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ABSTRACT

Rule-based explanation methods offer rigorous and globally interpretable insights
into neural network behavior. However, existing approaches are mostly limited
to small fully connected networks and depend on costly layer-wise rule extrac-
tion and substitution processes. These limitations hinder their generalization to
more complex architectures such as Transformers. Moreover, existing methods
produce shallow, decision-tree-like rules that fail to capture rich, high-level ab-
stractions in complex domains like computer vision and natural language pro-
cessing. To address these challenges, we propose NEUROLOGIC, a novel frame-
work that extracts interpretable logical rules directly from deep neural networks.
Unlike previous methods, NEUROLOGIC can construct logic rules over hidden
predicates derived from neural representations at any chosen layer, in contrast
to costly layer-wise extraction and rewriting. This flexibility enables broader ar-
chitectural compatibility and improved scalability. Furthermore, NEUROLOGIC
supports richer logical constructs and can incorporate human prior knowledge to
ground hidden predicates back to the input space, enhancing interpretability. We
validate NEUROLOGIC on Transformer-based sentiment analysis, demonstrating
its ability to extract meaningful, interpretable logic rules and provide deeper in-
sights—tasks where existing methods struggle to scale. Our code is available at:
https://github.com/NeuroLogic2026/NeuroLogic.

1 INTRODUCTION

Among various explanation types for deep neural networks (DNNs), such as attributions (Selvaraju
et al., 2017) and hidden semantics (Bau et al., 2017), rule-based methods that generate global logic
rules over input sets, rather than local rules for individual samples, offer stronger interpretability and
are highly preferred (Pedreschi et al., 2019). However, most existing rule-based explanation methods
(Cohen, 1995; Zilke et al., 2016; Zarlenga et al., 2021a; Hemker et al., 2023) suffer from several
limitations. We highlight three key issues: (1) they mostly rely on layer-by-layer rule extraction and
rewriting to derive final rules, which introduces scalability limitations; (2) they are primarily tailored
to fully connected networks and fail to generalize to modern deep neural network architectures such
as Transformers; (3) the rules they produce are often shallow and decision-tree-like, lacking the
ability to capture high-level abstractions, which limits their effectiveness in complex domains.

To this end, we introduce NEUROLOGIC, a modern rule-based framework designed to address ar-
chitectural dependence, limited scalability, and the shallow nature of existing decision rules. Our
approach is inspired by Neural Activation Patterns (NAPs) (Geng et al., 2023; 2024) which are sub-
sets of neurons that consistently activate for inputs belonging to the same class. Specifically, for
any given layer, we identify salient neurons for each class and determine their optimal activation
thresholds, converting these neurons into hidden predicates. These predicates represent high-level
features learned by the model, where a true value indicates the presence of the corresponding feature
in a given input. Based on these predicates, NEUROLOGIC constructs first-order logic (FOL) rules
in a fully data-driven manner to approximate the internal behavior of neural networks.

The remaining challenge is to ground these hidden predicates in the original input space to en-
sure interpretability. Unlike existing approaches that can only produce shallow, decision-tree-like
rules, NEUROLOGIC features a flexible design that supports a wide range of interpretable surrogate
methods, such as program synthesis, to learn rules with richer and more expressive structures. To
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demonstrate its capabilities, we apply NEUROLOGIC to extract logic rules from Transformer-based
sentiment analysis—a setting where traditional rule-extraction methods struggle to scale. To the best
of our knowledge, this is the first approach capable of extracting global logic rules from modern,
complex architectures such as Transformers. We believe NEUROLOGIC represents a promising step
toward opening the black box of DNNs. Our contributions are summarized as follows:

• We propose NEUROLOGIC, a novel framework for extracting interpretable global logic
rules from DNNs. By abandoning the costly layer-wise rule extraction and substitution
paradigm, NEUROLOGIC achieves greater scalability and broad architectural compatibility.

• Experimental results on small-scale benchmarks demonstrate that NEUROLOGIC produces
more compact rules with higher efficiency than state-of-the-art methods, while maintaining
strong fidelity and predictive accuracy.

• We further showcase the practical feasibility of NEUROLOGIC in extracting meaningful
logic rules and providing insights into the internal mechanisms of Transformers—an area
where existing approaches struggle to scale effectively.

2 PRELIMINARY

Neural Networks for Classification Tasks We consider a general deep neural network N used for
classification. Let zli(x) denote the value of the i-th neuron at layer l for a given input x. We do not
assume any specific form for the transformation between layers, that is, the mapping from zl to zl+1

can be arbitrary. This abstraction allows our analysis to be broadly applied across architectures. The
network N as a whole functions as F<N> : X → R|C|, mapping an input x ∈ X from the dataset to
a score vector over the class set C. The predicted class is then given by ĉ = argmaxc∈C F<N>

c (x).

First-Order Logic First-Order Logic (FOL) is a formal language for stating interpretable rules
about objects and their relations/attributes. It extends propositional logic by introducing quantifiers
such as: Universal quantifier (∀): meaning “for all”, e.g., ∀x p(x) means p(x) holds for every x
and Existential quantifier (∃): meaning “there exists”, e.g., ∃x p(x) means there exists at least one
x for which p(x) holds. We focus on FOL rules in Disjunctive Normal Form (DNF), which are
disjunctions (ORs) of conjunctions (ANDs) of predicates. A predicate is a simple condition or
property on the input, e.g., pi(x). A clause is a conjunction (AND) of predicates, such as p1(x) ∧
p2(x) ∧ ¬p3(x). A DNF rule looks like a logical OR of multiple clauses:

∀x, (p1(x) ∧ p2(x)) ∨ (p3(x) ∧ ¬p4(x)) ⇒ Label(x) = c, (1)
meaning that for every input x, if any clause is satisfied, it is assigned to class c. This structured
form makes the rules easy to interpret and understand.

