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Abstract

Automated interpretability research aims to identify concepts encoded in neural
network features to enhance human understanding of model behavior. Within
the context of large language models (LLMs) for natural language processing
(NLP), current automated neuron-level feature description methods face two key
challenges: limited robustness and the assumption that each neuron encodes a
single concept (monosemanticity), despite increasing evidence of polysemanticity.
This assumption restricts the expressiveness of feature descriptions and limits
their ability to capture the full range of behaviors encoded in model internals. To
address this, we introduce Polysemantic FeatuRe Identification and Scoring Method
(PRISM), a novel framework specifically designed to capture the complexity of
features in LLMs. Unlike approaches that assign a single description per neuron,
common in many automated interpretability methods in NLP, PRISM produces
more nuanced descriptions that account for both monosemantic and polysemantic
behavior. We apply PRISM to LLMs and, through extensive benchmarking against
existing methods, demonstrate that our approach produces more accurate and
faithful feature descriptions, improving both overall description quality (via a
description score) and the ability to capture distinct concepts when polysemanticity
is present (via a polysemanticity score).

1 Introduction

Large Language Models (LLMs) have rapidly become integral to a range of real-world applications,
from software development [1] to medical diagnostics [2]]. Despite their growing influence, the
internal decision-making processes of these models remain largely opaque. A growing number
of approaches aim to understand these black-box systems by analyzing their internal structure in
human-interpretable ways, such as mechanistic interpretability [3} 4} 5], structured explanations [6} 7],
advanced feature attributions [8,19], and free-text explanations [[10} [11].

A central goal of this research is to assign interpretable, functional roles to individual components
such as neurons or attention heads [[12, |13} 14, [15]. The presence of polysemanticity, the tendency of
individual features to encode multiple, semantically distinct concepts or patterns [[16}17], complicates
the process of explaining model components, as it defies the common assumption that a single neuron
is associated with a single function or pattern. From a coding-theoretic perspective, this reflects how
neural capacity is distributed across multiple tasks. While several concept extraction techniques like
sparse autoencoders (SAEs) [18,[19] aim to disentangle polysemantic features, many learned features
still encode multiple concepts [20]], and therefore cannot be regarded as truly monosemantic.
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Figure 1. Overview of thd®RISM framework. PRISM captures multiple concepts per feature,
enabling the detection of both polysemantic and monosemantic features, unlike prior approaches that
constrain each feature to a single description. For example, feature 3815 in layer 47 was previously
labeled as monosemant2d], whereasPRISMreveals that it responds to multiple distinct concepts.
Polysemanticity scoring summarizes how diverse the concepts associated with a feature are, while
description scoring assesses how well each concept aligns with the feature's activation distribution.

While the problem of polysemanticity is generally addressed through the extraction of sparse features,
such as via sparse autoencoders, feature description methods, which aim to explain the functional
purpose of individual features, typically provide a single explanation per fe&lliyg?, 23,124, 125].

This can limit the ability to capture the full range of patterns a feature may represent. To offer more
comprehensive and nuanced feature descriptions, we intrd@Rt8M, a framework for generating

and evaluating multi-concept feature descriptions that considattple patterns per feature. In
Figure[1, we present a neuron previously labeled as “possibly monosem@fjichét PRISM

reveals to activate for a highly diverse and heterogeneous set of concepts characterized by textual
descriptions. Throughout this work, a concept refers to a cluster of token-level inputs that elicit similar
contextualized feature activations, allowing each feature to be associated with multiple concepts that
re ect the diversity of inputs it responds to. Our contributions include:

(1) Aframework,PRISM, that generates multi-concept descriptions of features (Sédtion 3), provid-
ing greater precision and granularity compared to existing methods.

(2) A set of quantitative evaluations (Sect[on|3.2) for comparing multi-concept textual descriptions
across different feature description methods.

(3) A rst multi-concept feature description analysis of language model features, revealing that
individual features encode a highly diverse and heterogeneous set of concepts (Section 5).

