on the left serve as surrogates for
predicting the behavior of the model on the top.

Qwen 0.5B Qwen 1.5B Qwen 3B Qwen 7B Qwen 14B Qwen 32B

Qwen 0.5B 79.57% ± 2.29 67.42% ± 4.66 68.75% ± 5.00 64.16% ± 5.44 67.35% ± 6.09 72.14% ± 5.57
Qwen 1.5B 70.51% ± 4.43 76.57% ± 2.48 72.57% ± 3.55 70.46% ± 4.17 69.40% ± 4.06 71.97% ± 4.24
Qwen 3B 70.46% ± 5.07 69.16% ± 4.09 76.13% ± 2.43 70.79% ± 3.82 72.63% ± 3.75 74.54% ± 3.63
Qwen 7B 65.90% ± 5.45 67.53% ± 4.51 70.18% ± 3.63 75.91% ± 2.62 73.07% ± 3.32 74.09% ± 3.54
Qwen 14B 70.50% ± 5.14 69.12% ± 3.96 68.63% ± 4.02 72.42% ± 3.56 72.97% ± 2.73 73.58% ± 3.15
Qwen 32B 69.56% ± 5.99 68.68% ± 4.63 68.40% ± 4.41 72.28% ± 3.74 71.45% ± 3.55 78.10% ± 2.47
Qwen 72B 69.70% ± 5.71 70.44% ± 4.73 70.33% ± 4.11 74.52% ± 3.21 73.21% ± 3.53 75.92% ± 3.11
Llama 8B 68.94% ± 5.82 67.18% ± 4.75 68.81% ± 4.26 71.85% ± 3.63 71.10% ± 3.61 73.71% ± 3.50
Llama 70B 71.21% ± 5.34 69.64% ± 4.36 71.16% ± 4.09 72.81% ± 3.65 71.75% ± 3.61 75.07% ± 2.93
DeepSeekV3 71.98% ± 5.65 69.87% ± 4.53 72.20% ± 3.88 73.35% ± 3.59 73.42% ± 3.57 75.62% ± 3.13
GPT-4o Mini 71.25% ± 5.45 67.38% ± 4.84 68.52% ± 3.98 71.75% ± 4.04 71.94% ± 3.97 74.18% ± 3.69
GPT-4o 70.86% ± 5.54 61.56% ± 5.10 67.62% ± 4.67 70.94% ± 4.29 70.84% ± 4.16 74.26% ± 3.76

Qwen 72B Llama 8B Llama 70B DeepSeekV3 GPT-4o Mini GPT-4o

Qwen 0.5B 71.04% ± 5.32 65.76% ± 5.67 71.43% ± 5.32 67.91% ± 6.00 67.45% ± 5.58 73.38% ± 5.06
Qwen 1.5B 73.40% ± 4.23 70.67% ± 4.05 72.48% ± 4.16 71.46% ± 4.12 70.20% ± 4.24 70.77% ± 4.27
Qwen 3B 73.17% ± 3.83 69.04% ± 3.95 72.75% ± 3.81 72.87% ± 3.98 68.48% ± 3.89 72.95% ± 3.87
Qwen 7B 74.22% ± 3.52 69.55% ± 3.78 72.96% ± 3.69 73.94% ± 3.69 69.22% ± 4.08 72.63% ± 3.72
Qwen 14B 74.86% ± 3.27 69.10% ± 3.68 73.18% ± 3.38 74.73% ± 3.37 71.11% ± 3.62 72.94% ± 3.48
Qwen 32B 76.50% ± 3.07 69.62% ± 3.64 73.22% ± 3.28 76.26% ± 2.95 72.94% ± 3.44 75.47% ± 3.15
Qwen 72B 79.57% ± 2.54 69.68% ± 3.66 74.78% ± 3.36 76.62% ± 3.06 71.35% ± 3.71 76.18% ± 3.36
Llama 8B 73.27% ± 3.69 75.51% ± 2.39 74.03% ± 3.56 74.51% ± 3.55 70.98% ± 4.02 71.60% ± 4.17
Llama 70B 76.37% ± 3.22 71.22% ± 3.52 77.52% ± 2.58 75.51% ± 3.05 72.90% ± 3.51 76.19% ± 3.28
DeepSeekV3 75.76% ± 3.54 70.13% ± 3.62 73.24% ± 3.45 78.82% ± 2.52 73.35% ± 3.62 75.97% ± 3.22
GPT-4o Mini 76.20% ± 3.44 68.34% ± 4.09 73.39% ± 3.71 76.63% ± 3.48 70.62% ± 3.26 76.11% ± 3.36
GPT-4o 76.07% ± 3.70 68.22% ± 4.21 72.60% ± 3.84 76.87% ± 3.42 67.41% ± 4.05 71.38% ± 3.50
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Table 20: Accuracy of proxy Kernel SHAP explanations on high school computer science of MMLU datasets:
each value shows how well Kernel SHAP explanations generated by the model on the left serve as surrogates for
predicting the behavior of the model on the top.

