
Position: Mechanistic Interpretability Should
Prioritize Feature Consistency in SAEs

Xiangchen Song∗1 Aashiq Muhamed∗1 Yujia Zheng1 Lingjing Kong1
Zeyu Tang1,2 Mona T. Diab1 Virginia Smith1 Kun Zhang1,3
1Carnegie Mellon University 2Stanford University 3MBZUAI

{xiangchs,amuhamed}@andrew.cmu.edu

Abstract

Sparse Autoencoders (SAEs) are a prominent tool in mechanistic interpretability
(MI) for decomposing neural network activations into interpretable features.
However, the aspiration to identify a canonical set of features is challenged by
the observed inconsistency of learned SAE features across different training runs,
undermining the reliability and efficiency of MI research. This position paper
argues that mechanistic interpretability should prioritize feature consistency
in SAEs—the reliable convergence to equivalent feature sets across independent
runs. We propose using the Pairwise Dictionary Mean Correlation Coefficient
(PW-MCC) as a practical metric to operationalize consistency and demonstrate
that high levels are achievable (0.80 for TopK SAEs on LLM activations)
with appropriate architectural choices. Our contributions include detailing the
benefits of prioritizing consistency; providing theoretical grounding and synthetic
validation using a model organism, which verifies PW-MCC as a reliable proxy for
ground-truth recovery; and extending these findings to real-world LLM data, where
high feature consistency strongly correlates with the semantic similarity of learned
feature explanations. We call for a community-wide shift towards systematically
measuring feature consistency to foster robust cumulative progress in MI.2

1 Introduction

Mechanistic Interpretability (MI) seeks to reverse-engineer neural networks into human-
understandable algorithms [40, 14], with Sparse Autoencoders (SAEs) emerging as a prominent tool
for decomposing model activations into more interpretable, monosemantic features [6, 11, 19, 43].
The aspiration within the MI community is often to identify a canonical set of features—unique,
complete, and atomic units of analysis that faithfully represent the model’s internal computations
[28]. However, a significant challenge highlighted by recent work [44, 32, 15, 28, 36] is the observed
inconsistency of features learned by SAEs across different training runs, even when using identi-
cal data and model architectures. This instability, potentially arising from phenomena like feature
splitting [28, 10] or the amortization gap [42], undermines the reliability of derived interpretations,
reduces research efficiency, and impacts the trust in findings derived from MI.

Mechanistic Interpretability Should Prioritize Feature Consistency in SAEs. We argue that
the reliable convergence to equivalent feature sets across independent SAE training runs should be
elevated from a secondary concern to an essential evaluation criterion and an active research priority.
We present the Pairwise Dictionary Mean Correlation Coefficient (PW-MCC) as a concrete, working
example of how consistency can be operationalized. Furthermore, we demonstrate that high levels
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of consistency are achievable with appropriate architectural and training choices (e.g., with TopK
SAEs), and highlight the benefits of such prioritization for scientific rigor and practical utility in MI.

Our main contributions are:

• We advocate for prioritizing feature consistency in MI for SAEs, detailing its benefits for scientific
reproducibility, research efficiency, and trustworthiness of interpretations. We propose using
PW-MCC as a practical metric for operationalizing run-to-run feature consistency (Section 3).

• We provide theoretical grounding for achieving strong feature consistency by connecting SAEs to
established identifiability results in overcomplete sparse dictionary learning. We validate this using
a synthetic model organism, demonstrating that PW-MCC reliably tracks ground-truth feature
recovery (GT-MCC) and that a specific SAE architecture (TopK SAE) achieves high consistency
(� 0.97) under idealized, matched-capacity conditions (Section 4).

• We demonstrate empirically on large language model activations that high feature consistency
(PW-MCC � 0.80 for TopK SAEs) is attainable with appropriate architectural choices and
training. Our real-world data experiments reflect findings from the synthetic setting (e.g.,
frequency-dependent consistency) and critically show that high PW-MCC scores correlate strongly
with the semantic similarity of feature explanations (Section 5).

Ultimately, this work calls for a community-wide shift towards valuing and systematically measuring
feature consistency for cumulative progress in understanding the inner workings of complex neural
models, and we outline several open questions and future research directions to achieve this.

