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Abstract
Anchors is a popular local model-agnostic expla-
nation technique whose applicability is limited by
its computational inefficiency. To address this lim-
itation, we propose a memorization-based frame-
work that accelerates Anchors while preserving
explanation fidelity and understandability. Our ap-
proach leverages the iterative nature of Anchors’
algorithm which gradually refines an explanation
until it is precise enough for a given input by
storing and reusing intermediate results obtained
during prior explanations. Specifically, we main-
tain a memory of low-precision, high-coverage
rules and introduce a rule transformation frame-
work to adapt them to new inputs: the horizontal
transformation adapts a retrieved explanation to
the current input by replacing features, and the
vertical transformation refines the general expla-
nation until it is precise enough for the input. We
evaluate our method across tabular, text, and im-
age datasets, demonstrating that it significantly
reduces explanation generation time while main-
taining fidelity and understandability, thereby en-
abling the practical adoption of Anchors in time-
sensitive applications.

1. Introduction
Anchors (Ribeiro et al., 2018) is a popular local model-
agnostic machine learning explanation technique, which
generates rules that form a sufficient condition to explain
why a model makes a certain prediction for a given input.
It is local in the sense that it explains a machine learning
model’s behavior around a particular input, which makes
it able to scale to complex models in critical domains such
as healthcare and finance, where understanding individual
predictions is vital for decision-making and validation. It is
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model-agnostic in the sense that it does not exploit internal
design of a model, which makes it applicable to a wide
range of machine learning models.

These distinct features make Anchors adopted in many
important applications (Lopardo et al., 2022) (Jayaku-
mar & Skandhakumar, 2022), such as explaining a triage-
prediction system for COVID-19 to enable knowledge dis-
covery about patient risk factors (Khanna et al., 2023), and
analyzing Existing Vegetation Type to uncover insights for
ecological patterns and land management (Ganji & Lin,
2023). However, Anchors suffers from a major limitation:
high computational cost. Generating an explanation for
a single input can take several hours in certain settings,
severely hindering its deployment in time-sensitive or in-
teractive applications. This issue becomes even more pro-
nounced when explaining large language models (LLMs),
where Anchors’ iterative sampling procedure incurs not only
substantial latency but also significant monetary cost due to
repeated API calls.

In this paper, we aim to substantially improve the computa-
tional efficiency of Anchors without sacrificing explanation
quality. Our approach is motivated by two key observa-
tions: 1) The majority of Anchors’ runtime is spent on sam-
pling perturbed variants of the input instance. 2) Anchors
constructs explanations in an iterative fashion, gradually
refining rules from general, high-coverage candidates to
specific, high-precision anchors. Importantly, these inter-
mediate rules already capture meaningful local information
about the model’s behavior.

Based on these observations, we propose a memorization-
based acceleration strategy for Anchors. The core idea is to
maintain a memory set that stores previously generated ex-
planation rules together with their associated inputs. When
a new instance requires explanation, the algorithm retrieves
relevant rules from memory and reuses them as initialization
points, thereby avoiding costly sampling from scratch.

However, a naive caching strategy faces two significant
challenges. First, due to the high dimensionality of input
spaces—particularly for text and image data—exact matches
between inputs are rare, leading to low cache hit rates. Sec-
ond, storing complete explanation results for every input
leads to prohibitive storage costs. To mitigate these issues,
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we exploit the iterative structure of Anchors by storing only
low-precision, high-coverage rules. These rules are more
general, allowing them to be retrieved for broader regions
of the input space, even when exact matches do not exist.

This design introduces additional challenges. Because An-
chors is inherently local,even high-coverage rules may not
be directly applicable to neighboring inputs. As illustrated
in Table 1, a cached explanation derived from sample x1

may involve a different feature than those present in a new
input x2, despite the two explanations being semantically
similar. Moreover, low-precision rules retrieved from mem-
ory may not satisfy the fidelity requirements expected from
a final anchor explanation.