Qwen 0.5B Qwen 1.5B Qwen 3B Qwen 7B Qwen 14B Qwen 32B

Qwen 0.5B 78.94% ± 3.20 62.47% ± 5.17 61.97% ± 4.79 60.71% ± 5.16 57.75% ± 5.15 59.20% ± 5.11
Qwen 1.5B 61.14% ± 5.59 75.69% ± 3.63 67.03% ± 4.79 69.18% ± 4.81 66.45% ± 4.79 64.11% ± 5.07
Qwen 3B 61.63% ± 5.22 66.26% ± 4.49 72.73% ± 3.81 70.34% ± 4.33 69.87% ± 4.28 70.31% ± 4.45
Qwen 7B 59.00% ± 5.40 64.09% ± 4.69 66.83% ± 4.46 73.20% ± 3.74 70.19% ± 4.11 71.18% ± 3.85
Qwen 14B 59.04% ± 5.47 64.16% ± 4.84 69.60% ± 4.20 73.69% ± 3.97 74.34% ± 4.09 75.84% ± 3.90
Qwen 32B 52.86% ± 3.93 57.94% ± 3.56 59.09% ± 3.25 61.35% ± 3.16 62.02% ± 3.14 62.40% ± 3.19
Qwen 72B 58.06% ± 5.49 62.79% ± 5.17 67.77% ± 4.36 72.77% ± 3.81 71.57% ± 4.26 75.13% ± 3.71
Llama 8B 58.28% ± 5.67 61.59% ± 5.23 65.50% ± 4.66 69.26% ± 4.88 67.55% ± 4.79 66.63% ± 4.97
Llama 70B 59.01% ± 5.86 63.51% ± 5.09 66.50% ± 4.82 72.90% ± 4.03 70.47% ± 4.80 74.90% ± 3.85
DeepSeekV3 57.81% ± 5.77 63.22% ± 5.06 65.30% ± 4.63 71.31% ± 4.37 70.73% ± 4.64 72.04% ± 4.52
GPT-4o Mini 61.37% ± 5.48 64.37% ± 5.01 65.37% ± 4.69 69.66% ± 4.45 69.46% ± 4.59 71.12% ± 4.35
GPT-4o 57.59% ± 5.84 59.38% ± 5.61 62.93% ± 5.11 66.82% ± 4.81 66.55% ± 5.28 69.07% ± 4.86

Qwen 72B Llama 8B Llama 70B DeepSeekV3 GPT-4o Mini GPT-4o

Qwen 0.5B 58.02% ± 5.28 61.61% ± 4.81 59.14% ± 5.15 59.99% ± 5.43 58.67% ± 5.54 56.69% ± 5.79
Qwen 1.5B 64.27% ± 5.10 65.30% ± 4.85 66.07% ± 5.04 64.62% ± 5.30 63.27% ± 5.14 62.28% ± 5.79
Qwen 3B 69.72% ± 4.47 66.63% ± 4.25 70.84% ± 4.17 68.22% ± 4.68 68.25% ± 4.33 66.74% ± 4.94
Qwen 7B 70.50% ± 4.10 66.03% ± 4.51 70.67% ± 3.91 69.92% ± 4.22 67.35% ± 4.24 67.61% ± 4.51
Qwen 14B 74.06% ± 4.09 68.61% ± 4.54 73.41% ± 4.03 72.76% ± 4.58 70.20% ± 4.68 70.67% ± 5.02
Qwen 32B 61.44% ± 3.21 59.41% ± 3.39 59.63% ± 3.34 60.41% ± 3.30 58.72% ± 3.43 59.49% ± 3.61
Qwen 72B 75.60% ± 3.57 66.92% ± 4.47 74.79% ± 3.85 72.75% ± 4.19 67.75% ± 4.81 71.22% ± 4.47
Llama 8B 67.39% ± 4.82 70.03% ± 4.27 68.70% ± 4.71 66.92% ± 5.15 65.75% ± 5.04 65.16% ± 5.42
Llama 70B 72.76% ± 4.30 67.10% ± 4.77 76.91% ± 3.65 71.63% ± 4.53 66.94% ± 4.91 67.30% ± 5.31
DeepSeekV3 70.78% ± 4.60 66.43% ± 4.68 72.68% ± 4.19 75.02% ± 4.14 67.05% ± 5.06 68.70% ± 4.94
GPT-4o Mini 70.65% ± 4.48 63.73% ± 4.97 70.58% ± 4.52 71.24% ± 4.72 70.29% ± 4.94 73.27% ± 4.72
GPT-4o 68.38% ± 4.88 62.70% ± 5.13 68.84% ± 4.76 69.57% ± 4.81 67.85% ± 5.19 68.19% ± 5.62
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Table 21: Accuracy of filtered proxy Kernel SHAP explanations on high school computer science of MMLU
datasets: each value shows how well Kernel SHAP explanations generated by the model on the left serve as
surrogates for predicting the behavior of the model on the top.