By addressing the limitations of single-concept feature descriptiR$S M enables a systematic and
nuanced understanding of internal representations, crucial to advance the interpretability of language
models. Our code is made publicly available to the comm&hity.

2 Related Work

Automated Interpretability Recent generative Al systems have grown increasingly complex,
motivating efforts to scale interpretability. In addition to methods that provide local explanations for
individual predictions, a complementary line of research focuses on fully automated descriptions
of model components like neurons and their associated functions. In this context, an automated
interpretability approach was introduced to generate a textual description for each neuron in GPT-2
XL [21]. This method has since become a foundation for subsequent work on feature desci@gjons [
19, 23, 22, 27, 25].

Feature Description Evaluation Automated feature description methods often rely on simulation-
based approaches, where a model predicts neuron activations for given Ripuihjs approach,
widely adopted in recent workRp, 19, 23], evaluates descriptions based on the correlation between
simulated and actual activations. Other evaluations include binary classi cation of activating and
non-activating contextp], contrastive methods using distractor samp2% 30], and combined
approaches that assess input capture accuracy and feature characterization p2eci3ioi32].
Simulation-based approaches herein rely on an external model's ability to accurately predict neuron

Yhttps://github.com/Ikopf/prism



Figure 2: Steps for extracting feature descriptions WARISM. In Step 1 PRISMprocesses a text

dataset through the model and selects sentences from the top percentile of the activation distribution
for a given feature. In Step 2, these high-activation sentences are embedded using a sentence encoder
and clustered to identify recurring patterns. In Step 3, the top activating examples from each cluster
are used to prompt an LLM, which generates descriptive labels for each cluster.

activations given a feature extracted by an additional explainer model. Currently, it remains unclear
how well LLMs reliably predict activations of other models, adding uncertainty and complexity to
the evaluation of feature descriptions. Our approach instead directly compares feature activation
distributions to controls, using both parametric and non-parametric evaluation measures.

Clustering and Topic Analysis in Text Recent work in topic modeling has relied on unsupervised
clustering of language model embeddings to discover latent topics without relying directly on
keywords B3, 34]. While methods like LLooM 85] and goal-driven explainable clusteringd

use LLMs to extract or assign high-level textual summaries, our work focuses on ne-grained
interpretability of internal model features.

For an extended discussion of related work, see Appendix A.1; additional details on feature description
methods are provided in Table 2 in Appendix A.2.

3 PRISM: A Framework for Multi-Concept Feature Descriptions

We introducePRISM, a framework for generating multi-concept descriptions of model features
(Section 3.1), and evaluating their quality through polysemanticity and description scoring metrics
(Section 3.2).

Preliminaries Let a decoder-only LLM be de ned as functidn: X ' Z Z |,whereX
is the input space (i.e., token sequencksis the total number of blocks, ar#f  RY denotes

of a single neuron 2 f 1;:::;d g, corresponding to the scalar functibry : X ! R, de ned
asf- (x) = z which denotes the activation of thieth neuron for the -th layer? A feature
description metho@ims to associate each feature with a single or multiple human-interpretable
textual descriptions. Mathematically, each featrnreis assigned a subset of:::;N possible
descriptions by a set-valued description function; F ! P (S), such thas;. = (fi.; ), where

takes as input the feature functibny 2 F, represent method-speci ¢ hyperparametensd
P is the power set of all valid description subs8tsincluding empty and all. This formulation
accommodates both single- and multi-concept descriptions, depending on the implementation of the
description function .

3.1 Extracting Feature Descriptions
To address feature polysemanticity, we propose a method capable of capturing multiple concepts

A = fyi(x) x2D : 1)

2In the case of a sparse autoencoder (SAE) featuré,:l&f- | R* be a learned sparse encoder that
maps the -th layer's activations to & -dimensional sparse encoding, wherejtith SAE feature is de ned as
f5 (X) = I (f-(x)) wherel; () denotes th¢-th SAE neuron.

3We avoid de ning this further to avoid notational clutter.