3 THE NEUROLOGIC FRAMEWORK

3.1 IDENTIFYING HIDDEN PREDICATES

For a given layer l, we aim to identify a subset of neurons that are highly indicative of a particular
class c ∈ C. These neurons form what are known as Neural Activation Patterns (NAPs) (Geng
et al., 2023; 2024). A neuron is considered part of the NAP for class c if its activation is consistently
higher for inputs from class c compared to inputs from other classes. This behavior suggests that
such neurons encode class-specific latent features at layer l, as discussed in (Geng et al., 2024).

To identify the NAP for a specific class c, we evaluate how selectively each neuron responds to
class c versus other classes. Since each neuron’s activation is a scalar value, we can assess its
discriminative power by learning a threshold t. This threshold separates inputs from class c and
those from other classes based on activation values.

Formally, we consider a neuron to support class c if its activation zlj(x) for input x satisfies zlj(x) ≥
t. If this condition holds, we classify x as belonging to class c; otherwise, it is classified as not
belonging to c. To quantify the effectiveness of a threshold t, we use the purity metric, defined as:

Purity(t) =

∣∣{x ∈ Xc : z
l
j(x) ≥ t

}∣∣
|Xc|

+

∣∣{x ∈ X¬c : z
l
j(x) < t

}∣∣
|X¬c|
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Here, Xc denotes the set of inputs from class c, while X¬c denotes inputs from all other classes.
A high purity value means the neuron cleanly separates class c from others, whereas a low value
suggests ambiguous or overlapping activation responses. We conduct a linear search to determine
the optimal threshold t as its final purity.

3.2 DETERMINING THE LOGICAL RULES

Formally, a predicate pj at layer l, together with its corresponding threshold tj , is defined as
pj(x) := I[z(l)j (x) ≥ tj ]. A True assignment indicates the presence of the specific latent feature of
class c for input x, while a False assignment signifies its absence. Intuitively, the more predicates
that fire, the stronger the evidence that x belongs to class c. However, this raises the question: to
what extent should we believe that x belongs to class c based on the pattern of predicate activations?

We address this question using a data-driven approach. Let P (l)
c = {p1, ..., pm} be the m predicates

retained for class c. Evaluating P
(l)
c on every class example x ∈ Xc gives a multiset of binary

vectors p(x) ∈ {0, 1}m. Each distinct vector can be treated as a clause, and the union of all clauses
forms a DNF rule:

∀x,
( ∨
v∈Vc

( ∧
i:vi=1

pi(x) ∧
∧

i:vi=0

¬pi(x)
))

=⇒ Label(x) = c

where Vc is the set of unique activation vectors for Xc .

3.3 GROUNDING PREDICATES TO THE INPUT FEATURE SPACE

The final step is to ground these hidden predicates in the input space to make them human-
interpretable. In this work, we present simple approaches for grounding predicates in simple input
domains, as well as in the complex input domain of large vocabulary spaces for Transformers.

Grounding Predicates in Simple Input Domains For deep neural networks (DNNs) applied to
tasks with simple input domains (e.g., tabular data), we aim to ground each predicate pj directly in
the raw input space. This enables more transparent and interpretable logic rules.

We reframe the grounding task as a supervised classification problem. For a given predicate pj , we
collect input examples where the predicate is activated versus deactivated, and then learn a symbolic
function that approximates this distinction.

Formally, for a target class c and predicate pj , we define the activation set and deactivation set,
respectively, as D(j)

1 = {x ∈ Xc | pj(x) = 1}, D(j)
0 = {x ∈ Xc | pj(x) = 0}. These are combined

into a labeled dataset alignD(j) = {(x, y) | x ∈ D
(j)
1 ∪D

(j)
0 , y = pj(x)}.

Then, to obtain expressive, compositional and human-readable logic rules as explanations, we em-
ploy program synthesis to learn a symbolic expression ϕj from a domain-specific language (DSL)
L. Unlike traditional decision-tree-like rules, the symbolic language L is richer: a composable
grammar over input features that supports not only logical and comparison operators but also linear
combinations and nonlinear functions. Specifically, the language includes:

• Atomic abstractions formed by applying threshold comparisons to linear or nonlinear func-
tions of the input features, for example,

a := f(x) ≤ θ or f(x) > θ, (2)
where f(x) can be any linear or nonlinear transformation, such as polynomials, trigono-
metric functions, or other basis expansions.

• Logical operators to combine these atomic abstractions into complex expressions:
ϕ ::= a | ¬ϕ | ϕ1 ∧ ϕ2 | ϕ1 ∨ ϕ2. (3)

The synthesis objective is to find an expression ϕj ∈ L that minimizes a combination of classifica-
tion loss and complexity, formally:

ϕj ∈ argmin
ϕ∈L

[
Lcls(ϕ;D

(j)) + λ · Ω(ϕ)
]
, (4)

3
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where Lcls measures how well ϕ approximates the predicate activations in D(j), Ω(ϕ) penalizes the
complexity of the expression (e.g., number of literals or tree depth), and λ balances the trade-off
between accuracy and interpretability.