Qwen 0.5B Qwen 1.5B Qwen 3B Qwen 7B Qwen 14B Qwen 32B

Qwen 0.5B 78.94% ± 3.20 73.30% ± 5.79 71.40% ± 5.84 69.41% ± 7.09 68.97% ± 7.31 55.29% ± 7.38
Qwen 1.5B 71.83% ± 6.37 75.69% ± 3.63 72.60% ± 5.37 75.67% ± 5.13 73.31% ± 5.45 64.04% ± 8.61
Qwen 3B 71.80% ± 5.76 69.96% ± 4.74 72.73% ± 3.81 71.95% ± 5.08 73.40% ± 5.04 64.50% ± 7.61
Qwen 7B 69.11% ± 6.31 70.92% ± 5.00 70.42% ± 5.09 73.20% ± 3.74 71.46% ± 4.58 69.11% ± 6.32
Qwen 14B 72.27% ± 6.55 72.50% ± 4.98 74.73% ± 4.58 75.39% ± 4.35 74.34% ± 4.09 70.47% ± 7.47
Qwen 32B 51.87% ± 5.21 56.86% ± 5.96 55.80% ± 5.37 62.33% ± 5.40 62.89% ± 5.26 62.40% ± 3.19
Qwen 72B 69.31% ± 6.79 71.64% ± 4.91 73.27% ± 4.65 73.26% ± 4.22 72.96% ± 4.36 70.74% ± 7.97
Llama 8B 70.88% ± 7.60 68.47% ± 5.71 69.63% ± 5.30 71.86% ± 5.62 71.08% ± 5.52 70.90% ± 9.64
Llama 70B 72.58% ± 7.02 72.12% ± 5.19 71.33% ± 5.39 73.48% ± 4.43 71.71% ± 5.06 70.92% ± 7.83
DeepSeekV3 70.49% ± 6.87 70.88% ± 5.81 71.81% ± 5.28 72.24% ± 4.78 72.83% ± 4.88 64.75% ± 10.47
GPT-4o Mini 72.76% ± 6.06 70.58% ± 5.45 67.45% ± 5.54 68.70% ± 4.94 70.37% ± 5.31 65.80% ± 8.57
GPT-4o 66.78% ± 7.81 67.19% ± 6.41 67.48% ± 5.96 66.75% ± 5.38 68.45% ± 5.80 63.02% ± 10.25

Qwen 72B Llama 8B Llama 70B DeepSeekV3 GPT-4o Mini GPT-4o

Qwen 0.5B 71.58% ± 7.33 74.66% ± 5.72 73.57% ± 6.62 72.41% ± 6.97 70.12% ± 7.96 69.07% ± 8.17
Qwen 1.5B 74.25% ± 5.43 70.00% ± 5.28 76.48% ± 4.87 74.20% ± 5.79 70.73% ± 5.87 71.90% ± 5.99
Qwen 3B 75.19% ± 4.98 68.55% ± 4.55 75.98% ± 4.51 72.74% ± 5.35 70.15% ± 5.05 70.90% ± 5.56
Qwen 7B 72.87% ± 4.21 68.78% ± 4.96 73.73% ± 3.91 70.59% ± 4.58 69.56% ± 4.42 69.18% ± 4.71
Qwen 14B 76.00% ± 4.26 72.38% ± 4.76 75.07% ± 4.29 74.14% ± 4.85 72.73% ± 5.03 72.81% ± 5.28
Qwen 32B 57.79% ± 5.32 58.29% ± 6.01 56.93% ± 5.67 56.43% ± 5.26 54.72% ± 5.83 51.39% ± 6.52
Qwen 72B 75.60% ± 3.57 70.47% ± 4.84 76.41% ± 3.73 72.85% ± 4.30 70.26% ± 5.10 73.12% ± 4.38
Llama 8B 73.38% ± 5.18 70.03% ± 4.27 74.60% ± 4.82 73.29% ± 5.45 71.20% ± 5.49 72.36% ± 5.78
Llama 70B 74.03% ± 4.32 70.60% ± 5.08 76.91% ± 3.65 72.43% ± 4.70 69.47% ± 5.37 69.39% ± 5.41
DeepSeekV3 73.10% ± 4.47 70.67% ± 4.93 74.34% ± 4.31 75.02% ± 4.14 69.91% ± 5.42 70.21% ± 5.05
GPT-4o Mini 72.01% ± 4.89 66.35% ± 5.47 72.84% ± 4.79 72.13% ± 5.04 70.29% ± 4.94 73.04% ± 5.12
GPT-4o 70.42% ± 5.11 64.97% ± 6.24 71.37% ± 4.94 69.83% ± 5.19 69.41% ± 5.72 68.19% ± 5.62
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Table 22: Accuracy of filtered proxy Kernel SHAP explanations on high school computer science of MMLU
datasets: each value shows how well Kernel SHAP explanations generated by the model on the left serve as
surrogates for predicting the behavior of the model on the top.

Qwen 0.5B Qwen 1.5B Qwen 3B Qwen 7B Qwen 14B Qwen 32B

Qwen 0.5B 80.88% ± 1.98 61.67% ± 3.43 57.45% ± 3.41 56.32% ± 3.82 55.58% ± 3.69 53.73% ± 3.81
Qwen 1.5B 59.47% ± 3.52 78.61% ± 2.28 67.09% ± 3.10 67.26% ± 3.49 66.60% ± 3.40 65.98% ± 3.54
Qwen 3B 55.26% ± 3.61 66.02% ± 3.26 78.10% ± 2.23 71.28% ± 3.05 70.98% ± 2.92 69.09% ± 3.14
Qwen 7B 55.17% ± 3.72 64.23% ± 3.41 68.50% ± 3.05 81.79% ± 2.08 73.68% ± 2.80 76.07% ± 2.62
Qwen 14B 54.66% ± 3.65 62.56% ± 3.40 67.67% ± 3.11 74.66% ± 2.69 78.87% ± 2.32 76.76% ± 2.54
Qwen 32B 54.25% ± 3.72 62.40% ± 3.54 67.24% ± 3.11 74.79% ± 2.79 75.49% ± 2.60 81.67% ± 2.20
Qwen 72B 53.16% ± 3.66 62.17% ± 3.39 66.47% ± 3.11 74.49% ± 2.73 75.05% ± 2.64 78.53% ± 2.39
Llama 8B 57.76% ± 3.53 65.09% ± 3.13 67.47% ± 3.08 70.17% ± 3.25 70.40% ± 3.11 69.81% ± 3.24
Llama 70B 54.42% ± 3.74 63.87% ± 3.35 67.13% ± 3.13 74.33% ± 2.80 74.19% ± 2.84 75.99% ± 2.65
DeepSeekV3 52.79% ± 3.83 60.88% ± 3.69 65.88% ± 3.38 73.14% ± 3.13 75.08% ± 2.89 77.05% ± 2.60
GPT-4o Mini 53.87% ± 3.73 63.73% ± 3.39 66.83% ± 3.12 73.03% ± 2.92 74.01% ± 2.84 76.38% ± 2.66
GPT-4o 54.03% ± 3.75 61.93% ± 3.45 65.49% ± 3.25 74.17% ± 2.77 74.12% ± 2.84 76.34% ± 2.73