2 Background and Related Work

Sparse Autoencoders for MI. MI aims to reverse-engineer neural networks into human-
understandable algorithms by identifying and explicating their internal components and computational
processes [40, 43, 11]. A central challenge in MI is polysemanticity, where individual neurons respond
to multiple, unrelated concepts, which obscures straightforward interpretation of model internals [13].
SAEs have emerged as a tool to address this challenge by decomposing high-dimensional neural net-
work activations into a sparser, higher-dimensional representation that aims to isolate monosemantic
features [6, 11]. An SAE comprises an encoder and decoder network. The encoder transforms an
input activation vector x 2 Rm into a sparse latent representation f 2 Rdsae (where dsae > m estab-
lishes an overcomplete dictionary): f(x) = σ(Wencx + benc). Here, Wenc and benc are the encoder
weights and biases, while σ is a non-linear activation function that is sparsity-inducing. The decoder
reconstructs the input from f(x) as x̂ = Wdecf(x) + bdec, where Wdec and bdec are the decoder
weights and biases. SAEs are trained by minimizing a loss function that balances reconstruction fi-
delity with sparsity: L(x) = kx� x̂k22+λS(f(x)), where S(�) represents a sparsity-inducing penalty
(e.g., L1 norm) and λ controls the sparsity trade-off. Once trained, SAEs provides a decomposition
of the input activation as x �

Pdsae
i=1 fi(x)ai, where fi(x) are the sparse feature activations, and ai

are dictionary elements corresponding to columns of feature dictionary A (i.e., Wdec). Several SAE
variants have been proposed to improve feature quality and sparsity control. These include Standard
ReLU [6], TopK [18], BatchTopK [7], Gated [46], and JumpReLU [47]. The ultimate aspiration for
many researchers employing SAEs is to identify a canonical set of features: unique, complete, and
atomic units of analysis that faithfully represent the model’s internal computations [28].

The Challenge of Feature Consistency. Despite their promise, SAEs trained on identical data
and architectures but different random initializations often converge to substantially different feature
sets [32, 26], with overlap sometimes as low as 30% for Standard SAEs [44]. This inconsistency
manifests through several documented phenomena, including feature splitting, where concept repre-
sentations vary across runs [28], and feature absorption, where general features are usurped by more
specific ones [10]. These empirical instabilities stem from fundamental limitations in overcomplete
dictionary learning [28]. Despite theoretical advances [48, 12], the gap between idealized assump-
tions and practical implementations undermines guarantees for unique feature recovery. Existing
approaches to address these limitations include Mutual Feature Regularization [32], which forces
alignment between concurrently trained SAEs but addresses the effect rather than underlying causes,
and Archetypal SAEs [15], which impose geometric constraints that may sacrifice representational
power for stability. These challenges have fostered skepticism, with some [44] suggesting that SAE
features should be viewed as pragmatically useful decompositions rather than exhaustive, universal
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sets. Contrary to this prevailing skepticism, our work shows that high feature consistency is attainable
through careful architectural and training choices without explicit alignment mechanisms.

3 Mechanistic Interpretability should prioritize Feature Consistency in SAEs

A prerequisite for the scientific validity and practical utility of features extracted in SAEs, is their
consistency—the reliable convergence to equivalent feature sets across independent training runs
given the same data and model architecture. Feature consistency should be elevated from a secondary
concern to an essential evaluation criterion and an active research priority for the following reasons.

Firstly, achieving consistency yields substantial benefits for current MI practices that use SAEs.

• Improved Scientific Reproducibility: Reproducibility is a cornerstone of science. If SAEs produce
different feature dictionaries run-to-run [44, 15], feature explanations and discovered circuits
become difficult to replicate. Consistency ensures findings are robust, not initialization artifacts,
and helps foster cumulative progress.

• Improved Research Efficiency and Resource Allocation: Significant effort is invested in interpreting
SAE features, whether manually or through automated methods [6]. If features are not consistent
across training runs, this entire interpretation process: identifying, labeling, and understanding
features must be repeated for each new SAE training instance. Consistent features, however, can be
reliably matched across instances, allowing interpretations to be reused and incrementally refined,
thereby saving substantial researcher time and computational resources.

• Increased Trust in Explanations from SAEs on Private Data: When SAEs are trained on private data
and their dictionaries and feature explanations are shared, feature consistency increases credibility
of the explanations. Although the training process (e.g., random initialization) can create features
that are artifacts of that specific run, a feature consistently emerging across multiple runs is more
likely a stable abstraction learned from the data distribution than an ephemeral artifact. This
measurable robustness to training variability lends greater confidence that the interpretations reflect
genuine learned patterns, which is even more important when direct data validation is impossible.