Our multi-concept framework consists of the following steps in reference to Figure 2:

1. Percentile Sampling. Let perc,(A+; ) be the operator, returning tteeth percentilé of the
empirical distribution oA+ . Fix a grid of high-percentile levels

Q= fa:inigng [0 o<  <Qm: 2)
Thehigh-activation sample sébr the neuron is
n o
T = percg(Asi) 20 3)

2. Concept Clustering.Lete: X | RY% be a sentence-embedding function. For a pre-speci ed
k 2 N we partition the embedded se#(x) j x 2 T+; into clustersC,; = fCy;:::;Ckgby
employing K-Means method [38].

3. Cluster Labeling. Let Gdenote a large language model acting on sets of sentences. For each
clusterCy we select thdNs sentences i€k 2 C; with the highest activations and query

sj = Gtopy,(C) ; (4)
wheres; 2 S is a concise natural language summary of the common the@g.in

3.2 Evaluating Multi-Concept Feature Descriptions

Polysemanticity Scoring To quantify the degree of polysemanticity, we measure the similarity
among the generated descriptions per feature. Descriptions are encoded using a sentence embedding

computed: P

— t Rt .

cof ) = ap—Hp—ri ®)
toit toit

whereT 2 N is the dimension of the sentence embedding. Features with lower average similarity

scores are considered more polysemantic, while high similarity indicates monosemanticity.

Description Scoring Following previous work, which uses contrastive methods to differentiate
between activating samples and control sam®8s30], we adapt theCoSy evaluation method39)
to language models (see Figure 7 in Appendix AG)SY evaluates each candidate feature using
two complementary metrics. The Area Under the Receiver Operating Characteristic (AUROC)
measures how well the feature distinguishes between control data geintensisting of 1,000
randomly sampled entries from Cosmopedif]]| and target concept data poiitg, consisting
of 10 concept-speci ¢ text samples generated by an LLM for the feature description. Given the
corresponding activationsy 2 R" for Xg andA; 2 R™ for X1, the AUROC is computed as
P P
a2A,  b2A, Ha<b]
JAo] jA1]
The Mean Activation Difference (MAD) quanti es the normalized difference between the mean
activation on the target and control datasets:
1 P b 1 P a
map (Ag; A1) = T EZAil- n_22% (1)
T aza (@ @)?

(6)

auroc(Ao; A1) =

P
with mean control activation = % a2 A, & Inour evaluation, we report the percentage of features
with positive MAD scores, i.e., the fraction of features satisfing> Aq. See Appendix A.3 for
dataset, model and activation details.

4 Quantitative Evaluation

In the following, we quantitatively evaluate our proposed feature description meéRfRd& M, against
existing approaches for neuron and SAE feature interpretation.

“In practice we estimatgerc, online via the B algorithm [37].
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4.1 Experimental Setup

In our experiments, we evaluaRR|1SM against competitive feature description methods, MaXAct
GPT-Explain R1], Transluce-ExplainZ3], Neuronpedia42], and Output-Centric5]®. Unless
otherwise speci ed, all experiments are conducted on the English training subset®4 ther-
PuUs[4]], a large, cleaned version of Common Crawl's web crawl corpus. We process text excerpts to
a uniform length of 512 tokens, either by truncation or padding, ensuring consistency across model
inputs. Feature activations are extracted from four pre-trained LLMs, from three layers per model
(early, middle, late). For GPT-2 XL B3] and Llama 3.1 8B Instructf], we analyze MLP neurons.

For GPT-2 Small22] and Gemma Scopép], we focus on residual stream SAE features on account

of the publicly available implementations. More details on the evaluation procedure and experimental
setup are provided in Appendix A.3 and Appendix A.4.

For the practical implementation of each step in BielISM framework we choose the following
settings:

 For (1) Percentile Sampling we identify all text excerpts whose mean activation values fall
within the 99th—100th percentile, sampling one excerpt per percentile bin with a step size of
1e-05, resulting in 1000 high-activation excerpts per feature. Compared kosamypling, this
approach captures a broader spectrum of strong activations, allowing us to collect meaningful
text samples from a wide range of conceptual patterns.