Qwen 72B Llama 8B Llama 70B DeepSeekV3 GPT-4o Mini GPT-4o

Qwen 0.5B 53.40% ± 4.00 58.72% ± 3.55 55.39% ± 3.84 53.12% ± 4.06 55.12% ± 3.69 52.46% ± 4.02
Qwen 1.5B 66.36% ± 3.71 68.09% ± 3.14 68.17% ± 3.39 66.08% ± 3.75 66.93% ± 3.39 65.83% ± 3.65
Qwen 3B 68.05% ± 3.31 67.25% ± 3.17 69.07% ± 3.11 67.31% ± 3.44 68.98% ± 3.05 66.96% ± 3.34
Qwen 7B 74.55% ± 2.79 68.18% ± 3.26 73.19% ± 2.83 75.48% ± 2.80 72.01% ± 2.88 74.11% ± 2.79
Qwen 14B 75.63% ± 2.75 66.99% ± 3.29 74.03% ± 2.78 76.79% ± 2.74 74.61% ± 2.74 75.21% ± 2.78
Qwen 32B 77.35% ± 2.73 67.79% ± 3.21 75.45% ± 2.78 79.40% ± 2.52 74.20% ± 2.80 76.72% ± 2.74
Qwen 72B 83.40% ± 2.03 66.96% ± 3.16 76.92% ± 2.69 80.37% ± 2.41 74.94% ± 2.78 79.23% ± 2.60
Llama 8B 69.87% ± 3.30 79.76% ± 2.22 71.90% ± 3.08 70.37% ± 3.42 69.59% ± 3.23 70.53% ± 3.33
Llama 70B 78.62% ± 2.61 69.43% ± 3.08 82.66% ± 2.07 79.18% ± 2.59 75.73% ± 2.73 79.34% ± 2.41
DeepSeekV3 79.11% ± 2.66 66.97% ± 3.38 75.74% ± 2.83 83.59% ± 2.14 73.88% ± 3.01 77.08% ± 2.83
GPT-4o Mini 77.49% ± 2.75 67.53% ± 3.24 76.78% ± 2.75 77.97% ± 2.73 79.43% ± 2.52 79.36% ± 2.53
GPT-4o 78.36% ± 2.74 67.54% ± 3.14 76.75% ± 2.66 78.82% ± 2.70 75.37% ± 2.78 82.00% ± 2.28

Table 23: Accuracy of proxy Kernel SHAP explanations on high school microeconomics of MMLU datasets:
each value shows how well Kernel SHAP explanations generated by the model on the left serve as surrogates for
predicting the behavior of the model on the top.
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Qwen 0.5B Qwen 1.5B Qwen 3B Qwen 7B Qwen 14B Qwen 32B

Qwen 0.5B 80.88% ± 1.98 71.51% ± 3.83 70.03% ± 3.99 76.19% ± 3.64 72.03% ± 4.20 73.52% ± 3.93
Qwen 1.5B 74.25% ± 3.36 78.61% ± 2.28 73.88% ± 3.15 77.99% ± 2.82 76.05% ± 2.98 76.95% ± 2.92
Qwen 3B 71.52% ± 3.73 73.73% ± 2.98 78.10% ± 2.23 76.84% ± 2.73 76.58% ± 2.71 76.12% ± 2.89
Qwen 7B 73.92% ± 3.80 74.14% ± 2.88 73.50% ± 3.05 81.79% ± 2.08 75.55% ± 2.89 78.63% ± 2.53
Qwen 14B 71.25% ± 4.05 71.35% ± 3.12 73.77% ± 3.05 77.18% ± 2.59 78.87% ± 2.32 78.78% ± 2.49
Qwen 32B 72.83% ± 3.91 71.94% ± 3.23 73.06% ± 3.15 77.82% ± 2.60 76.94% ± 2.69 81.67% ± 2.20
Qwen 72B 69.76% ± 4.10 71.24% ± 3.30 71.84% ± 3.19 76.97% ± 2.63 76.58% ± 2.63 79.73% ± 2.36
Llama 8B 73.29% ± 3.71 70.83% ± 3.17 73.58% ± 3.25 77.27% ± 2.80 76.30% ± 2.86 77.08% ± 2.83
Llama 70B 72.80% ± 4.00 72.09% ± 3.18 72.05% ± 3.20 77.04% ± 2.60 76.71% ± 2.69 77.80% ± 2.54
DeepSeekV3 72.04% ± 4.14 71.02% ± 3.52 72.49% ± 3.37 76.66% ± 2.95 77.72% ± 2.72 78.28% ± 2.62
GPT-4o Mini 71.23% ± 4.08 72.52% ± 3.26 71.57% ± 3.24 76.25% ± 2.72 76.56% ± 2.78 78.77% ± 2.53
GPT-4o 71.55% ± 4.17 70.04% ± 3.38 70.92% ± 3.39 76.52% ± 2.80 76.10% ± 2.79 78.07% ± 2.61