To address these challenges, we propose a rule transforma-
tion framework that adapts cached rules to new inputs. We
define two forms of rule transformation: one is horizontal,
transforming a rule for one input into a rule for another
input by substituting the features; the other is vertical, trans-
forming a general rule (rule with high coverage and low
precision) into a specific rule (rule with low coverage and
high precision) by strengthening it. Together, these transfor-
mations allow cached explanations to be reused effectively
while preserving the local fidelity guarantees of Anchors.

Our experiments demonstrate that our memorization-based
approach achieves significant acceleration. Specifically,
when applied to the explanation of the Llama 3 (8B), our
approach yields a speedup of 8.74×, and reduces 87% sam-
ples. Furthermore, by utilizing vertical transformation to
refine cached results, the method maintains a level of fidelity
consistent with the original Anchors algorithm.

2. Background
This section provides the necessary background knowledge
that is integral to understanding our approach. We first
describe the form of Anchors’ explanations and then its
underlying algorithm.

2.1. Representation of Anchors’ Explanations

We first introduce several basic terms used in our framework.
Let X denote the input space and Y the label space. A target
model is a function f : X → Y. An input instance x ∈ X
is represented as a tuple x = (x1,x2, ...,xn), where each
xi denotes the i-th feature and n is the total number of
features. A predicate is a function that maps an input x
into a binary value, i.e., p : X → {0, 1}. Specifically, the
predicates limit a feature to a specific value, denoted as
pi,v(x) := 1[xi = v], where 1[·] is the indicator function.
We now turn to the formal mathematical constructs that
define the behavior and objective of Anchors’ algorithm.
Definition 2.1 (Rule). For an input x of n features, a rule
r ∈ Rx is a conjunction of predicates: r := pa1,v1∧pa2,v2∧

· · · ∧ pam,vm , m ≤ n.

Similar to a predicate, we treat a rule as a function, i.e.,
r(x) = 1 when ∀i ∈ [1,m].pai,vi(x) = 1. In addition, we
use R to denote a set of rules. Since our discussion does
not involve the set of real numbers, all occurrences of R
hereafter refer to the rule set.

Definition 2.2 (Perturbation Distribution). Given x ∈ X,
let Dx(·) denote a probability distribution over perturbed
instances z ∈ X near x. The conditional distribution Dx(· |
r) is defined as:

Dx(z | r) := Dx(z) · 1[r(z) = 1],

Next, we define the two most important performance metrics
of Anchors as follows:

Definition 2.3 (Precision). Given a rule r, the precision is:

Precision(r) := Ez∼Dx(·|r) [1[f(z) = f(x)]] .

Definition 2.4 (Coverage). The coverage of rule r is:

Coverage(r) := Ez∼Dx(·) [1[r(z) = 1]] .

Precision measures how accurate the explanation approxi-
mates the target model in a given input set (i.e., ones satis-
fying the explanation rule), while coverage measures how
large the set is. Together, they measure how faithful the
explanation is. Next, we formally define the output of An-
chors.

Definition 2.5 (Anchors Output). Let τ ∈ [0, 1] and δ ∈
[0, 1] be thresholds. The Anchors explanation rule for model
f and input x is a rule covering x, meeting the precision
threshold τ with high probability δ while maximizing the
coverage:

rx ∈ argmaxr∈Rp
Coverage(r)

where Rp = {r̂ | r̂(x) = 1 ∧ P (Precision(r̂) ≥ τ) ≥
1− δ ∧ r̂ ∈ Rx}

2.2. The Algorithm of Anchors

We now present the Anchors’ algorithm, since our method
involves algorithmic changes to Anchors.

As shown in Figure 1, the Anchors algorithm mainly con-
sists of the following three steps:

• It generates a set of available predicates P based on the
input x.

• It adds each predicate pi,v from the predicates set P
that has not yet appeared in a rule named r (which
initially contains no predicates) to form the candidate
rule set Rnext = {r ∧ p|p ∈ P − r}. It uses the
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Input sample x Generated explanation Rx f(x)

x1 = This is the best movie that I’ve ever seen. (“best”) positive
x2 = He was really nice today and helped me a lot. (“nice”) positive

Table 1. The sampling process with different features.