« For (2) Concept Clustering the resulting text set is embedded using the gte-Qwen2-1.5B-
instruct sentence transformetf], and then k-means clustering is applied with= 5 to
uncover recurring conceptual patterns. Using a xed number of clusters strikes a balance
between granularity and human interpretability, enabling multiple semantic patterns to emerge
while reducing redundancy or incoherence. When clusters are highly similar, the resulting low
polysemanticity score re ects monosemanticity.

For (3) Cluster Labeling, to generatthuman-interpretable labelsve prompt a large language
model (Gemini 1.5 Pro47]®) using theNs = 20 text excerpts with the highest mean activations

for each cluster. Only positive activations are considered, and a token is highlighted if its
activation exceeds a sample-speci ¢ threshold, de ned as the 90th percentile of the sample's
activation distribution. Token spans corresponding to peak activations are highlighted with
square brackets “[...]'49, 28, 23] in the prompt to guide the model. The LLM is instructed to
output a concise summary of the shared concept in each cluster. Additional prompt details are
provided in Appendix A.4.

4.2 Ablation Studies

To assess the robustness of our framework, we conduct ablation studies along two dimensions: (i)
varying the number of clusters used for description generation, and (ii) replacing the language models
used in both description generation and evaluation. Full experimental details and results are provided
in Appendix A.5

Cluster Size We vary the number of clusteksused in concept clustering to analyze its impact

on interpretability (Table 3). Largde improves best-case description quality by isolating more
ne-grained activation patterns, but reduces average interpretability as coherent patterns are split
across clusters, revealing a tradeoff between precision and coverage.

Text Generators To evaluate the impact of language model choice on our framework, we ablate
the text generators used in both description generation and evaluation. For description generation
(Table 4), Qwen3 32BH0] achieves performance comparable to Gemini 1.5 Pro (the default in our
original implementation), while Phi-%[l] and DeepSeek RBP] follow similar qualitative trends,

SFor obtaining feature descriptions with the MaxAct method, we use a subset of 10,000 samples from the
English training split of theC4 corpPuUS[41], collect the top ve activating samples per feature, and generate
feature descriptions using the same prompt as in PRISM(see Appendix A.4).

We use descriptions generated by their Ensemble Raw (All) method, which is best performing on their
input-based evaluation.

"More details can be found in GitHub Repositdnyps:/github.com/Ikopf/prism

8The model originally employed in this study (Gemini 1.5 Pro) was deprecated upon completion of the project.
Consequently, subsequent experiments, including those pertaining to MaxAct and output-centric evaluation,
were conducted using the available and comparable model, Gemini 2.0 Flash Lite [48].



Table 1: Benchmarking feature description methods. AUROC re ects classi cation performance,
while MAD measures activation differences between target and control descrig@BhS.M (max)

reports the best-matching score per feature; (mean) averages over all descriptions. Values are means
across selected features from early, middle, and late layers. AUROC includes 95% con dence
intervals; MAD represents the percentage of positive MAD scores. Bold indicates best performance;
dashes denote unavailable descriptions for certain models. See Appendix A.4 for details.

GPT-2 XL Llama 3.1 8B Instruct GPT-2 Small Gemma Scope
Method (MLP neuron) (MLP neuron) (resid. SAE feature) (resid. SAE feature)
AUROC (") MAD(") AUROC(') MAD(") AUROC(') MAD(") AUROC() MAD (")
MaxAct 0.53(0.49-0.58) 11.86% 0.54 (0.46-0.63) 50.00% 0.53(0.49-0.58) 11.86%  0.60 (0.50-0.69)  50.00%
GPT-Explain [21] 0.64 (0.56-0.73)  65.00% — — — — — —
Transluce-Explain [23] — — 0.59 (0.51-0.67) 63.33% —