Qwen 72B Llama 8B Llama 70B DeepSeekV3 GPT-4o Mini GPT-4o

Qwen 0.5B 74.58% ± 3.94 71.47% ± 3.96 74.22% ± 3.98 75.53% ± 4.09 70.43% ± 4.34 74.36% ± 4.17
Qwen 1.5B 78.92% ± 2.95 74.80% ± 2.91 78.25% ± 2.90 79.15% ± 2.79 76.23% ± 3.13 77.51% ± 2.93
Qwen 3B 76.03% ± 2.77 75.34% ± 2.82 75.43% ± 2.83 76.00% ± 2.93 73.94% ± 2.94 74.93% ± 2.87
Qwen 7B 77.57% ± 2.55 74.54% ± 3.00 76.10% ± 2.73 78.93% ± 2.54 74.64% ± 2.76 77.81% ± 2.50
Qwen 14B 78.32% ± 2.48 73.55% ± 3.06 76.81% ± 2.64 79.37% ± 2.53 76.87% ± 2.63 78.06% ± 2.50
Qwen 32B 79.46% ± 2.52 73.53% ± 3.12 77.78% ± 2.62 80.74% ± 2.46 76.27% ± 2.80 78.95% ± 2.50
Qwen 72B 83.40% ± 2.03 72.58% ± 3.05 79.72% ± 2.43 81.16% ± 2.36 77.04% ± 2.60 81.20% ± 2.28
Llama 8B 78.18% ± 2.73 79.76% ± 2.22 79.26% ± 2.65 79.66% ± 2.78 76.04% ± 3.07 78.93% ± 2.73
Llama 70B 81.90% ± 2.15 75.09% ± 2.88 82.66% ± 2.07 81.63% ± 2.29 77.56% ± 2.67 81.42% ± 2.17
DeepSeekV3 80.79% ± 2.46 73.96% ± 3.22 78.81% ± 2.57 83.59% ± 2.14 76.16% ± 2.89 78.81% ± 2.57
GPT-4o Mini 80.57% ± 2.39 74.43% ± 3.02 79.33% ± 2.52 80.78% ± 2.41 79.43% ± 2.52 81.61% ± 2.29
GPT-4o 80.38% ± 2.54 73.15% ± 3.07 78.49% ± 2.60 79.92% ± 2.59 76.48% ± 2.83 82.00% ± 2.28

Table 24: Accuracy of filtered proxy Kernel SHAP explanations on high school microeconomics of MMLU datasets:
each value shows how well Kernel SHAP explanations generated by the model on the left serve as surrogates for
predicting the behavior of the model on the top.

36



Qwen 0.5B Qwen 1.5B Qwen 3B Qwen 7B Qwen 14B Qwen 32B

Qwen 0.5B 79.08% ± 1.31 65.63% ± 2.05 63.79% ± 1.97 63.02% ± 2.13 62.30% ± 2.21 61.41% ± 2.22
Qwen 1.5B 63.83% ± 2.05 79.61% ± 1.33 72.62% ± 1.61 74.60% ± 1.57 73.54% ± 1.69 73.37% ± 1.72
Qwen 3B 59.66% ± 2.05 69.23% ± 1.78 75.48% ± 1.39 71.30% ± 1.65 71.97% ± 1.67 71.63% ± 1.67
Qwen 7B 60.72% ± 2.05 69.35% ± 1.68 69.59% ± 1.62 77.64% ± 1.38 74.26% ± 1.56 74.20% ± 1.57
Qwen 14B 60.05% ± 2.02 67.38% ± 1.77 69.23% ± 1.61 71.54% ± 1.63 76.59% ± 1.47 74.28% ± 1.56
Qwen 32B 60.12% ± 2.11 68.44% ± 1.87 70.53% ± 1.68 74.64% ± 1.63 77.50% ± 1.52 80.23% ± 1.32
Qwen 72B 59.83% ± 2.10 68.97% ± 1.82 70.05% ± 1.65 74.23% ± 1.55 76.04% ± 1.51 76.85% ± 1.44
Llama 8B 60.67% ± 2.12 70.39% ± 1.84 71.71% ± 1.66 74.68% ± 1.68 75.20% ± 1.66 76.18% ± 1.54
Llama 70B 59.80% ± 2.24 68.78% ± 1.98 70.36% ± 1.77 74.87% ± 1.68 77.40% ± 1.59 78.88% ± 1.45
DeepSeekV3 58.41% ± 2.18 68.47% ± 1.86 69.13% ± 1.71 73.91% ± 1.67 75.53% ± 1.58 76.85% ± 1.55
GPT-4o Mini 58.81% ± 2.25 68.85% ± 2.07 71.60% ± 1.84 74.71% ± 1.83 77.66% ± 1.70 79.52% ± 1.53
GPT-4o 58.61% ± 2.30 67.57% ± 2.18 71.37% ± 1.85 75.03% ± 1.83 77.62% ± 1.70 79.46% ± 1.60