This grounding approach also supports decision-tree-like rules, which are commonly used in existing
methods. In this context, such rules can be viewed as a special case of the above atomic abstractions,
where f(x) corresponds to individual features.

A simpler alternative is to leverage off-the-shelf decision tree algorithms: we train a decision tree
classifier fDT

j such that

fDT
j (x) ≈ pj(x), ∀x ∈ Xc. (5)

The resulting decision tree provides a simpler rule-based approximation of predicate activations,
effectively grounding pj in the input space in an interpretable manner.

Grounding predicates in the vocabulary space The input space in NLP domains (i.e., vocabu-
lary spaces) is typically extremely large, making it difficult to ground rules onto raw feature vectors.
In such domains, it is more effective to incorporate human prior knowledge like words, tokens, or
linguistic structure that are more semantically meaningful and ultimately guide the predictions made
by transformer-based models (Tenney et al., 2019a). In light of this, we define a set of atomic ab-
stractions over the vocabulary spaces. Each atomic abstraction corresponds to a template specifying
keywords along with their associated lexical structures. To ground the learned hidden predicates to
this domain knowledge, we leverage causal inference (Zarlenga et al., 2021b; Vig et al., 2020).

Formally, let A = {a1, a2, . . . , ak} be the set of atomic abstractions derived from domain knowl-
edge (e.g., keywords or lexical patterns), and let pj be a learned hidden predicate extracted from the
model’s internal representations, and x be an input instance (e.g., a text sample).

We define a causal intervention do(¬ai) as flipping the truth value of atomic abstraction ai in the
input x (e.g., masking the keyword associated with ai). The grounding procedure tests whether
flipping ai changes the truth of the hidden predicate pj :

If pj(x) = True and pj
(
do(¬ai)(x)

)
= False, (6)

then we infer a causal dependence of pj on ai, grounding pj to the atomic abstraction ai.

By iterating over all atomic abstractions ai ∈ A, we establish a mapping:

G : pj 7→ {ai ∈ A | flipping ai negates pj}, (7)

which grounds the hidden predicate pj in terms of semantically meaningful domain knowledge.

4 EVALUATION

We evaluate NEUROLOGIC across two settings, focusing primarily on its performance in challeng-
ing, large-scale scenarios. While detailed results for small-scale benchmarks are provided in Ap-
pendix B due to space constraints, those experiments demonstrate that NEUROLOGIC strikes a fa-
vorable balance by effectively combining faithfulness and computational efficiency to outperform
existing rule-based methods. The remainder of this section focuses on transformer-based sentiment
analysis, representing a demanding real-world application where existing methods often fail to scale.
Our results in this context highlight the practical viability and scalability of NEUROLOGIC.

Class Layer 1 (38.92%) Layer 2 (43.70%) Layer 3 (62.84%) Layer 4 (66.92%) Layer 5 (78.89%) Layer 6 (80.58%)
# Clauses Length # Clauses Length # Clauses Length # Clauses Length # Clauses Length # Clauses Length

Anger 70 4.29 91 4.27 91 4.82 75 4.51 42 4.19 33 4.15
Joy 58 3.62 50 4.18 58 4.81 48 4.98 35 5.14 20 4.25

Optimism 34 4.88 32 4.38 47 5.60 49 5.65 26 4.65 23 5.57
Sadness 78 4.76 53 4.36 84 5.25 73 3.78 46 4.72 38 4.92

Table 1: Number of clauses (# Clauses) and average clause length (Length) for each emotion class.
Per-layer rule-set accuracy is shown in parentheses following the layer number.
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Figure 1: The purity of predicates correlates
with accuracy as layers go deeper.
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Figure 2: The impact of the number of pred-
icates affects the rule model.

Layer 1 Layer 2 Layer 3 Layer 4 Layer 5 Layer 6
Keyword Pattern Keyword Pattern Keyword Pattern Keyword Pattern Keyword Pattern Keyword Pattern

the at_end i at_start it after_verb sad at_end sad at_end sad at_end
i at_end i before_verb you after_verb in after_subject sad after_verb lost after_subject

of at_end user at_start so after_subject sad after_verb depression at_end depression at_end
when at_start user before_subject but at_start sad at_start me after_subject sad after_verb
and after_subject a after_subject on after_verb the before_verb at after_verb sad after_subject
at after_verb i after_verb a at_end think after_subject sad after_subject sad at_start
be after_subject a after_verb of at_start sad after_subject sad at_start sadness at_end
to at_end is after_subject you after_subject depression at_end sadness at_end depression at_start

was after_verb to after_verb it after_subject in at_start depression after_verb depressing at_end
sad at_end i after_subject just at_start by after_verb be after_verb depressing after_subject

when before_subject user before_verb so after_verb user after_verb am after_subject lost at_start
like after_subject it at_start can after_subject be after_subject was before_verb nightmare at_end

when before_verb is at_start of before_verb think at_start at after_subject sadness after_verb
like after_verb and after_verb can before_verb with after_subject at at_start lost at_end
are after_subject my after_verb sad after_verb really after_subject depressing at_end anxiety after_verb

Table 2: Top 15 keyword linguistic pattern pairs for class Sadness learned by the top DNF rules.

