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Abstract

Pervasive polysemanticity in large language models (LLMs) undermines discrete neu-
ron—concept attribution, posing a significant challenge for model interpretation and control.
We systematically analyze both encoder and decoder-based LLMs across diverse datasets,
and observe that even highly salient neurons for specific semantic concepts consistently
exhibit polysemantic behavior. Importantly, we uncover a consistent pattern: concept-
conditioned activation magnitudes of neurons form distinct, often Gaussian-like distributions
with minimal overlap. Building on this observation, we hypothesize that interpreting and
intervening on concept-specific activation ranges can enable more precise interpretability and
targeted manipulation in LLMs. To this end, we introduce Neuron LensEL a novel range-based
interpretation and manipulation framework that localizes concept attribution to activation
ranges within a neuron. Extensive empirical evaluations show that range-based interventions
enable effective manipulation of target concepts while causing substantially less collateral
degradation to auxiliary concepts and overall model performance compared to neuron-level
masking.

1 Introduction

Neuron interpretation aims to uncover how individual neurons encode semantic concepts and contribute to
model outputs. Recent work has made significant progress in this direction by identifying neurons that are
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strongly associated with specific concepts or model behavior (Dalvi et al., [2019aj; |Antverg & Belinkov], [2022;
Conmy et al. 2023} Marks et al.,|2024). Common approaches include maximal activation analysis (Foote et al.,
2023; [Frankle & Carbin, |2019), which links neurons to inputs that produce the highest activations, probe-based
methods (Dalvi et al.| [2019a3b]) that employ auxiliary classifiers to assess neuron—concept associations, and
probeless approaches (Antverg & Belinkov, 2022) that infer such associations directly from neuron activations.

These methods typically rely, explicitly or implicitly, on discrete neuron-to-concept mappings, assuming that
entire neurons encode single concepts. However, neurons frequently exhibit polysemanticity; the ability to
encode multiple, seemingly unrelated concepts (Lecomte et al.l |2024; Marshall & Kirchner, 2024). Given
this heterogeneous encoding of concepts, traditional approaches can lead to unintended consequences when
manipulating neurons, as changes intended for one concept may inadvertently affect others encoded by the
same neuron, and suboptimal interpretations of concepts (Sajjad et al., [2022).

To better understand how polysemanticity manifests at the neuron level, we conduct a systematic analysis of
neuron activations in both encoder- and decoder-based LLMs across multiple datasets. Focusing on neurons
identified as salient for specific concepts, we observe that these neurons consistently exhibit polysemantic
behavior, often responding to multiple concepts. Through qualitative and quantitative analysis, we further
discover that concept-conditioned neuronal activation magnitudes form Gaussian-like distributions, with
minimal overlap across different concepts. This observation suggests that although individual neurons are
polysemantic, the activations associated with a given concept tend to concentrate within a specific band of
activation magnitudes. That is, each concept is typically expressed within a characteristic activation range of
a neuron, even when the same neuron participates in encoding multiple concepts.

Building on this observation, we introduce NeuronlLens, a range-based attribution framework for neuron
interpretation and manipulation, illustrated in Figure Rather than attributing an entire neuron to a
single concept, NeuronLens identifies and maps specific activation ranges within a neuron’s distribution
to individual concepts. Specifically, for a given concept, NeuronlLens calculates an activation range that
captures the majority of concept-conditioned activations, enabling precise attribution, which in turn allows for
interventions that operate selectively within this range while leaving other activation regimes of the neuron
unaffected. To causally validate our approach, we run extensive concept-erasure experiments. Across settings,
our method reduces unintended interference on auxiliary concepts by up to 25 percentage points (-14 on
Llama) than full neuron masking. Additionally, our range-based interventions preserve general capabilities of
models, maintaining or improving performance on MMLU benchmark in most settings, while incurring only
minor increases in language modeling perplexity on Wikipedia text.