Neuronpedia [42] — — — — 0.54 (0.50-0.59)  18.97%0.62 (0.53-0.72)  63.33%
Output-Centric [25] — — 0.55(0.46-0.64) 58.33%  0.57 (0.53-0.62) 22.03% 0.58 (0.49-0.67) 46.67%
PRISM (mean) 0.65(0.61-0.69) 66.33% 0.52(0.48-0.55) 51.33% 0.51(0.50-0.53) 13.22% 0.43 (0.39-0.46) 24.67%
PRISM (max) 0.85(0.78-0.91) 91.67% 0.71(0.63-0.78) 81.67% 0.57 (0.53-0.61) 28.81%54 (0.45-0.62) 38.33%

showing that the approach does not depend on a single model. For evaluation (Table 5), alternative
LLMs yield slightly lower absolute scores but preserve the relative ranking of methods. These results
con rm the robustness of our evaluation setup and the generalizability of the framework across
language models.

4.3 Sanity Checks

Prior work has shown that LLMs can produce plausible yet unfaithful explanations unrelated to
the prompt B3, 54, 55, 11, 56]. Like most feature description methods, our approach relies on
LLM-generated feature descriptions. To address potential issues of faithfulness, we conduct two
sanity checks that assess description reliability under controlled settings: (1) randomizing sentences
within clusters and (2) randomizing cluster descriptions. We further evaluate the polysemanticity
scoring, examine feature description quality across percentile activation intervals, and analyze relative
activations. Details on the experimental setup, results, and analysis are provided in Appendix A.6.

Randomizing sentences or descriptions yields AUROC values near random relative to the baseline
(Table 6). While MAD scores are often not statistically signi cant due to large standard deviations,
they consistently decrease, aligning with our expectations. For polysemanticity, randomly assigned
descriptions yield notably lower similarity values than true scores, re ecting reduced semantic co-
herence (Figure 13). Examining percentile intervals, the top 25% (0.75-1.0) of activations closely
match baseline performance, whereas lower quartiles show reduced scores, demonstrating a positive
correlation between activation strength and description quality (Table 7). The analysis of relative
activations between the 99th and 100th percentiles shows that extremely small ratios are rare, espe-
cially in early layers, indicating that percentile-based sampling reliably captures diverse, meaningful
patterns (Figure 14).

4.4 Benchmarking Experiment Results

Table 1 compares the performanceRRRISM against MaxAct, GPT-Explain, Transluce-Explain,
Neuronpedia, and Output-Centric. We report two variaRtRiSM (max), which re ects the score of

the best-matching description, aR@RISM (mean), averaging scores acréss 5 descriptions used
throughout the paper. All reported values are means over a selected subset of features from three
model layers, i.e., early, middle, and late. Dashes (—) indicate that the respective method does not
provide feature descriptions for the corresponding model, preventing evaluation.

Empirical Advantage of PRISM A key observation is tha?RISM (max) achieves the highest
AUROC and MAD scores, across all model and feature-type combinations. For example, on GPT-2
XL (neuron features)PRISM (max) reaches an AUROC of 0.85 and a MAD of 91.67%, indicating
that its descriptions are more accurate and outperform the competitive approach of GPT-Explain.
One exception is observed with Gemma Scope (SAE features), where the Neuronpedia method
slightly outperform€? RISM (max), achieving the highest MAD (63.33%) and AUROC (0.62). This
suggests that, for certain architectures or feature types, alignment in the output space may offer
complementary advantages. Additional analysis on the distribution and variability of AUROC and
MAD scores is provided in Appendix A.4. Overall, we nd that neuron-based features yield more
reliable interpretations than SAE-based features, providing further evidence for recent methodological



(a) Evaluation scores. (b) Polysemanticity scores.

Figure 3: Comparison d?RISM (max) AUROC evaluation scores afRISM polysemanticity
scores across different models and layers.

Figure 4: Clustering of identi ed®®RISMfeature descriptions in GPT-2 XL. Thg, = 50 meta-
clusters are visualized using UMAP, with metalabels generated by Gemini 1.5 Pro and three randomly
selected sample descriptions shown per cluster.

concerns about achieving improved interpretability through SAHE [Extended results on the
output-centric evaluation are provided in Appendix A.4.