Figure 1. The overall workflow of Anchors.

KL-LUCB algorithm (Kaufmann & Kalyanakrishnan,
2013) to determine the sample number M , and feeds r,
M , and x into the perturbation model to generate the
neighborhood Dx of the input x. Then it calculates
coverage and precision of all the rules in rule set Rnext

using Dx.
• If the precision of any rule is no less than τ , it returns

a rule that has the maximum coverage among all rules
satisfying the precision requirement. Otherwise, it sets
r to be the rule with the highest precision and continues
to Step 2.

It can be seen that after each iteration, one predicate is added
to the rule r. As the number of predicates in r increases,
the number of inputs it can cover will decrease, while the
probability that the prediction results of the covered inputs
are the same as the original input’s will increase. In other
words, during the iteration, the coverage will gradually
decrease while the precision will gradually increase, and the
rule r will gradually transform from a “general” explanation
to a “specific” explanation for a particular input.

3. Our Approach
To reduce Anchors’ computational cost, our method adopts
a memorization-based strategy designed to reuse previous
computations and significantly reduce redundant sampling.
The core of our approach involves maintaining a memory
set (initially empty) that stores previously processed input
samples alongside their corresponding intermediate results.
When generating an explanation for a new instance, the sys-
tem first performs a similarity search within this memory set.
The workflow then branches based on whether a ”memory
hit” occurs:

• Memory Miss: If no similar sample is found, the
system defaults to the standard Anchors procedure to
generate an explanation from scratch. The resulting
intermediate rule is then cached in the memory set for
future use.

• Memory Hit: If a sufficiently similar sample exists,
we bypass the full sampling process by applying two
distinct transformations to the retrieved intermediate
results:

– A horizontal transformation, which modifies
the intermediate rule to match the feature space
of the new input.

– A vertical transformation, which incrementally
refines this adapted rule to meet a required preci-
sion threshold.

Using these transformations, our method substantially re-
duces the number of samples required when a match is
found, thereby accelerating the explanation process. Fur-
thermore, even during a memory miss, the computational
overhead of our retrieval mechanism remains several orders
of magnitude lower than the sampling process of the origi-
nal Anchors algorithm. We provide a detailed complexity
analysis and discussion of this overhead in Section 3.5.

3.1. Overview

We use the image-classification example in Figure 2 to show
the workflow of our method and how horizontal and vertical
transformations operate. Anchors explain images as sets
of superpixels that serve as sufficient conditions: if all are
present, the model likely repeats its original prediction.
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Figure 2. An example of our workflow for image.

Suppose Image A is classified as a cat. Our approach re-
trieves a similar image, Image B, with an intermediate an-
chor (Image C), often representing a generic feature like
ears. To ensure generality, this intermediate anchor uses few
superpixels, giving high coverage but low precision.

Because Image B’s anchor differs in pixel-level represen-
tation, it cannot be applied directly to Image A. We first
apply a horizontal transformation to adapt it, replacing its
superpixels with visually similar ones in Image A to pro-
duce a new anchor (Image D) that covers relevant parts but
still lacks precision. Next, a vertical transformation refines
the explanation by adding superpixels until the desired pre-
cision is reached, yielding a final anchor (Image E) that
matches the original Anchors output with fewer samples
and faster computation. The following subsections describe
the specific steps of our method.

3.2. Main Workflow

Algorithm 1 outlines the main workflow phase, which takes
an input x, a model f as input and outputs a rule as the
explanation. First, the most similar input xbest in M is
identified via multi-dimensional embeddings (Line 1), using
the embedding method of Anchors’ internal perturbation
model. This ensures similar samples produce overlapping
perturbations. The similarity is then quantified based on
the distance between the embedded multi-dimensional vec-
tors (Line 2) and evaluated against the threshold (Line 3).
Finally, depending on the outcome of this comparison, the
process branches into two cases: a memory miss (Line 4) or
a memory hit (Line 7). In both cases, a rule r is derived as
an explanation, which is ultimately returned as the output

Algorithm 1 MAnchors
Input: The input x = (x1,x2, ...,xn), the model to ex-
plain f
Parameter: The precision threshold τp for output, the preci-
sion threshold τpmid

for intermediate rules and the similarity
threshold τsim
Output: The explanation r

1: (xbest, rmid) := FindMostSimilar(x,M)
2: similarity := CalculateSimilarity(x,xbest)
3: if similarity < τsim then
4: # Case : Memory Miss
5: r := ProcessMemoryMiss(x, f, τp, τpmid

)
6: else
7: # Case : Memory Hit
8: r := ProcessMemoryHit(x, rmid, f, τp)
9: end if

10: return r

(Line 10).