Our work makes the following contributions. (1) We show that neuronal activations in LLMs form concept-
conditioned, Gaussian-like distributions, with often exhibiting limited overlap across concepts. (2) We empiri-
cally demonstrate that concept-specific activation ranges are consistently identifiable within polysemantic
neurons, providing a more fine-grained handle for neuron-level interpretation than discrete neuron-to-concept
attribution. (3) We introduce Neuronlens to interpret and causally validate concept-specific activation
ranges for targeted interventions, enabling precise manipulation of target concepts while reducing unintended
interference compared to neuron-level masking.

2 Neuron Interpretation Analysis

2.1 Preliminaries

Neuron. We refer to the output of an activation as a neuron. In a transformer model, we consider neurons
of hidden state vectors of different transformer layers. Formally, given a hidden state vector h! [CRF of size d
produced by layer I, hJ'- denotes its j-th neuron, i.e., the j-th component of h'.

Concept. A concept ¢ [ is a high-level semantic category that groups each input instance (or components
of every instance), where C is the set of all concepts. For example, in a language task, a sentence can be
categorized into four types: declarative, interrogative, imperative, and exclamatory, where each type is a
concept. Words in a sentence can also convey concepts such as nouns, verbs, adjectives, adverbs, and more.
We study settings where all inputs are labeled with concepts.
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Figure 1: Different concepts induce distinct, Gaussian-like activation distributions within the same neuron,
enabling range-based concept attribution and intervention.

Saliency Ranking. A saliency ranking orders the importance of neurons based on some saliency metric.
For a hidden state vector h', we denote the value of the saliency metric for the j-th neuron with respect to
a concept C as S§. The saliency ranking (re(1),re(2), -+, re(d)) is a permutation of the indices of neurons
(1,2,---,d), where rc(j) < re(i) if s{ > sf. The saliency metric is usually predefined, such as absolute neuron
activation values.

Concept Learning. Given a hidden state vector h' as input, the associated concept can be the output of
an appended neural network (e.g., several fully connected layers). The parameters of this appended neural
network can be trained using training samples labeled with concepts.

2.2 Datasets and Models

Datasets. For various experiments in this work, we utilize the following datasets: sentiment analysis
(IMDB (Maas et all [2011))), (SST2 (Socher et al., [2013])), emotion detection (Dair-Ai/Emotions (Saravial
2018))), news classification (AG-News (Zhang et al. 2015)), and article content categorization (DBPedia-
14 (Zhang et al [2015))). Moreover, we use the MMLU benchmark (Hendrycks et all, [2021)) to evaluate the
general capabilities of LLMs and Wikipedia texts for open-ended generation. Details of concepts
tested, along with examples, are provided in Appendix [O] Table [33] and Table [34]

Models. This work employs both encoder and decoder-based models, including pretrained Llama-3.2-3B
Grattafiori, [2024)), fine-tuned BERT (Devlin et al.| [2019)), DistilBERT (Sanh et al), [2020), and GPT-2
Radford et al., |2019).

2.3 Salient Neurons Extraction

We record activations for training samples of different concepts to perform neuron interpretation. Specifically,
if we want to interpret neurons of h! (hidden vector at layer 1), we perform a forward pass using the training
dataset and store the values of h' and the associated concepts of all samples into a set H'. The set H' is
further partitioned into Hé for all concepts ¢ [A. Such preparation is common in the relevant literature
(Dalvi et all 2019¢]b; [Antverg & Belinkov, [2022).