Setup and Baselines We evaluate NEUROLOGIC on the Emotion task from the TWEETEVAL
benchmark, which contains approximately 5,000 posts from Twitter, each labeled with one of four
emotions: Anger, Joy, Optimism, or Sadness (Barbieri et al., 2020). All experiments use the pre-
trained model, a 6-layer DistilBERT fine-tuned on the same TweetEval splits (Schmid, 2024; Sanh
et al., 2020). The pretrained model has a test accuracy of 80.59%. The model contains approxi-
mately 66 million parameters, and we empirically validate that existing methods fail to efficiently
scale to this level of complexity. For rule grounding, we approximate predicate-level interventions
by masking tokens that instantiate an atomic abstract ai and flip an active DNF clause to False,
thereby identifying ai as its causal grounder. In our study, each ai is defined as a (keyword, linguistic
pattern) pair, where the linguistic pattern may include structures such as at_start. We bench-
mark the grounded rules produced by NEUROLOGIC against a classical purely lexical baseline.1
EMOLEX (Mohammad & Turney, 2013) tags a tweet as Sadness whenever it contains any word
from its emotion dictionary. This method relies on isolated keyword matching, with syntactical or
other linguistic patterns ignored. Additional details are provided in the Appendix C.5.

Identifying Predicates We extract hidden predicates from all six Transformer layers and observe
that, as layers deepen, the predicates tend to exhibit higher purity, from average 1.1 to 1.8. This trend
also correlates with the test accuracy from around 40 % to 80% of our rule-based model, as illus-
trated in Figure 1. These results suggest that deeper layers capture more essential and task-relevant
decision-making patterns, consistent with prior findings in (Geng et al., 2023; 2024). Another no-
table observation is that, surprisingly, a small number of predicates, specifically the top five, are
often sufficient to explain the model’s behavior. As shown in Figure 2, including more predicates
beyond this point can even reduce accuracy, particularly in shallower layers (Layers 1 and 2). Mid-
dle layers (Layers 3 and 4) are less affected, while deeper layers (Layers 5 and 6) remain relatively
stable. Upon closer inspection, we find that this decline is due to the added predicates being noisier
and less semantically meaningful, thereby introducing spurious patterns that degrade rule quality.

Constructing Rules Based on Figure 2, we select the top-15 predicates to construct the DNF rules,
meaning that each clause initially consists of 15 predicates. However, after distillation, we find that,

1To the best of our knowledge, no existing rule-extraction baseline is available for this task.
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on average, fewer than five predicates are retained, as reported in Table 1. As a stand-alone classifier,
the rule set distilled from Layer 6 achieves an accuracy of 80.58%, on par with the neural model’s
accuracy (80.59%). Notably, the distilled DNF rule sets primarily consist of positive predicates, with
negations rarely appearing. This indicates that the underlying neuron activations function more like
selective filters, each tuned to respond to specific input patterns rather than suppressing irrelevant
ones. This aligns with the intuition that deeper transformer layers develop specialized units that
favor and reinforce certain semantic or structural patterns, making the logic rules not only more
compact but also more interpretable and faithful to the model’s decision boundaries.

Grounding Rules To simplify our analysis, we focus on the Sadness class and the highest-scoring
DNF rule per layer in Table 2. We claim this is empirically justified: Figure 3 (Appendix) shows
that the class accuracy for each layer is explained significantly by the top DNF rule, so it effectively
“decides" whether an example is labelled Sadness or not while the other rules handle outliers and
more nuanced examples. In the earlier layers 1–2, high-frequency function keywords such as the,
i, of, and at mostly describe surface positions i.e at_end. These words don’t include any Sadness
emotional keywords but rather provides syntactic cues like subject boundaries and sentence structur-
ing. This observation mirrors earlier probing attempts on Transformer layers (Tenney et al., 2019b;
Peters et al., 2018). In mid-layers 3–4, the introduction of explicit Sad keywords (sad, depression)
starts to mix in with anchors like in and you. This indicates a slow transition where emotional con-
tent is starting to get attended to, but overall linguistic patterns that encode local syntax are still
required for rules to fire. Finally, in the deep layers 5–6, it is evident that the top rule fires nearly
exclusively on keywords that convey Sadness (sad, lost, textit depression, nightmare, anxiety, bad).
Each keyword appears numerous times paired with different linguistic patterns, with certain key-
words being refined and pushed up (lost, sadness, sad, depression). Additionally, we also see a
pattern collapse in later layers where many of the same keywords appear with multiple patterns.
Together, these trends show that deeper predicates become less about local syntax and more about
whether a salient semantic token is present anywhere in the input–an observation shared in many
other findings (de Vries et al., 2020; Peters et al., 2018).

5 RELATED WORK

Interpreting neural networks with logic rules has been explored since before the deep learning era.
These approaches are typically categorized into two groups: pedagogical and decompositional meth-
ods (Zhang et al., 2021; Craven & Shavlik, 1994). Pedagogical approaches approximate the network
in an end-to-end manner. For example, classic decision tree algorithms such as CART (Breiman
et al., 1984) and C4.5 (Quinlan, 1993) have been adapted to extract decision trees from trained neural
networks (Craven & Shavlik, 1995; Krishnan et al., 1999; Boz, 2002). In contrast, decompositional
methods leverage internal network information, such as structure and learned weights, to extract
rules by analyzing the model’s internal connections. A core challenge in rule extraction lies in iden-
tifying layerwise value ranges through these connections and mapping them back to input features.
While recent works have explored more efficient search strategies (Zilke et al., 2016; Zarlenga et al.,
2021a), these methods typically scale only to very small networks due to the exponential growth
of the search space with the number of attributes. Our proposed method, NEUROLOGIC, combines
the efficiency of pedagogical approaches with the faithfulness of decompositional ones, making it
scalable to modern DNN models. Its flexible design also enables the generation of more abstract
and interpretable rules, moving beyond the limitations of shallow, decision tree–style explanations.