3.3. Memory Miss

Algorithm 2 outlines the process when a memory miss oc-
curs, which takes an input x, a model f as input and outputs
a rule as an explanation. The parameter τp specifies the pre-
cision requirement for output. The parameter τpmid

specifies
the precision requirement for the intermediate rule, which is
lower than τp to get a low-precision but more-coverage rule.

Initially, the Anchors algorithm is invoked to generate rules
r and rmid, which serves as explanations for the model
f on instance x with precision levels of at least τp and

4
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Algorithm 2 ProcessMemoryMiss
Input: The input x = (x1,x2, ...,xn), the model to ex-
plain f
Parameter: The precision threshold τp for output, the pre-
cision threshold τpmid

for intermediate rules and the proba-
bility threshold δ
Output: The explanation r

1: rmid, r := Anchors(f,x, τp, τpmid
, δ)

2: M := M ∪ {(x, rmid)}
3: return r

Algorithm 3 ProcessMemoryHit
Input: The input x = (x1,x2, ...,xn),the intermediate
rule rmid and the model to explain f
Parameter: The precision threshold τp and the probability
threshold δ
Output: The explanation r

1: # Horizontal Transformation
2: r1 := ∅
3: for pi,v in rmid do
4: j := ChooseAny(arg minj∈{1,2,..,n}(Dist(v,xj)))
5: r1 := r1 ∧ {pj,xj}
6: end for
7: # V ertical Transformation
8: r = r1
9: repeat

10: Rnext := ∅
11: for i = 1 to n do
12: if pi,xi

/∈ r then
13: Rnext := Rnext ∪ {r ∧ {pi,xi

}}
14: end if
15: end for
16: r := ChooseAny(arg maxri∈Rnext(precisionx,f (ri)))
17: until P (precisionx,f (r) ≥ τ) ≥ 1− δ
18: return ChooseAny(arg maxri∈Rnext

(coveragex,f (ri)))

τpmid
(Line 1), respectively. rmid represents an intermediate

result produced during the iterative process of generating
r. This intermediate rule, paired with its corresponding
input x, is then integrated into the memory set M (Line 2).
Finally, the rule r is returned as an explanation (Line 3).

3.4. Memory Hit

Algorithm 3 outlines the process when a memory hit occurs.
It takes an input x, a model f , the intermediate rule rmid as
input. Additionally, it includes a parameter τp that controls
the precision of the Anchors explanation. The output of
the Algorithm 3 is an explanation r for the input x and the
model f . Next, we discuss the details of Algorithm 3 and
provide formal definitions for HT and VT.

Horizontal transformation. From Line 1 to Line 6 is the

horizontal transformation (HT). The HT maps the predicates
from the intermediate rule rmid onto the predicates formed
by the features in the input x that are most similar to them.
We first give the mathematical definition of HT, and then
introduce its implementation:

Definition 3.1 (Horizontal Transformation). Let r1 =
pa1,xa1

∧ pa2,xa2
∧ · · · ∧ pan,xan

be a rule derived from a
memorized input x. The function HT : Rx → Rx′ maps
r1 to a new rule r2 = pb1,x′

b1
∧ pb2,x′

b2
∧ · · · ∧ pbm,x′

bm
for

current input x′, where m ≤ n and each predicate pi,xi

in r1 is transformed into a predicate pj,x′
j

in r2 such that
x′
j is the most similar feature to xi based on the following

criterion:

Dist(xi,x
′
j) ≤ Dist(xi,x

′
k), ∀k ∈ {1, . . . ,m}

The function Dist(·, ·) represents a distance metric defined
in the perturbation space. For tabular data, it represents the
absolute value of the difference between two numbers. For
text data, it represents the distance between two words in
the semantic space generated by a fine-tuned BERT (Devlin
et al., 2019). For image data, it represents the distance
between the vectors of two superpixels after embedding by
the explaining models. The design of the Dist is intended
to reflect the similarity between two features within the
perturbation space; that is, the smaller the Dist between two
features, the more likely they are to be substituted for one
another during perturbation.