Qwen 72B Llama 8B Llama 70B DeepSeekV3 GPT-4o Mini GPT-4o

Qwen 0.5B 60.79% ± 2.38 62.77% ± 2.13 60.61% ± 2.37 59.51% ± 2.44 60.85% ± 2.32 58.50% ± 2.48
Qwen 1.5B 74.23% ± 1.81 72.89% ± 1.69 73.18% ± 1.85 73.22% ± 1.94 71.95% ± 1.89 71.72% ± 2.04
Qwen 3B 71.15% ± 1.77 71.08% ± 1.69 70.79% ± 1.79 70.66% ± 1.83 71.15% ± 1.70 70.03% ± 1.82
Qwen 7B 73.62% ± 1.66 71.53% ± 1.69 73.36% ± 1.67 73.32% ± 1.75 71.54% ± 1.75 72.46% ± 1.80
Qwen 14B 73.32% ± 1.64 70.07% ± 1.71 72.94% ± 1.69 72.48% ± 1.75 72.09% ± 1.73 72.53% ± 1.78
Qwen 32B 78.74% ± 1.46 72.96% ± 1.69 78.28% ± 1.50 77.95% ± 1.59 75.94% ± 1.65 77.78% ± 1.64
Qwen 72B 80.22% ± 1.36 72.10% ± 1.71 77.50% ± 1.53 78.20% ± 1.51 74.52% ± 1.73 76.43% ± 1.65
Llama 8B 75.64% ± 1.71 80.42% ± 1.30 76.43% ± 1.65 75.65% ± 1.74 74.70% ± 1.75 74.73% ± 1.85
Llama 70B 79.82% ± 1.49 74.16% ± 1.70 83.22% ± 1.29 79.27% ± 1.60 78.07% ± 1.62 79.35% ± 1.61
DeepSeekV3 78.67% ± 1.49 72.02% ± 1.70 77.18% ± 1.63 81.20% ± 1.44 74.70% ± 1.76 77.06% ± 1.71
GPT-4o Mini 80.95% ± 1.59 74.53% ± 1.84 80.55% ± 1.64 81.44% ± 1.63 82.88% ± 1.50 81.75% ± 1.56
GPT-4o 81.79% ± 1.54 73.65% ± 1.92 80.76% ± 1.69 82.81% ± 1.51 79.56% ± 1.67 84.90% ± 1.39

Table 25: Accuracy of proxy Kernel SHAP explanations on high school psychology of MMLU datasets: each value
shows how well Kernel SHAP explanations generated by the model on the left serve as surrogates for predicting the
behavior of the model on the top.
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Qwen 0.5B Qwen 1.5B Qwen 3B Qwen 7B Qwen 14B Qwen 32B

Qwen 0.5B 79.08% ± 1.31 74.22% ± 1.95 72.93% ± 1.87 74.33% ± 1.83 74.51% ± 1.99 74.74% ± 1.92
Qwen 1.5B 71.53% ± 2.08 79.61% ± 1.33 75.67% ± 1.54 77.69% ± 1.46 77.34% ± 1.58 77.96% ± 1.53
Qwen 3B 67.79% ± 2.10 72.71% ± 1.68 75.48% ± 1.39 73.61% ± 1.56 74.67% ± 1.54 74.65% ± 1.56
Qwen 7B 68.82% ± 2.03 72.49% ± 1.63 71.43% ± 1.60 77.64% ± 1.38 75.88% ± 1.46 76.06% ± 1.47
Qwen 14B 68.01% ± 2.08 71.32% ± 1.68 71.58% ± 1.61 73.57% ± 1.55 76.59% ± 1.47 75.41% ± 1.56
Qwen 32B 68.95% ± 2.20 72.59% ± 1.82 73.47% ± 1.66 76.69% ± 1.58 78.71% ± 1.49 80.23% ± 1.32
Qwen 72B 67.71% ± 2.22 72.93% ± 1.74 73.09% ± 1.60 76.02% ± 1.47 77.49% ± 1.48 77.89% ± 1.38
Llama 8B 68.90% ± 2.22 74.14% ± 1.80 74.68% ± 1.63 77.49% ± 1.56 78.30% ± 1.53 79.23% ± 1.39
Llama 70B 69.71% ± 2.34 73.84% ± 1.85 73.70% ± 1.73 77.59% ± 1.55 79.26% ± 1.50 79.94% ± 1.40
DeepSeekV3 66.84% ± 2.25 72.66% ± 1.82 72.10% ± 1.72 75.88% ± 1.60 77.05% ± 1.53 78.14% ± 1.47
GPT-4o Mini 68.49% ± 2.40 74.08% ± 1.93 74.62% ± 1.81 77.38% ± 1.70 79.86% ± 1.59 81.34% ± 1.41
GPT-4o 67.44% ± 2.51 73.06% ± 2.08 74.54% ± 1.85 77.72% ± 1.72 79.61% ± 1.65 81.15% ± 1.47

Qwen 72B Llama 8B Llama 70B DeepSeekV3 GPT-4o Mini GPT-4o

Qwen 0.5B 75.51% ± 1.92 73.90% ± 1.98 75.32% ± 1.96 74.36% ± 2.01 74.99% ± 1.93 74.59% ± 2.06
Qwen 1.5B 79.37% ± 1.53 76.60% ± 1.60 78.11% ± 1.60 79.03% ± 1.62 77.55% ± 1.63 78.58% ± 1.61
Qwen 3B 74.62% ± 1.61 74.37% ± 1.60 74.32% ± 1.62 74.70% ± 1.67 74.17% ± 1.57 74.33% ± 1.64
Qwen 7B 75.52% ± 1.54 74.00% ± 1.63 75.52% ± 1.57 75.61% ± 1.61 74.25% ± 1.56 75.82% ± 1.59
Qwen 14B 74.74% ± 1.64 72.66% ± 1.69 74.33% ± 1.67 74.16% ± 1.68 74.20% ± 1.60 75.02% ± 1.65
Qwen 32B 79.76% ± 1.41 75.96% ± 1.63 79.07% ± 1.51 79.39% ± 1.48 77.99% ± 1.49 79.70% ± 1.47
Qwen 72B 80.22% ± 1.36 74.88% ± 1.68 78.28% ± 1.51 78.84% ± 1.49 76.69% ± 1.52 77.78% ± 1.53
Llama 8B 79.35% ± 1.49 80.42% ± 1.30 79.59% ± 1.49 79.22% ± 1.49 78.34% ± 1.49 79.08% ± 1.55
Llama 70B 81.02% ± 1.40 77.30% ± 1.64 83.22% ± 1.29 80.92% ± 1.48 80.10% ± 1.41 81.31% ± 1.41
DeepSeekV3 79.29% ± 1.49 74.58% ± 1.67 78.34% ± 1.58 81.20% ± 1.44 76.84% ± 1.57 78.42% ± 1.58
GPT-4o Mini 82.86% ± 1.43 77.76% ± 1.77 82.32% ± 1.49 83.53% ± 1.43 82.88% ± 1.50 83.21% ± 1.43
GPT-4o 83.03% ± 1.42 77.11% ± 1.84 82.22% ± 1.56 83.76% ± 1.45 81.02% ± 1.57 84.90% ± 1.39