6 CONCLUSION

In this work, we introduce NEUROLOGIC, a novel framework for extracting interpretable logic rules
from modern deep neural networks. NEUROLOGIC abandons the costly paradigm of layer-wise
rule extraction and substitution, enabling greater scalability and architectural compatibility. Its de-
coupled design allows for flexible grounding, supporting the generation of more abstract and inter-
pretable rules. We demonstrate the practical feasibility of NEUROLOGIC in extracting meaningful
logic rules and providing deeper insights into the inner workings of Transformers.

6
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A ADDITIONAL DETAILS ON SMALL-SCALE BENCHMARKS

All experiments were conducted on a desktop equipped with a 2GHz Intel i7 processor and 32
GB of RAM. For each baseline, we used the original implementation and followed the authors’
recommended hyperparameters to ensure a fair comparison. We performed all experiments across
five different random folds to initialize the train-test splits, the random initialization of the DNN, and
the random inputs for the baselines. Regarding the metric of average clause length, there appears
to be a discrepancy in how it is computed in (Zarlenga et al., 2021a) and (Hemker et al., 2023).
Specifically, Zarlenga et al. (2021a) seems to underestimate the average clause length. To ensure
consistency and accuracy, we adopt the computation method used in (Hemker et al., 2023).

To maintain consistency, we used the same DNN topology (i.e., number and depth of layers) as in
the experiments reported by (Zarlenga et al., 2021a). For NEUROLOGIC, we applied it to the last
hidden layer and used the C5.0 decision tree as the grounding method for optimal efficiency. Below
is a detailed description of each dataset:

MAGIC. The MAGIC dataset simulates the detection of high-energy gamma particles ver-
sus background cosmic hadrons using imaging signals captured by a ground-based atmospheric
Cherenkov telescope (Bock et al., 2004). It consists of 19,020 samples with 10 handcrafted fea-
tures extracted from the telescope’s “shower images.” The dataset is moderately imbalanced, with
approximately 35% of instances belonging to the minority (gamma) class.

Metabric-ER. This biomedical dataset is constructed from the METABRIC cohort and focuses on
predicting Estrogen Receptor (ER) status—a key immunohistochemical marker for breast cancer—
based on 1,000 features, including tumor characteristics, gene expression levels, clinical variables,
and survival indicators. Of the 1,980 patients, roughly 24% are ER-positive, indicating the presence
of hormone receptors that influence tumor growth.

Metabric-Hist. Also derived from the METABRIC cohort (Pereira et al., 2016), this dataset uses
the mRNA expression profiles of 1,694 patients (spanning 1,004 genes) to classify tumors into two
major histological subtypes: Invasive Lobular Carcinoma (ILC) and Invasive Ductal Carcinoma
(IDC). Positive diagnoses (ILC) account for only 8.7% of all samples, resulting in a highly imbal-
anced classification setting.

XOR. A synthetic dataset commonly used as a benchmark for rule-based models. Each instance
x(i) ∈ [0, 1]10 is sampled independently from a uniform distribution. Labels are assigned according
to a non-linear XOR logic over the first two dimensions:

y(i) = round(x(i)
1 )⊕ round(x(i)

2 ),

where ⊕ denotes the logical XOR operation. The dataset contains 1,000 instances.

B EVALUATION ON SMALL-SCALE BENCHMARKS

Setup and Baselines We evaluate NEUROLOGIC against popular rule-based explanation methods
C5.0 2, ECLAIRE (Zarlenga et al., 2021a), and CGXPLAIN (Hemker et al., 2023) on four standard
interpretability benchmarks: XOR, MB-ER, MB-HIST, and MAGIC. For each baseline, we use the
original implementation and follow the authors’ recommended hyperparameters. We evaluate all
methods using five metrics: accuracy, fidelity (agreement with the original model), runtime, number
of clauses, and average clause length, to assess both interpretability and performance.

Notably, NEUROLOGIC consistently produces the most concise explanations, as reflected by both
the number of clauses and the average clause length. In particular, it generates rule sets with substan-
tially shorter average clause lengths—for example, on MB-HIST, it achieves 2.7± 0.3 compared to
27.8±7.6 by the previous state-of-the-art, CGXPLAIN. This conciseness, along with fewer clauses,
directly enhances interpretability and readability by reducing overall rule complexity. These results
highlight a key advantage of NEUROLOGIC and align with our design goal of improving inter-
pretability.