Secondly, many current SAE techniques already implicitly assume feature consistency, even if
this assumption is not explicitly verified. The long-term MI ambition of identifying canonical units
of analysis—features that are complete, atomic, and unique [28]—requires run-to-run consistency as
a prerequisite before addressing complexities like atomicity or completeness. Another example of
implicit reliance is feature stitching [28], which compares or combines features across different models
or SAEs; this process relies on identifiable and stable underlying features. Similarly, downstream
applications like model steering [9], unlearning [37], bias removal [34]), and feature ablation assume
that the targeted features are well-defined, consistent entities. If these base features are unstable or
non-identifiable, the reliability of such applications is severely compromised.

Our Proposal: Defining and Measuring Feature Consistency. While prior work has highlighted
the challenge of feature inconsistency in SAEs [44, 32, 42], often leading to pessimistic conclusions
about achieving stable feature sets, our findings demonstrate that high levels of feature consistency
are attainable, with appropriate architectural choices. This motivates a renewed focus on consistency
as a key dimension for evaluation. Our central position is that the MI community should prioritize
feature consistency in SAEs. This requires not only acknowledging its importance but also adopting
rigorous methods for its quantification. Conceptually, feature consistency implies that two feature
dictionaries, A and A′ (both 2 Rm×dsae with dsae features), learned from independent training runs
using same dataset, should capture the same underlying concepts. We formalize this ideal with an
empirically tractable notion, Strong Feature Consistency, where the dictionaries are considered
equivalent if their feature vectors align up to a permutation and individual non-zero scaling factors.
That is, for each feature vector ai in A, there should ideally exist a corresponding feature vector
a′
σ(i) in A′ (where σ is a permutation) such that ai = λia

′
σ(i) for some scaling factor λi 6= 0. More

general notions of consistency are detailed in Appendix C.

To make this actionable, throughout this paper we adopt a commonly used evaluation metric from
the independent component analysis literature [24]: the Mean Correlation Coefficient (MCC). This
metric directly evaluates permutation and scaling equivalence, making it a robust measure of Strong
Feature Consistency for dictionary-based features in SAEs. Cosine similarity addresses arbitrary
positive scaling, while the use of the absolute value in MCC accounts for feature sign. We present
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this as a concrete, working example of how consistency can be operationalized, although alternative
metrics may be more appropriate for other feature types or notions of equivalence.

We define a general Mean Correlation Coefficient (MCC) between any two feature dictionaries
A 2 Rm×dA and B 2 Rm×dB with columns ai and bj respectively. Let n = min(dA, dB) and
Mn(A,B) be the set of all possible one-to-one matchings of size n between the features of A and
B. The MCC is defined as:

MCC(A,B) =
1

n
max

M∈Mn(A,B)

X
(i,j)∈M

jhai,bjij
kaik2kbjk2

.

The optimal matching M∗ that achieves this maximum is typically found using the Hungarian
algorithm. From this general definition, we derive two specific metrics for our evaluations:

1. Pairwise Dictionary Mean Correlation Coefficient (PW-MCC): When comparing two dictio-
naries A and A′ of learned features, both of size dsae, we use PW-MCC(A,A′) = MCC(A,A′)
where n = dsae. A PW-MCC approaching unity signifies robust convergence to highly similar feature
dictionaries across independent training runs.

2. Ground-Truth MCC (GT-MCC): In controlled synthetic environments, where a ground-truth
dictionary Agt 2 Rm×dgt is known, we use GT-MCC(A,Agt) = MCC(A,Agt) to evaluate the
recovery quality of a learned dictionary A 2 Rm×dsae , where n = min(dsae, dgt). GT-MCC can be
used for validating PW-MCC as a proxy for consistency.

Prioritizing consistency, and employing well-defined metrics such as PW-MCC to quantify it, offers
several advantages: (i) it provides an objective measure of run-to-run stability for this key notion of
feature equivalence; (ii) it facilitates equitable comparisons across methods and settings; and (iii) it
incentivizes the development of techniques that yield more reliable features. In the following sections,
we provide evidence from theory, synthetic experiments, and real-world applications to support our
position and illustrate both the attainability and the challenges of achieving high feature consistency.

4 Evidence from Theoretical Analysis and Synthetic Experiments

4.1 Theoretical Foundations for Feature Consistency

SAEs learn to represent input data X 2 Rm×n through a dictionary A 2 Rm×dsae and corresponding
sparse activations F 2 Rdsae×n, such that X � AF. Previous work often dismisses non-invertible
dictionaries as non-consistent [42, 25], particularly in the overcomplete regime of dictionary learning
where dsae > m. However, this overlooks the natural sparsity present in real signals. Drawing inspi-
ration from sparse dictionary learning literature, we show how sparsity enables feature consistency
guarantees even in overcomplete settings. We build our analysis on the spark condition [22, 12],
which precisely characterizes when unique sparse representations exist:
Definition 1 (Spark condition). A dictionary A 2 Rm×dsae satisfies the spark condition at sparsity
level k if for any two k-sparse vectors f , f ′ 2 Rdsae , the equality Af = Af ′ implies that f = f ′.