Varying Quality and Polysemanticity across Models In Figure 3(a) and Figure 3(b), we analyze

the feature descriptions' quality and polysemanticity across layers. Judging the evaluation scores,
middle layers generally appear to be easier to interpret (Figure 3(a)). In most models, the AUROC
scores peak in the middle layer. An exception is observed in Llama 3.1 8B Instruct, where evaluation
scores (measured in AUROC, see 3.2) increase in the later layer.

To analyze the degree of polysemanticity, we use the gte-Qwen2-1.5B-instruct sentence trans-
former [46] to embed the ve natural language descriptions generated per feature. We then compute
pairwise cosine similarity within each set of ve descriptions to estimate semantic consistency. In
Figure 3(b), polysemanticity scores show no consistent trend across layers and vary across models
and feature types. Interestingly, we can also note that Gemma Scope SAE feature descriptions show
the highest monosemanticity across all layers, as shown in Figure 3(b). Despite high variability, our
ndings suggest that polysemanticity does not consistently increase or decrease with layer depth, and
interpretability varies signi cantly across architectures.

5 Investigating Multi-Concept Features

After validating our approach, we can leverd@R|1SMs novel polysemantic analysis to investigate
the diversity of feature descriptions. We also take an initial step toward human evaluation of multi-
concept descriptions via polysemanticity judgments.

5.1 Exploring Concept Spaces

The distinction between syntax and semantics has deep roots in &8ji69 and the study of
language 60, 61], where representations are understood to involve both structural and meaning-



bearing properties. Additionally, pragmati&2] has emerged as another level of analysis, focusing

on how context, intention, or social norms shape the interpretation of language. In the context of
LLMs, representations have most commonly been categorized as syntactic, including dependency
structures and part-of-speech tags [63], or semantic, involving token associations [64], task-speci ¢
information [B5], or abstract encodings such as go&i§][ with recent work also exploring pragmatic,
context-dependent interpretations [67].

To gain a better overview of the representational diversity and variety of identi ed concepts, we how
explore all extracted feature descriptions WRRRISM. We embed them using GPT-2 XL, extract

the nal token as a feature description representation, and apply k-means clusterithg, witB0

to identify and visualize meta-clusters using UMAGE]; illustrating the space of learned concepts
within the model §9, 70]. In Figure 4, we present a subset of the resulting clusters and their generated
metalabels for GPT-2 XL. Further examples can be found in Appendix A.7, including results for
GPT-2 Small SAE in Figure 16. Metalabels summarizing shared themes among grouped feature
descriptions are generated using Gemini 1.5 Pro, with clusters outlined based on Gaussian kernel
density estimation (bandwidtih= 0:3) with point weights that decay exponentially with distance

from the cluster centroid.

First of all, we nd that automatically clustering and summarizing feature descriptions is effective
in producing human-interpretable abstractions and associated metalabels, enabling users to reduce
the potentially large number of descriptions they need to inspect. When inspecting the resulting
clusters, we observe a range of distinct categories. For GPT-2 XL, we observe diearantic
categories, e.g., referring to “Positive Experiences” (id 6) or actions in “Events and Activities” (id 29).
Furthermore, we identify domain-speci ¢ clusters of feature descriptions, with associated neurons
responding to categories such as “Digital Tools and Resources” (id 12) and “Legal and Administrative
Affairs” (id 45). Examples obyntacticdiversity include “Time/Date Related Information” (id 40)

and “Structured Data” (id 18), focusing on part-of-speech and speci ¢ sentence structure. We further
identi ed combined representations, e.g., syntactic concepts of quantity in the context of speci ¢
domains such as food or recipes (“Product Information”, id 8). Similar patterns are observed for
GPT-2 Small SAE (see Figure 16 in Appendix A.7).

Overall, clustering feature descriptions uncovers multiple levels of analysis, offering a valuable
approach for categorizing feature descriptions. Building towards a shared vocabulary to characterize
model representations could further reveal universal concepts across models, aligning with recent
discussions and evidence on universal representations [71, 72].