2This represents the use of the C5.0 decision tree algorithm to learn rules in an end-to-end manner.
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Method Accuracy (%) Fidelity (%) Runtime (s) Number of Clauses Avg Clause Length

X
O

R

C5.0 52.6 ± 0.2 53.0 ± 0.2 0.1 ± 0.0 1 ± 0 1 ± 0
ECLAIRE 91.8 ± 1.0 91.4 ± 2.4 6.2 ± 0.4 87.0 ± 16.2 263.0 ± 49.1
CGXPLAIN 96.7 ± 1.7 92.4 ± 1.1 9.1 ± 1.8 3.6 ± 1.8 10.4 ± 7.2
NEUROLOGIC 89.6 ± 1.9 90.3 ± 1.6 1.2 ± 0.3 10.8 ± 3.5 6.8 ± 2.0

M
B

-E
R

C5.0 92.7 ± 0.9 89.3 ± 1.0 20.3 ± 0.8 21.8 ± 3 72.4 ± 14.5
ECLAIRE 94.1 ± 1.6 94.7 ± 0.2 123.5 ± 36.8 48.3 ± 15.3 137.6 ± 24.7
CGXPLAIN 92.4 ± 0.7 94.7 ± 0.9 462.7 ± 34.0 5.9 ± 1.1 21.8 ± 3.4
NEUROLOGIC 92.8 ± 0.9 92.7 ± 1.4 6.0 ± 1.2 5.8 ± 1.0 3.7 ± 0.2

M
B

-H
IS

T

C5.0 87.9 ± 0.9 89.3 ± 1.0 16.06 ± 0.64 12.8 ± 3.1 35.2 ± 11.3
ECLAIRE 88.9 ± 2.3 89.4 ± 1.8 174.5 ± 73.2 30.0 ± 12.4 74.7 ± 15.7
CGXPLAIN 89.4 ± 2.5 89.1 ± 3.6 285.3 ± 10.3 5.2 ± 1.9 27.8 ± 7.6
NEUROLOGIC 90.7 ± 0.9 92.0 ± 3.5 2.3 ± 0.2 3.6 ± 1.6 2.7 ± 0.3

M
A

G
IC

C5.0 82.8 ± 0.9 85.4 ± 2.5 1.9 ± 0.1 57.8 ± 4.5 208.7 ± 37.6
ECLAIRE 84.6 ± 0.5 87.4 ± 1.2 240.0 ± 35.9 392.2 ± 73.9 1513.4 ± 317.8
CGXPLAIN 84.4 ± 0.8 91.5 ± 1.3 44.6 ± 2.9 7.4 ± 0.8 11.6 ± 1.9
NEUROLOGIC 84.6 ± 0.5 90.8 ± 0.7 17.0 ± 1.5 6.0 ± 0.0 3.6 ± 0.1

Table 3: Comparison of rule-based explanation methods across different benchmarks. The best
results are highlighted in bold.

By avoiding the costly layer-wise rule extraction and substitution paradigm employed by ECLAIRE
and CGXPLAIN, NEUROLOGIC achieves significantly higher efficiency. Although C5.0 can be
faster in some cases by directly extracting rules from DNNs, it often suffers from lower fidelity,
reduced accuracy, or the generation of overly complex rule sets. For example, while C5.0 can
complete rule extraction on XOR in just 0.1 seconds, its accuracy is only around 52%. In contrast,
NEUROLOGIC consistently achieves strong performance in both fidelity and accuracy across all
benchmarks. These results demonstrate that NEUROLOGIC strikes a favorable balance by effectively
combining interpretability, computational efficiency, and faithfulness, outperforming existing rule-
based methods.

C ADDITIONAL DETAILS ON TRANSFORMER-BASED SENTIMENT ANALYSIS

All experiments are conducted on a machine running Ubuntu 22.04 LTS, equipped with an NVIDIA
A100 GPU (40 GB VRAM), 85 GB of RAM, and dual Intel Xeon CPUs.

EmoLex. We use the NRC Word-Emotion Association Lexicon (Mohammad & Turney, 2013).
Tweets are lower-cased and split into alphabetical word fragments with regex. The tweet is assigned
emotion e iff any word appears in the EmoLex list for e. No lemmatisation, emoji handling, or other
heuristics are applied.

C.1 GROUNDING RULE TEMPLATES PROCEDURE

Given DNFs extracted in §3.2, we ground each DNF to lexical templates of the underlying text. Our
implementation (causal_word_lexical_batched does the following:

Implementation We use spaCy 3.7 (en_core_web_sm) for sentence segmentation, POS tags,
and dependency arcs. 1) Causal test. For every neuron-predicate in the learned DNF, we mask one
candidate word. If the forward pass flips the DNF class prediction i.e any predicate in the DNF flips,
the word is deemed causal. We then fit this word into the possible templates.
2) Template types. Once a word is deemed causal, we map it to the first matching template in the
following order:

1. IS_HASHTAG: word starts with “#”.

2. AT_START / AT_END: word’s index within its sentence falls in the first or last 20 % of
tokens (α = 0.20).
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3. BEFORE/AFTER_SUBJECT: using spaCy, locate the first nsubj/nsubjpass; the
word is BEFORE or AFTER if it appears within a ± 6-token window of that subject.

4. BEFORE/AFTER_VERB: same window logic around the first main VERB.
5. EXISTS: general template, applied to all templates.

This assignment yields the (word, template) pair that forms the grounded rules.
3) Scoring & ordering. For every (word, template) rule, we compute a support score

s = idf(w)
flips(w, t)

total(w, t)
, idf(w) = log

Ndocs + 1

df(w) + 1
.

Templates with s ≥ τ (τ = 0.03) are kept. The final rule list for each class is sorted in descending
s so highest score appears first.

C.2 TOP DNF RULE ACCURACY FOR EACH CLASS

We report the class-wise accuracy achieved by the top DNF rule at each layer in Figure 3. The
results show that each layer’s behavior can be effectively and consistently explained by its corre-
sponding top DNF rule, demonstrating a strong alignment between the rule and the model’s internal
representations.