Then we introduce the detailed steps of HT: In Line 3, the
algorithm enumerates each predicate pi,v in the intermediate
rule rmid. In Line 4, the algorithm identifies the most similar
feature in the input xj based on the value v in pi,v. At last,
in Line 5, the algorithm adds the predicate pi,similar feature

to the rule r1.

Vertical transformation. From Line 7 to Line 17 is the
vertical transformation (VT). This process refines a gen-
eral rule—which typically has high coverage but low preci-
sion—into a more specific rule with low coverage and high
precision. The formal definition of VT is as follows:

Definition 3.2 (Vertical Transformation). Let τ ∈ [0, 1],
δ ∈ [0, 1] be thresholds. The function V T : Rx → Rx

maps a basic rule r1 into a rule covering x, implying r1,
meeting the precision threshold τ with high probability δ
while maximizing the coverage:

rx ∈ argmaxr∈Rp
Coverage(r)

where Rp = {r̂ | r(x) = 1 ∧ P (Precision(r̂) ≥ τ) ≥
1− δ ∧ r̂ ∈ R ∧ r̂ ⇒ r1}

This process works by continuously adding new predicates
to the current rule r. At the start of each iteration (Line
10), the candidate rule set is initialized as empty. In Line

5
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11, the algorithm enumerates all features of input xi. Lines
12-13 add a new predicate pi,xi , not already in r1, to form
candidate rules. In Line 16, perturbation sampling selects
the candidate with the highest precision as the new rule r
for the next iteration. This repeats until Precision(r) ≥ τ
with high probability, after which the rule with the highest
coverage is output (Line 17).

Thus, we align with Anchors’ precision goals and ensure
that explanations can be effectively adapted to specific con-
texts without extensive recalculations.

3.5. Theoretical Overhead Analysis

We demonstrate that our approach introduces virtually no
additional time cost compared to the original Anchors
method. The analysis focuses on the time complexity
of generating an explanation for a single input. For the
original Anchors method, we assume the final explanation
requires k predicates, a single query to the target model
has time complexity O(T ), the input x has n features,
the size of M is m, and the average complexity of one
KL-LUCB run is O(n log(n) log(n/τ)) (Kaufmann et al.,
2016). Thus, the overall average complexity of Anchors
is O(k · n log(n) log(n/τ) · T ). Our method introduces a
memory-based search using a k-d tree (Bentley, 1975). The
worst-case complexity for a search and insertion is O(m),
where m is the size of the memory set M. Therefore, the
total complexity of our method when a memory miss occurs
is:

O(m+ k · n log(n) log(n/τ) · T )

In practice, the overhead O(m) is asymptotically negligible
for two primary reasons: 1)Since T represents the cost of
a forward pass through a target model (often a deep neural
network with millions of parameters), we can safely assume
T ≫ m in most practical AI applications; 2)Anchors re-
quires thousands of such queries across its iterative search.

Even if a memory miss occurs, the absolute execution time
of a k-d tree operation on a dataset where m ≈ 106 is
measured in milliseconds, while the k iterations of Anchors
can take minutes or even hours. Thus, even in the worst
case, the computational cost of our method is effectively
equivalent to the original Anchors method.

4. Experiment
In this section, we aim to empirically evaluate the effec-
tiveness of our method compared to the original Anchors
algorithm. Our experiments are designed to answer the
following key questions:

• Efficiency Improvement: To what extent does our
method improve the efficiency of Anchors? Specifi-
cally, how much time and sampling cost are reduced?