This condition ensures that distinct k-sparse vectors produce distinct outputs when transformed by
the dictionary A. Equivalently, it provides injectivity of the linear map A on the set of k-sparse
vectors Σk := ff 2 Rdsae : kfk0 � kg. This is precisely the algebraic property needed for uniqueness
of sparse representations. We leverage the following result from [22]:
Theorem 1 (Adapted from [22]). Fix sparsity level k. There exists a witness set of n = k

�
dsae
k

�2
k-sparse vectors f1, . . . , fn 2 Σk such that for any pair of dictionaries A,A′ 2 Rm×dsae satis-
fying the spark condition, the factorizations X = [Af1, . . . ,Afn] and X = [A′f ′1, . . . ,A

′f ′n]
with k-sparse codes must coincide up to a permutation and scaling of columns: A′ = APD and
F′ = D−1P⊤F for some permutation matrix P and diagonal invertible D.

Implications for TopK SAE Feature Consistency. TopK SAEs achieve feature consistency by
satisfying the conditions required for unique sparse factorization. Consider a TopK SAE with encoder
E and decoder A that enforces exactly k-sparse activations via f 7! TopKk(f). The training
objective simultaneously encourages three key properties: (1) Exact k-sparsity by construction of
the TopK constraint, which zeros all but the k largest coordinates; (2) Zero reconstruction error
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Figure 1: TopK SAE is signi�cantly
better than Standard SAE (0.97 vs
0.63) in terms of GT-MCC.

Figure 2: GT-MCC and PW-MCC for TopK and Standard SAE. PW-MCC
follows the same trend as GT-MCC, both converging to comparable values.
Shaded region represents max-min range across seeds.

by minimizingkX � AF kF on data containing the witness set from Theorem 1; and(3) The spark
condition through what we term theround-trip propertyE(Af ) = f . As we prove in Appendix D,
this round-trip property directly implies the spark condition. When these three conditions hold with
data coverage meeting the requirements of Theorem 1, any two TopK SAEs trained on the same data
must learn dictionaries that are identical up to permutation and scaling, establishingstrong feature
consistencywe introduced in Section 3 even in overcomplete regimes. This explains why TopK
SAEs can achieve consistent features: their training objective directly optimizes for the mathematical
prerequisites required by the identi�ability theorem.

Takeaway: SAEs withk-sparsity and minimal reconstruction error satisfy strong feature consistency when
the learned dictionary meets the spark condition.

4.2 Synthetic Veri�cation

To empirically validate our theoretical analysis, we conduct synthetic experiments comparing two
representative SAE variants: TopK SAE and Standard SAE. We show that models designed according
to our theoretical criteria achieve consistent feature representations.

Following conventions in dictionary learning literature, we generate synthetic data by �rst sampling a
ground-truth feature dictionaryA gt 2 Rm � dgt from a standard normal distribution. We can represent
all data points asX = A gtFgt, whereFgt 2 Rdgt� n contains the activations for alln data points. For
each individual data samplex, we enforce thek-sparse condition by randomly selectingk features and
setting their values to independent Gaussian samples:x = A gt fgt(x); wherefgt(x) 2 Rdgt represents
a single column ofFgt corresponding to data pointx and contains at mostk non-zero entries. In this
synthetic setting (m = 8 ; dgt = 16; k = 3 ; n = 5e4) we can evaluate the estimated feature dictionary
A against the ground-truthA gt using GT-MCC. We also conduct additional experiments by training
multiple SAEs (5 seeds) with identical data and model architecture but different weight initializations,
comparing the PW-MCC curves with the GT-MCC curves. Figure 1 presents the �nal MCC evaluation
results, showing that TopK SAE achieves signi�cantly better consistency than Standard SAE, which
con�rms our analysis in Theorem 1. More importantly, Figure 2 demonstrates that the empirical
PW-MCC values follow the same trend as GT-MCC, achieving comparable �nal values, suggesting
that PW-MCC serves as an effective alternative to GT-MCC when ground truth dictionaries are
unavailable. We refer to this setting as thematched regime, where the empirical dictionary sizedSAE
matchesdgt. In all experiments for TopK SAE, the empirical sparsity valuek used in during training
matches the ground truth sparsity. See Appendix F for the extended analysis whenk is misspeci�ed.