Table 26: Accuracy of filtered proxy Kernel SHAP explanations on high school psychology of MMLU datasets:
each value shows how well Kernel SHAP explanations generated by the model on the left serve as surrogates for
predicting the behavior of the model on the top.
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Qwen 0.5B Qwen 1.5B Qwen 3B Qwen 7B Qwen 14B Qwen 32B

Qwen 0.5B 72.40% ± 2.05 62.35% ± 2.94 59.56% ± 3.24 60.02% ± 3.37 59.10% ± 3.42 57.78% ± 3.57
Qwen 1.5B 60.54% ± 2.90 71.46% ± 2.21 66.05% ± 2.75 64.90% ± 2.85 65.14% ± 2.98 64.04% ± 3.11
Qwen 3B 57.08% ± 3.00 63.65% ± 2.78 69.47% ± 2.53 66.65% ± 2.70 67.13% ± 2.85 65.96% ± 3.00
Qwen 7B 57.38% ± 3.22 63.31% ± 2.95 65.71% ± 2.78 69.57% ± 2.58 68.18% ± 2.77 67.32% ± 2.88
Qwen 14B 57.35% ± 3.19 61.86% ± 3.11 65.27% ± 2.96 67.56% ± 2.87 70.78% ± 2.75 69.59% ± 2.89
Qwen 32B 59.10% ± 3.23 63.17% ± 3.17 66.26% ± 3.02 70.14% ± 2.82 73.02% ± 2.72 73.87% ± 2.68
Qwen 72B 59.32% ± 3.36 63.77% ± 3.26 68.47% ± 3.07 70.72% ± 2.87 73.89% ± 2.72 74.45% ± 2.81
Llama 8B 59.53% ± 3.05 64.20% ± 2.79 68.15% ± 2.66 69.40% ± 2.56 71.08% ± 2.51 71.23% ± 2.54
Llama 70B 60.00% ± 3.40 63.85% ± 3.35 68.61% ± 3.08 71.83% ± 2.83 75.21% ± 2.66 75.08% ± 2.75
DeepSeekV3 59.74% ± 3.57 65.58% ± 3.40 68.28% ± 3.28 71.61% ± 2.97 74.67% ± 2.88 74.50% ± 2.94
GPT-4o Mini 59.78% ± 3.31 64.68% ± 3.17 67.96% ± 2.93 71.22% ± 2.80 73.81% ± 2.66 73.81% ± 2.78
GPT-4o 59.88% ± 3.45 64.76% ± 3.37 68.83% ± 3.18 73.11% ± 2.86 76.28% ± 2.67 76.22% ± 2.76

Qwen 72B Llama 8B Llama 70B DeepSeekV3 GPT-4o Mini GPT-4o

Qwen 0.5B 57.37% ± 3.66 57.92% ± 3.39 56.94% ± 3.60 57.64% ± 3.71 58.07% ± 3.58 56.82% ± 3.78
Qwen 1.5B 63.60% ± 3.31 63.93% ± 3.00 62.70% ± 3.19 64.44% ± 3.31 63.97% ± 3.20 62.38% ± 3.43
Qwen 3B 65.84% ± 3.11 65.85% ± 2.83 64.87% ± 3.09 65.27% ± 3.18 65.55% ± 2.95 65.44% ± 3.20
Qwen 7B 67.86% ± 2.96 66.24% ± 2.85 66.17% ± 2.97 67.30% ± 3.02 66.50% ± 3.01 67.81% ± 2.96
Qwen 14B 69.76% ± 3.00 65.89% ± 2.95 68.90% ± 2.97 69.73% ± 2.99 68.22% ± 2.96 70.00% ± 3.04
Qwen 32B 72.97% ± 2.87 68.77% ± 2.94 71.51% ± 2.92 72.60% ± 2.90 71.18% ± 2.87 72.93% ± 2.94
Qwen 72B 76.75% ± 2.69 69.72% ± 3.06 74.91% ± 2.80 74.89% ± 2.87 73.34% ± 2.86 75.99% ± 2.85
Llama 8B 71.62% ± 2.74 72.90% ± 2.34 70.23% ± 2.76 70.89% ± 2.81 69.83% ± 2.76 70.73% ± 2.87
Llama 70B 76.64% ± 2.69 71.32% ± 2.98 78.17% ± 2.49 77.25% ± 2.66 74.90% ± 2.78 78.10% ± 2.60
DeepSeekV3 76.17% ± 2.91 70.64% ± 3.15 75.11% ± 2.91 78.56% ± 2.75 74.02% ± 2.95 77.89% ± 2.82
GPT-4o Mini 75.06% ± 2.73 70.99% ± 2.82 74.50% ± 2.74 75.02% ± 2.74 75.64% ± 2.61 75.44% ± 2.78
GPT-4o 78.32% ± 2.70 72.02% ± 3.01 76.65% ± 2.78 78.78% ± 2.66 75.69% ± 2.80 80.01% ± 2.60