5.2 Polysemanticity Analysis and Human Interpretation

Following prior work on human annotation of feature descriptid®% 23], we selected 8 instances as
representative samples for obtaining feature label descriptions. Each instance included 5 text clusters
generated using Steps 1-3 of tARISMframework (Figure 2) in the same format the LLM receives
during cluster labeling. Seven participants annotated clusters of highly activating sentences and rated
the polysemanticity of the resulting labels on an 11-point scale (0.0-1.0), enabling comparison with
the PRISM polysemanticity score (Section 3.2). Full study details and results are in Appendix A.8.

Figure 5 compares human-annotated labels with descriptions genera®dlI 8. The rst example

(top row), a polysemantic neuron in GPT-2 XL, receives low scores from both humans (0.40) and
PRISM(0.38), re ecting high polysemanticity. The cluster descriptions here are diverse and capture
distinct concepts. In contrast, the second example (bottom row) shows a monosemantic SAE feature
in Gemma Scope: both human aR&®ISM scores are high, and all labels consistently reference
“time”, differing only in context. Additionally, our comparative analysis of polysemanticity scores
assigned by humans and models, shown in Figure 6, indicates an overall strong and consistent
alignment between human annotations and PRISM scores.

6 Discussion and Conclusion

In this work, we propos@®RISM, a novel framework for identifying multi-concept feature de-
scriptions in LLMs. Our framework also allows us to ground resulting descriptions in systematic
evaluation approaches, by including a description score that provides a description quality measure.
Thus,PRISM not only provides an automated interpretability of model components via human-
interpretable descriptions, but is the rst framework that addresses the challenge of detecting more



Figure 5: Cluster labeling comparison between humanRR#SM (LLM). We compare cluster
labeling for two features: a polysemantic feature (top row) and a monosemantic feature (bottom
row). On the left, we show representative text spans from input samples that strongly activate the
feature, grouped into ve clusters based on shared patterns. Within each span, tokens with the
highest activations are highlighted. On the right, we compare the cluster labels genergfed3i
(LLM-based) and a human annotator shown the same input as the model. Additionally, the human
rates the conceptual coherence of the ve cluster labels on a scale from 0.0 to 1.0, where lower values
indicate more diverse (polysemantic) and higher values more consistent (monosemantic) labeling.
This rating is directly compared with PRISM's polysemanticity score for the same feature.

than one activation pattern a model feature is sensitive to and allows us to quantify variations in the
activation patterns using the framework’s polysemanticity score.

We conduct several experiments demonstrating the performance and analytical applications of
PRISM. Our results show that multi-concept descriptions more accurately distinguish target concepts
from control data, with statistically more distinct mean activatidhRISM also extends prior work

by capturing variation in description qualit3g] and differences in polysemanticity across model
layers [73]. Beyond qualitative analysi®RISMs multi-concept approach and novel polysematicity
scoring provide new directions for studying the structure and interpretability of model features. In
exploring the concept space, we IBRISMto characterize more complex components, nding and
interpreting patterns that speci ¢ attention heads or groups of neurons respond to. Deep learning
systems utilize distributed features that, in principle, allow for compositionality. By providing a
description of more complex sets of interacting components, we can tackle a timely challenge to the
community. Lastly, we took a step towards testing the alignment oP&UIS M framework with

human interpretation. Especially rating polysemanticity is a complex task for humans, even when
presented with sentence examples. Our results highlight th&Rh& M framework not only provides
multiple human interpretable descriptions for neurons but also aligns with the human interpretation
of polysemanticity.

Limitations As we have focused on textual explanations, our descriptions are limited to concepts
expressible in natural language, and thus may be unable to capture complex syntactic structures
like graphs or algorithmic concepts where the underlying operation is not easily described in the
constrained vocabulary space. Fixing the number of clusteBRISM cannot guarantee that
provided descriptions capture all or the most salient concepts for a feature; instead, they represent a
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