Takeaway: We observe that Pairwise MCC converges to GT-MCC and strong feature consistency is achieved
with TopK SAE in synthetic matched settings.

4.3 A Synthetic Model Organism for Analyzing Feature Consistency

While TopK SAEs can achieve high feature consistency under idealized matched-capacity scenarios,
real-world data introduces substantial complexities that degrade this ideal. To show how these
complexities affect feature consistency, we develop and analyze a synthetic model organism,
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Figure 3: Left: Redundant regime with high GT-MCC
but lower PW-MCC due to selection ambiguity. Right:
Compressive regime with lower GT-MCC and PW-
MCC. Max-min range across 5 seeds is shaded.

Figure 4: Token frequency in 1M tokens from Pile,
showing the Zip�an distribution in real data, with a
long and sparse tail.

progressively introducing realistic data characteristics. This allows us to observe how metrics like
PW-MCC respond to these challenges providing insights into their continued diagnostic utility.

Consistency and Global Capacity Regimes.Fundamental challenges to feature consistency arise
even before considering heterogeneous ground-truth distributions, stemming from the relationship
between the SAE's dictionary widthdsae and ground-truth dictionary widthdgt. Using the linear
generative model (X = A gtFgt) earlier, where ground-truthf (x) are k-sparse (k = 8 in our
experiments) and when all ground-truth features are uniformly sampled, we observe distinct behaviors.

In a globally redundant regime (dsae > d gt), where the SAE has more dictionary features than
the ground truth (e.g.,dsae = 160; dgt = 80; k = 8 ; n = 5e4), it can achieve high alignment with
the ground-truth dictionary (GT-MCC0:95). This suggests learned features accurately represent
underlying concepts (Figure 3). However, run-to-run consistency is often signi�cantly lower (PW-
MCC 0:77). This discrepancy arises fromselection ambiguity: with excess capacity, multiple
learned dictionary vectors can be comparably good matches for a single ground-truth feature, leading
to different, yet individually valid, feature sets being learned across runs. The lower PW-MCC here
appropriately re�ects this reduced stability in feature selection.

Conversely, in aglobally compressive regime(dsae< d gt), where the SAE has insuf�cient capacity
(e.g., dsae = 80; dgt = 800; k = 8 ; n = 5e4), both GT-MCC (0:75) and PW-MCC (0:60) are
diminished due to the inability to represent all true features (Figure 3). The parallel decline of both
metrics indicates their shared sensitivity to fundamental capacity limitations. These global capacity
mismatches show that consistency in practice might be harder to achieve, and PW-MCC provides a
direct measure of this practical stability.

Zip�an Feature Frequencies and Non-Uniform Capacity Allocation. A primary characteristic
of natural language data is the Zip�an (power-law) distribution of underlying feature frequencies
(Figure 4)—a few features are common, many are rare. We study the effect of this heterogeneity in the
globally compressive regime where SAEs operate in, given the vast number of true concepts versus
typical dictionary sizes [5]. To model this, we partition our synthetic ground truth features intoC
clusters uniformly, each containingd features, and impose an arbitrary ranking on these clusters. Data
points are generated by �rst sampling a clusteri with probabilitypi (following a Zip�an distribution
with exponent� ), and then samplingk true features from that cluster.

Post-training analysis of TopK SAEs trained on this data show that SAEs do not allocate their
dictionary capacity uniformly across these clusters. Instead, the effective capacityD i (number of
learned SAE features, matched via Hungarian algorithm, corresponding to ground-truth clusteri )
is well-approximated by a power law:D i = dsae� p�

i =
P

j pj
� . Our experiments empirically �nd

� � 1:4. Thus, in a globally compressive setting (e.g.,C = 10, d = 80 per cluster, totaldgt = 800;
dsae = 80; k = 8 ), more frequent clusters (higherpi ) receive a proportionally larger share of the
SAE's limited dictionary representation and, as a result, exhibit higher GT-MCC scores, indicating
better feature recovery for more common concepts (Figure 6). This differential ground-truth recovery
suggests that run-to-run consistency would similarly depend on the frequency of features, a pattern
that feature-level PW-MCC analysis would capture. For additional details see Appendix E.

Emergence of Local Identi�ability Regimes and Frequency-Dependent Consistency.This
non-uniform capacity allocation driven by Zip�an frequencies means that different ground-truth
clusters experience varied effective representational capacity within the same SAE. We de�ne a
local redundancy factor for each ground-truth clusteri (containingd true features) asRi := D i =d.
This factor characterizes three distinctlocal identi�ability regimes : Locally Redundant(Ri > 1)
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