Table 27: Accuracy of proxy Kernel SHAP explanations on high school world history of MMLU datasets: each value
shows how well Kernel SHAP explanations generated by the model on the left serve as surrogates for predicting the
behavior of the model on the top.
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Qwen 0.5B Qwen 1.5B Qwen 3B Qwen 7B Qwen 14B Qwen 32B

Qwen 0.5B 72.40% ± 2.05 69.14% ± 3.13 67.89% ± 3.27 68.97% ± 3.25 70.98% ± 3.15 71.14% ± 3.17
Qwen 1.5B 66.58% ± 3.17 71.46% ± 2.21 68.56% ± 2.84 69.61% ± 2.97 70.99% ± 2.91 70.67% ± 2.88
Qwen 3B 63.13% ± 3.33 67.12% ± 2.93 69.47% ± 2.53 67.74% ± 2.89 69.78% ± 2.99 69.41% ± 3.01
Qwen 7B 65.07% ± 3.33 68.07% ± 2.98 66.88% ± 2.91 69.57% ± 2.58 69.82% ± 2.81 69.69% ± 2.87
Qwen 14B 65.76% ± 3.52 67.57% ± 3.23 67.93% ± 3.12 69.01% ± 3.01 70.78% ± 2.75 71.04% ± 2.96
Qwen 32B 67.16% ± 3.43 68.75% ± 3.20 69.01% ± 3.13 71.31% ± 2.97 73.79% ± 2.82 73.87% ± 2.68
Qwen 72B 68.43% ± 3.40 70.73% ± 3.18 71.74% ± 3.07 72.86% ± 2.93 76.04% ± 2.73 76.19% ± 2.85
Llama 8B 67.43% ± 3.08 68.96% ± 2.83 69.79% ± 2.73 71.56% ± 2.66 73.38% ± 2.60 73.31% ± 2.57
Llama 70B 69.79% ± 3.46 71.62% ± 3.15 72.45% ± 3.07 73.81% ± 2.87 77.56% ± 2.65 77.43% ± 2.67
DeepSeekV3 69.40% ± 3.60 73.27% ± 3.20 71.65% ± 3.33 73.29% ± 3.05 76.57% ± 2.92 75.87% ± 2.98
GPT-4o Mini 68.42% ± 3.34 71.10% ± 3.19 70.72% ± 2.99 73.15% ± 2.84 75.70% ± 2.73 75.83% ± 2.79
GPT-4o 70.26% ± 3.42 71.91% ± 3.23 72.42% ± 3.15 74.68% ± 2.93 78.09% ± 2.71 77.61% ± 2.76

Qwen 72B Llama 8B Llama 70B DeepSeekV3 GPT-4o Mini GPT-4o

Qwen 0.5B 70.14% ± 3.28 68.51% ± 3.28 70.02% ± 3.38 71.42% ± 3.29 69.45% ± 3.32 71.82% ± 3.36
Qwen 1.5B 71.28% ± 2.97 69.62% ± 2.99 70.66% ± 2.98 72.63% ± 2.97 70.39% ± 3.11 71.47% ± 3.02
Qwen 3B 69.69% ± 3.05 67.93% ± 2.90 68.83% ± 3.07 69.01% ± 3.11 68.67% ± 2.98 69.69% ± 3.10
Qwen 7B 70.35% ± 2.95 68.64% ± 2.94 68.63% ± 2.96 69.16% ± 3.01 68.93% ± 3.02 70.27% ± 2.92
Qwen 14B 71.77% ± 3.03 68.51% ± 3.06 71.09% ± 3.05 71.56% ± 3.02 70.13% ± 3.06 72.33% ± 3.03
Qwen 32B 74.40% ± 2.93 70.83% ± 3.00 73.21% ± 2.98 73.51% ± 2.97 72.84% ± 2.95 74.54% ± 2.89
Qwen 72B 76.75% ± 2.69 72.92% ± 3.05 75.98% ± 2.85 76.64% ± 2.84 74.83% ± 2.86 77.75% ± 2.81
Llama 8B 74.93% ± 2.61 72.90% ± 2.34 74.10% ± 2.69 74.53% ± 2.71 73.25% ± 2.72 74.71% ± 2.64
Llama 70B 77.93% ± 2.69 75.18% ± 2.89 78.17% ± 2.49 78.06% ± 2.63 76.92% ± 2.70 79.13% ± 2.56
DeepSeekV3 77.54% ± 2.96 74.17% ± 3.14 75.72% ± 2.97 78.56% ± 2.75 75.43% ± 2.95 78.69% ± 2.85
GPT-4o Mini 76.36% ± 2.73 73.80% ± 2.85 75.96% ± 2.80 76.53% ± 2.69 75.64% ± 2.61 77.85% ± 2.73
GPT-4o 79.76% ± 2.66 75.24% ± 2.92 77.41% ± 2.81 79.46% ± 2.69 77.55% ± 2.82 80.01% ± 2.60

Table 28: Accuracy of filtered proxy Kernel SHAP explanations on high school world history of MMLU datasets:
each value shows how well Kernel SHAP explanations generated by the model on the left serve as surrogates for
predicting the behavior of the model on the top.
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