• Fidelity Preservation: Does our accelerated method
preserve the fidelity and understandability of the orig-
inal Anchors explanations, in terms of precision and
coverage?

To comprehensively address these questions, we evaluate
our approach on three types of data—tabular, text, and im-
age—using multiple machine learning models and datasets.

4.1. Experiment Setup

For tabular data, we selected revenue forecasting as the tar-
get task; for text data, we selected sentiment analysis as the
target task; for image data, we selected image classification
as the target task. The selection of the following datasets
and models follows the experimental setup of the Anchor
experiments.

Across all tasks, we set τp = 0.95 and δ = 0.6 to re-
main consistent with the default parameters of the Anchors
method. The additional parameters introduced by our ap-
proach are set to τpmid

= 0.8 and τsim = 0.6. These values
were identified via grid search as the optimal configuration
for maximizing speedup while ensuring that the fidelity
and understandability of the generated explanations remain
within an acceptable range (with a mean variation of less
than 10% in coverage and 25% in length, respectively). The
order of the test dataset was randomly shuffled, and the
random seed is 42.

Income Prediction. The income prediction models take the
numerical values of a person’s multiple features (such as
age, education level, race, etc.) as input and outputs whether
their annual income will exceed $50k or not, i.e. f : X →
{0, 1}, where X :=

⋃i≤k
i=0 Fi is the input domain, and k

represents the number of features, Fi represents the value
of i-th feature. We used the random forest (RF) (Breiman,
2001), gradient boosted trees (GBT) (Chen, 2016) and a
3-layers neural network (NN) (Rumelhart et al., 1986) as
models to explain. We used these models to predict the
data of 1,600 individuals from the Adult dataset (Becker
& Kohavi, 1996), and explained the local behavior of the
models around each input item in tabular.

Sentiment Analysis. Sentiment analysis models take a
text sequence as input and predict whether it is positive or
negative, i.e. f : X → {0, 1}, where X :=

⋃∞
i=1 W

i is the
input domain, and W is the vocabulary set. We used the
random forest (RF) (Breiman, 2001) and the 8B version of
Llama3.0 (Llama) (AI@Meta, 2024) as the target models.
We used these models to predict 2,100 comments from the
RT-Polarity dataset (Pang & Lee, 2005), and explained the
local behavior of the models around each input text.

Image Classification. Image classification models take an
image as input and predict its category, i.e., f : X →
{0, 1, ...,m}, where m is the number of categories and
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X := R3×h×w is the input domain, with h and w de-
noting image height and width. We used a pre-trained
YOLOv8 (Glenn et al., 2023) to classify images from an Im-
ageNet (Deng et al., 2009) subset. Because the full dataset
is too large and Anchors is time-consuming, We randomly
selected 10 categories and used 2000 images from these 10
categories as the test dataset.

All experiments were conducted on a server with 4 high-
performance GPUs (10,000+ CUDA cores and 24GB mem-
ory each) and 256GB system memory. The full run took
about 300 hours.

4.2. Efficiency Improvement

4.2.1. EVALUATION METRICS

To quantify the performance of our accelerated Anchors
method, we measured the following metrics:

Speedup: The speedup of our method compared to the
original Anchors, calculated as (Time taken by the original
Anchors/ Time taken by our method).

Let time(·) denote computation time, f represent the model
to explain, τ denote the precision threshold and X denote
the test dataset. Then, the Speedup can be expressed as:

SP =

∑
x∈X time(Anchors(f, x, τp))∑

x∈X time(MAnchors(f, x, τp, τpmid
))

Where Anchors(f, x, τp) refers to the baseline process for
interpreting f applied to x with precision threshold τp,
and MAnchors(f, x, τp, τpmid

) represents our accelerated
method.

In other words, the higher the SP , the more evident the
optimization effect of our method.

Sampling Reduction Ratio: This metric is calculated as
1− Sampling count of our method

Sampling count of Anchors ×100%. It provides a clearer mea-
sure of the reduction in API calls. A higher ratio indicates
stronger optimization.

4.2.2. EVALUATION RESULT

Table 2 shows the Speedup and sampling reduction ratios
across three tasks with different models.