1 2 3 4 5 6
Layer

0.3

0.4

0.5

0.6

0.7
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0.9

To
p-

ru
le
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cc
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Anger
Joy
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Figure 3: Top DNF rule accuracy for each class by layer.

C.3 CODE

All code used for our experiments is available in the following GitHub repository:
github.com/NeuroLogic2026/NeuroLogic.

C.4 TOKEN POSITION ANALYSIS

Figures 4a, 4b, 4c, and 4d present results for the classes Anger, Sadness, Optimism, and Joy, re-
spectively. We identify causal tokens—words whose masking flips the activation of at least one
class-specific predicate neuron. These words are grouped into 10 buckets based on their relative
position within the input.

C.5 COMPARE WITH BASELINE

EmoLex Baseline. We use the NRC Word-Emotion Association Lexicon, EMOLEX (Mohammad
& Turney, 2013). Tweets are lower-cased and split into alphabetical word fragments with regex.
The tweet is assigned emotion e iff any word appears in the EmoLex list for e. No lemmatisation,
emoji handling, or other heuristics are applied.

Table 4 compares the top-10 token cues for the class Sadness extracted by each method. NEURO-
LOGIC’s top-10 list preserves core sadness cues like sad, depression, sadness, depressing, sadly,
depressed, mourn, anxiety while promoting unique contextual hits like nightmare and never in place
of more noisy terms like terrorism or feeling. Concretely, our method lifts the F1 from 0.297 to
0.499 by stripping out noisy cross-class terms without losing coverage.
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(a) Anger (b) Sadness

(c) Optimism (d) Joy

Figure 4: Heat maps of keywords by positional bucket for different emotion classes.

EMOLEX NeuroLogic
depression sad
bad depression
lost lost
terrorism depressing
sadness sadness
awful sadly
anxiety mourn
depressed nightmare
feeling anxiety
offended never

F1 0.297 0.499

Table 4: Top-10 words for the Sadness class from EMOLEX and NEUROLOGIC. The bottom row
reports the F1 scores.

C.6 TOP GROUNDED RULES

Tables 5, 6, 7, 8, 9, 10 present the top five grounded rules, i.e., (Keyword, Template) pairs, associated
with the top five neurons in each corresponding layer, respectively.
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Neuron Class Purity Keyword Template Flips Rate

438 optimism 1.2304

is before_verb 14 1.00
a exists 14 1.00
you before_verb 32 1.00
you at_start 25 1.00
you after_subject 22 1.00

683 optimism 1.2237

is before_verb 17 1.00
a exists 13 1.00
you before_verb 21 1.00
you at_start 18 1.00
you after_subject 16 1.00

568 optimism 1.2081

is before_verb 20 1.00
a exists 17 1.00
you before_verb 22 1.00
you at_start 22 1.00
you after_subject 19 1.00

389 anger 1.2037

my at_end 12 1.00
it at_start 74 1.00
it exists 55 1.00
it before_verb 52 1.00
it at_end 43 1.00

757 optimism 1.2006

is before_verb 15 1.00
a exists 13 1.00
you before_verb 26 1.00
you at_start 23 1.00
you after_subject 18 1.00

Table 5: Top-5 grounded rules in layer 1.

14



756
757
758
759
760
761
762
763
764
765
766
767
768
769
770
771
772
773
774
775
776
777
778
779
780
781
782
783
784
785
786
787
788
789
790
791
792
793
794
795
796
797
798
799
800
801
802
803
804
805
806
807
808
809

Under review as a conference paper at ICLR 2026

Neuron Class Purity Keyword Template Flips Rate

734 anger 1.1921

it at_start 61 1.00
it after_verb 73 1.00
s after_subject 62 1.00
that after_subject 84 1.00
that after_verb 87 1.00

110 anger 1.1875

it at_start 6 1.00
it after_verb 6 1.00
s after_subject 5 1.00
that after_subject 3 1.00
that after_verb 1 1.00

756 anger 1.1739

it at_start 52 1.00
it after_verb 63 1.00
s after_subject 61 1.00
that after_subject 64 1.00
that after_verb 70 1.00

635 anger 1.1722

it at_start 53 1.00
it after_verb 60 1.00
s after_subject 65 1.00
that after_subject 69 1.00
that after_verb 78 1.00

453 anger 1.1628

it at_start 52 1.00
it after_verb 62 1.00
s after_subject 64 1.00
that after_subject 69 1.00
that after_verb 74 1.00

Table 6: Top-5 grounded rules in layer 2.
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Neuron Class Purity Keyword Template Flips Rate
597 joy 1.4149 amazing after_verb 1 1.00

509 anger 1.3988

it at_end 16 1.00
that before_subject 8 1.00
he before_verb 23 1.00
he at_start 19 1.00
user after_subject 16 1.00

495 anger 1.3886

it at_end 10 1.00
that before_subject 14 1.00
he before_verb 10 1.00
he at_start 12 1.00
user after_subject 13 1.00

652 joy 1.3743

amazing after_verb 28 1.00
live after_verb 27 1.00
ly before_verb 27 1.00
ly at_start 27 1.00
musically at_end 27 1.00

734 anger 1.3660

it at_end 6 1.00
that before_subject 2 1.00
he before_verb 1 1.00
he at_start 1 1.00
user after_subject 3 1.00

Table 7: Top-5 grounded rules in layer 3.