We explore standard neuron saliency approaches, namely max activations (Frankle & Carbinl [2019)), prob-
less (Antverg & Belinkov, 2022), and probe analysis (Dalvi et al.l |2019b). Details of these approaches are
provided in Appendix [C] To evaluate these saliency methods, we employ a concept erasure task that masks
the neurons identified as salient by each method and measures their ability to suppress a target concept
while minimally affecting auxiliary concepts. Table [6] in Appendix [C] provides the results for this experiment.
Notably, all evaluated saliency methods exhibit degradation in auxiliary concepts when salient neurons for
a target concept are masked. One explanation for such deterioration in auxiliary concepts is due to the
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Figure 2: Overlap in top 30% salient neurons in GPT-2 model across classes in various datasets.

polysemantic neurons. That is, if individual neurons encode multiple concepts, interventions targeting a
speci ¢ concept can inadvertently disrupt other concepts co-represented within the same neurons.

While any saliency method can be used to identify in uential neurons, we adopt max activation ranking
throughout this work because it provides the strongest targeted suppressias compared to other evaluated
methods while exhibiting comparable degradation in auxiliary concepts.

3 Polysemanticity

Polysemanticity often arises when models must represent more features than their capacity allows or due
to speci c training paradigms (Anthropic, 2023). Training methods like subword tokenization, designed to
reduce vocabulary size and model complexity, lead to context-dependent token splits, causing activations
to encode multiple meanings |(Sennrich et al., 2016; Elhage et al., 2022; Meng et|al., 2022). Additionally,
Lecomte et al| (2024) show that even with su cient capacity, weight initializations can induce polysemanticity

by placing neurons near multiple conceptual regions. Irrespective of its cause, the polysemanticity of neurons,
including salient neurons that encode multiple concepts, challenges the discrete neuron-to-concept attribution
paradigm, which maps a concept to an entire neuron.

Polysemanticity in Salient Neurons. To study polysemanticity in salient neurons, we consider a neuron

to be polysemantic if it appears salient for more than one concept. We calculate the overlap between the top
30% salient neurons (i.e., max activations) in a model across di erent classes of diverse datasets. Figlre 2
presents the results on GPT-2 model using ve di erent datasets. We observe a considerable overlap in
salient neurons between concepts (i.e., classes). For instance, in the case of a two-class dataset, IMDB, the
overlap in salient neurons is more than 60%, showing a high degree of polysemanticity.

4 Neuronal Activation Patterns

The prevalence of polysemanticity in salient neurons raises a natural follow-up questionhow do multiple
concepts manifest within the activations of a single neuron? To investigate this question, we analyze
the activation patterns of salient neurons extracted via maximal activation, including those that exhibit
polysemantic behavior. Speci cally, we examine neuron activations conditioned on individual concepts across
multiple datasets. Similar to Gurnee et al| (2024), we observe that neuronal activations form Gaussian-like
distributions. Importantly, our ndings further indicate that for a given salient neuron, activations associated
with di erent concepts form distinct Gaussian-like distributions with limited overlap, suggesting that concepts
tend to occupy characteristic regions within a neuron's activation spectrum. In the following, we present
qualitative and quantitative analyses of the concept-conditioned activation patterns.






	Introduction
	Neuron Interpretation Analysis
	Preliminaries
	Datasets and Models
	Salient Neurons Extraction

	Polysemanticity
	Neuronal Activation Patterns
	Qualitative Analysis
	Quantitative Analysis

	NeuronLens
	Range-based Attribution
	Causal Validation
	Experimental Setup
	Results and Analysis

	Related Work
	Conclusion
	Acknowledgment
	Limitations
	Impact Statement
	Details of Saliency Methods
	Causal validation

	Qualitative and Quantitative Analysis on GPT-2
	Qualitative
	Quantitative

	Qualitative Text Analysis
	Layer Ablation
	Statistical Results
	Qualitative Results
	Masking Results

	Alternative Activation Interventions
	Dampening
	Mean Replacement
	Adaptive Dampening

	Training Details
	Computation Details

	Hyperparameter Ablation
	Class Wise Results
	Fine Grained Concepts
	Range Masking Algorithm
	Model Activation Steering:
	Directional Ablation:
	Range Gated Steering:

	Comparison with Sparse Autoencoders
	Experimental Setup
	Results

	Dataset Details