For the sentiment analysis task with the llama, our method
achieved the highest acceleration across all models and tasks.
The speedup was 8.74×, with sampling reductions of 87%.
It is important to note that the absolute runtime for Llama
remained the highest across all experiments. This result
aligns perfectly with our primary objective for accelerated
Anchors: to facilitate the computation process specifically
when the original Anchors’ overhead becomes prohibitive.

For other tasks and models, the acceleration remained effec-
tive. For the Income Prediction task, our method achieved

Figure 3. The fidelity and understandability of our method and
Anchors of llama in the sentiment analysis task.

a speedup of 2.11×, 1.87× and 1.76× for RF, NN and GBT,
respectively. For the sentiment analysis task and RF model,
our method achieved a speedup of 1.69×. For the image clas-
sification task and YOLOv8 model, our method achieved a
speedup of 1.92×. We attribute the variance in acceleration
performance to two primary factors: model efficiency and
dataset scale. Unlike Llama, other models exhibit higher
computational efficiency where the sampling process—the
specific target of our optimization—occupies a smaller frac-
tion of the total execution time. Furthermore, for the limited
size of certain test sets (e.g., YOLOv8 with only 200 im-
ages per category), cold start overhead accounts for a larger
proportion of the total execution time, thereby diluting the
overall measurable acceleration.

Furthermore, a more detailed graphs showing the average
runtime and samples of our method and Anchors as the
number of inputs increases are provided in the Appendix.
The experimental results show that our method can complete
the cold start phase within 100 inputs per category for each
type of task.

In summary, our experimental results demonstrate that the
proposed method significantly accelerates the Anchors. This
efficiency gain is particularly pronounced in scenarios where
the explaining model entails a high sampling cost, effec-
tively mitigating the primary computational bottleneck of
the explanation process.

4.3. Fidelity Preservation

We use coverage and precision from Section 2.1 to eval-
uate the fidelity of our method. Additionally, we measure
the length of the predicates as a proxy for understandabil-
ity. Figure 3 shows fidelity and understandability results-
for Llama’s explanations on the sentiment analysis task,
which is the case where our acceleration effect is most sig-
nificant. (Complete experimental results are available in
the appendix.) Our method reaches the target precision by
iteratively adding predicates until the threshold τ is met,
yielding precision nearly identical to Anchors. The cover-
age decreased slightly from an average of 0.10 (±0.014) to
0.09 (±0.013), and the length increased from an average
of 4.34 (±0.40) to 5.39 (±0.41). Overall, both fidelity and
understandability remained relatively stable.

7



385
386
387
388
389
390
391
392
393
394
395
396
397
398
399
400
401
402
403
404
405
406
407
408
409
410
411
412
413
414
415
416
417
418
419
420
421
422
423
424
425
426
427
428
429
430
431
432
433
434
435
436
437
438
439

Submission and Formatting Instructions for ICML 2026

Models to explain Anchors Avg. Time (s) MAnchors Avg. Time (s) Speedup Sampling Reduction Ratio

Income Prediction

RF 8.51 ± 0.21 4.02 ± 0.16 2.11× 54%
NN 0.23 ± 0.01 0.12 ± 0.01 1.87× 51%

GBT 0.18 ± 0.01 0.10 ± 0.01 1.76× 46%

Sentiment Analysis

RF 32.10 ± 3.91 18.92 ± 3.14 1.69× 32%
Llama 513.06 ± 90.80 58.70 ± 21.70 8.74× 87%

Image Classification

YOLOv8 61.34 ± 6.21 31.91 ± 5.06 1.92× 47%
Table 2. Acceleration effects of our approach on the three tasks (mean ± 95% confidence interval).

The slight degradation observed in fidelity and understand-
ability can be attributed to the retrieval process within mem-
ory; specifically, the retrieved inputs was not sufficiently
similar to the input samples. In practice, users can mitigate
the degradation of fidelity and understandability by configur-
ing a higher similarity threshold τsim, albeit at the expense
of prolonged cold-start latency.