Neuron Class Purity Keyword Template Flips Rate
499 joy 1.8198 today at_start 1 1.00
258 joy 1.7694 heyday after_verb 1 1.00

698 joy 1.7653 heyday after_verb 1 1.00
today at_start 3 1.00

221 joy 1.7426 today at_start 1 1.00

535 joy 1.7384
heyday after_verb 2 1.00
glee before_subject 6 1.00
today at_start 2 1.00

Table 9: Top-5 grounded rules in layer 5.
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Neuron Class Purity Keyword Template Flips Rate
597 joy 1.5896 is before_verb 1 1.00

232 joy 1.5464

is before_verb 4 1.00
amazing after_verb 1 1.00
i after_subject 6 0.96
i after_verb 8 0.96
this after_verb 5 0.96

66 joy 1.5405 is before_verb 2 1.00
this after_verb 1 0.96

399 anger 1.5323

s exists 2 1.00
fucking after_subject 4 1.00
but before_subject 1 1.00
but at_start 1 1.00
but before_verb 1 1.00

71 joy 1.5262

is before_verb 8 1.00
amazing after_verb 1 1.00
i after_subject 20 0.96
i after_verb 17 0.96
this after_verb 9 0.96

Table 8: Top-5 grounded rules in layer 4.

Neuron Class Purity Keyword Template Flips Rate

122 joy 1.8478 laughter after_subject 2 1.00
hilarious after_subject 1 0.88

344 joy 1.8359

playful exists 1 1.00
smiling after_subject 2 1.00
laughter at_end 1 1.00
laughter after_subject 1 1.00
hilarious after_subject 2 0.88

497 joy 1.8342 laughter after_subject 1 1.00
hilarious after_subject 1 0.88

212 joy 1.8330

playful exists 1 1.00
omg before_subject 1 1.00
smiling after_subject 2 1.00
laughter at_end 1 1.00
laughter after_subject 3 1.00

452 joy 1.8261 laughter after_subject 1 1.00
hilarious after_subject 1 0.88

Table 10: Top-5 grounded rules in layer 6.
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C.7 TOP THREE RULES PER CLASS FOR EVERY LAYER

Tables 11 and 12 present the top three grounded rules for each class across all layers.

Class Keyword Template Flips Total Rate Neuron
Layer 1

anger terrorism after_subject 19 19 1.00 125
anger am at_start 19 19 1.00 125
anger terrorism after_subject 17 19 1.00 695
joy ly before_verb 27 27 1.00 505
joy ly at_start 27 27 1.00 505
joy musically at_end 27 27 1.00 505
optimism can after_subject 17 19 1.00 563
optimism your after_verb 18 21 1.00 438
optimism your after_verb 18 21 1.00 563
sadness want after_subject 17 19 1.00 52
sadness lost after_subject 24 30 1.00 52
sadness want after_subject 16 19 1.00 679

Layer 2
anger have after_subject 67 86 1.00 298
anger with after_verb 67 84 1.00 298
anger have after_subject 65 86 1.00 136
sadness my after_verb 83 94 1.00 698
sadness is after_subject 96 110 1.00 712
sadness my after_verb 72 94 1.00 712

Layer 3
anger people before_verb 27 32 1.00 189
anger why before_verb 23 30 1.00 189
anger why before_subject 23 31 1.00 189
joy ly before_verb 27 27 1.00 652
joy ly before_verb 27 27 1.00 28
joy ly at_start 27 27 1.00 652
optimism be after_subject 22 26 1.00 459
optimism be after_subject 22 26 1.00 416
optimism be after_subject 19 26 1.00 157
sadness sad at_end 25 27 1.00 316
sadness sad at_end 24 27 1.00 498
sadness sad after_verb 23 26 1.00 305

Table 11: Top-3 grounded rules per class (Layers 1 to 3).
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Class Token Keyword Template Total Rate Neuron
Layer 4

anger fucking after_subject 20 20 1.00 434
anger anger after_verb 18 19 1.00 92
anger terrorism after_subject 17 19 1.00 92
joy amazing after_verb 29 31 1.00 95
joy this after_verb 41 48 0.96 95
joy is before_verb 19 25 1.00 95
optimism be after_subject 22 26 1.00 416
optimism you at_start 26 34 0.97 416
optimism you before_verb 29 38 1.00 416
sadness sad at_end 19 27 1.00 305
sadness sad at_end 19 27 1.00 23
sadness sad at_end 17 27 1.00 296

Layer 5
anger awful at_end 15 19 0.84 92
anger angry after_subject 22 27 0.93 92
anger angry after_verb 21 27 0.89 92
optimism it at_start 9 24 0.83 430
optimism it before_verb 6 21 0.81 430
optimism is at_start 8 29 0.76 459
sadness sad at_end 23 27 0.93 246
sadness sadness exists 17 23 0.83 433
sadness sad at_end 22 27 0.93 433

Layer 6
anger anger after_verb 14 19 0.89 531
anger awful at_end 13 19 0.74 15
anger anger after_verb 13 19 0.89 603
optimism not after_subject 14 19 0.74 142
optimism s after_subject 13 20 0.75 142
optimism user exists 15 20 0.80 142
sadness sadness exists 17 23 0.78 298
sadness sad exists 25 31 0.81 298
sadness sad at_end 21 27 0.89 242

Table 12: Top-3 grounded rules per class (Layers 4 to 6).
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