5. Related Work
Our work relates to model-agnostic explanation techniques
and methods for improving their efficiency. These tech-
niques explain model predictions without requiring access
to internal details, treating models as black boxes. Promi-
nent methods include Local Interpretable Model-agnostic
Explanations (LIME) (Ribeiro et al., 2016), SHapley Ad-
ditive exPlanations (SHAP) (Lundberg & Lee, 2017), Par-
tial Dependence Plots (PDP) (Friedman, 2001), Individual
Conditional Expectation (ICE) plots (Apley & Zhu, 2020),
LORE (Guidotti et al., 2018), and Anchors (Ribeiro et al.,
2018). Among them, SHAP and Anchors achieve high
fidelity and understandability but suffer from very low com-
putational efficiency, which is a major drawback (Cummins
et al., 2024).

Covert et al. (Covert et al., 2024) utilized stochastic amorti-
zation to speed up feature and data attribution via training
a surrogate model to predict the explanation. However,
their work focuses specifically on attribution-based meth-
ods (such as SHAP and LIME). Consequently, it does not
address the acceleration of rule-based explanation methods
like Anchors, nor does it include any corresponding experi-
mental design or discussion regarding them. Furthermore,
their method requires training a model to fit the explana-
tion method, while our method does not involve an offline
training phase.

Mor et al.(Mor et al., 2024) proposed a framework to accel-
erate global Anchor aggregations. While Anchors generate
local explanations, global insights require executing the al-

gorithm across entire datasets, which is computationally
expensive. Mor et al. optimize this by tuning internal pa-
rameters and using candidate filtering. However, their accel-
eration method reduces the precision requirements, and the
candidate filtering operation skips the explaining process for
some inputs. Therefore, their method cannot accelerate the
Anchors to generate the local explanation around a single
input.

6. Conclusion
In this paper, we address the significant computational bot-
tleneck of the Anchors explanation technique, which has
traditionally hindered its deployment in time-sensitive and
large-scale applications. By introducing a memorization-
based acceleration strategy, we have moved beyond the inef-
ficiency of sampling-from-scratch. Our dual-transformation
framework—utilizing horizontal transformations for fea-
ture adaptation and vertical transformations for precision
refinement—enables the effective reuse of generalized, high-
coverage rules across diverse input spaces. This approach
mitigates the challenges of high-dimensional data and low
cache hit rates, ensuring that the local fidelity inherent to the
original Anchors algorithm is preserved while drastically
reducing the iterative sampling overhead.

Our experimental results, particularly when applied to
LLMs (Llama 3, 8B), demonstrate the practical efficacy
of this method. These findings suggest that leveraging the
iterative nature of rule-based explanations through intelli-
gent caching and transformation is a viable path toward
making high-quality, model-agnostic explanations feasible
for modern large language models. By significantly lower-
ing the latency and monetary costs associated with repeated
sampling, this work paves the way for the broader adoption
of interpretable AI in interactive and resource-constrained
environments.

8



440
441
442
443
444
445
446
447
448
449
450
451
452
453
454
455
456
457
458
459
460
461
462
463
464
465
466
467
468
469
470
471
472
473
474
475
476
477
478
479
480
481
482
483
484
485
486
487
488
489
490
491
492
493
494

Submission and Formatting Instructions for ICML 2026

Impact Statement
This paper presents work whose goal is to advance the field
of Machine Learning. There are many potential societal
consequences of our work, none of which we feel must be
specifically highlighted here.
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A. Experiments compute resources
All the experiments were conducted on a server with 4 high-
performance GPUs, each providing up to 10,000+ CUDA
cores and 24GB of dedicated GPU memory, combined with
256GB system memory. The complete experiments took
approximately 300 hours to run.

B. The Use of Large Language Models (LLMs)
In this paper, large language models were used solely for
minor language polishing. No large language model was
involved in developing the core ideas, methods, or writing
of the main content.
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Figure 4. The average runtime of our method vs. Anchors as the number of input samples increases.

Figure 5. The average samples of our method vs. Anchors as the number of input samples increases.
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Figure 6. The fidelity and understandability results of our method vs. Anchors.
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