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Abstract

The prevalence of foundation models in scientific applications motivates the need
for interpretable representations and search of scientific concepts. In this work, we
present a novel approach using sparse autoencoders (SAEs) to disentangle dense
embeddings from large language models, offering a pathway towards more inter-
pretable scientific foundation models. By training SAEs on embeddings of over
425,000 scientific paper abstracts spanning computer science and astronomy, we
demonstrate their effectiveness in extracting interpretable features while maintain-
ing semantic fidelity. Our method reveals and analyzes SAE features that directly
correspond to scientific concepts, and introduces a novel method for identifying
‘families’ of related concepts at varying levels of abstraction. To illustrate the
practical utility of our approach, we demonstrate how interpretable features from
SAE:s can precisely steer semantic search over scientific literature, allowing for
fine-grained control over query semantics. This work not only bridges the gap
between the semantic richness of dense embeddings and the interpretability needed
for scientific applications, but also offers new directions for improving literature re-
view and scientific discovery. For use by the scientific community, we open-source
our embeddings, trained sparse autoencoders, and interpreted features, along with
a web app for interactive literature search.

1 Introduction

Foundation models have revolutionised natural language processing and are increasingly impacting
scientific domains, enabling the representation of complex scientific concepts in rich semantic spaces
(Devlin et al., 2018; Brown et al., 2020). Dense neural vector embeddings capture nuanced semantic
relationships, enhancing downstream applications such as scientific information retrieval (IR) and
semantic search (Reimers et al., 2019; Gao et al., 2022; Wang et al., 2024). However, the power of
these representations comes at a cost: reduced interpretability and limited user control (Cao et al.,
2023a). In scientific applications, where explainability is critical, these challenges pose a barrier to
embeddings-based tools for literature reviews and scientific discovery.

To address these limitations, recent research has explored methods to disentangle and interpret the
information encoded in dense representations (Trifonov et al., 2018). Sparse autoencoders (SAEs)
have emerged as a promising solution for extracting interpretable features from high-dimensional
representations (Ng et al., 2011; Makhzani et al., 2013). By learning to reconstruct inputs as
linear combinations of features in a higher-dimensional sparse basis, SAEs can disentangle complex
representations into individually interpretable components. This approach has shown success in
analysing and steering generative models (Conmy et al., 2024; Lee, 2024; Cunningham et al., 2023b),
but its application to dense text embeddings remains unexplored.

Submitted to Foundation Models for Science Workshop, 38th Conference on Neural Information Processing
Systems (NeurIPS 2024).
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Figure 1: Training and feature labelling process for our sparse autoencoder (SAE). The SAE is trained
to minimise reconstruction loss on embeddings from astronomy and computer science paper abstracts.
Each feature corresponds to a column in the decoder matrix, representing a direction in embedding
space. Feature interpretation involves two steps: (1) An Interpreter language model identifies topics
present in text that activates each feature but absent in non-activating text. (2) A separate Predictor
language model assesses feature interpretability by stating its confidence that the feature will activate
on unseen text, with confidence correlated with ground truth activations to quantify interpretability.

In this work, we present the first application of SAEs to dense text embeddings derived from language
foundation models, focusing on scientific literature. We demonstrate that this approach offers new
possibilities for searching, understanding, and manipulating scientific concept spaces. By applying
our method to embeddings from two diverse scientific domains - computer science and astronomy -
we showcase its potential for cross-domain applicability in scientific Al In a direct demonstration
of their utility for scientific exploration, we show how SAE features can be used to steer scientific
literature search results, building on previous work applying similar techniques to decoder-only
transformers and diffusion models for guided generation (Elhage et al., 2022b; Daujotas, 2024). By
causally manipulating features in the SAE’s hidden representation of an embedding vector, we can
perform precise adjustments of the semantic meaning of scientific concepts upon reconstruction.

Our research makes the following key contributions towards more interpretable scientific foundation
models. We train SAEs with varying sizes on embeddings from a large corpus of scientific papers
across two domains, demonstrating their effectiveness in learning interpretable document-level
features from dense representations of scientific text. We conduct a comprehensive analysis of the
learned features through the lens of scientific concepts, examining their interpretability, behaviour
across different model capacities, and semantic properties. To extend this analysis, we introduce the
concept of SAE “feature families”, clusters of related features that allow for multi-scale analysis and
manipulation of scientific concepts, and examine how features “split” across levels of abstraction.
Finally, we demonstrate the practical utility of our approach by applying these interpretable features to
enhance scientific semantic search, allowing for fine-grained control over query semantics in scientific
literature exploration. We develop and open-source this as a tool that implements our SAE-enhanced
semantic search system for scientific literature, as well as open-sourcing the underlying SAEs.

2 Background and Related work

While dense embeddings have dramatically improved performance across various NLP tasks, they
present significant challenges in terms of interpretability.

2.1 Embeddings and Representation Learning

The evolution of word representations in NLP has progressed from simple one-hot encodings to
sophisticated dense vector embeddings, culminating in contextual models like BERT (Devlin et al.,
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2018) and sentence-level embeddings like Sentence-BERT (Reimers et al., 2019). While these dense
embeddings have significantly improved NLP performance, particularly in semantic search and
information retrieval (Gao et al., 2021), they present challenges in interpretability and fine-grained
control due to their high-dimensional, continuous nature (Liu et al., 2019). This opacity is particularly
problematic in applications requiring explainability or precise semantic manipulation. Moreover,
dense embeddings face challenges such as the "curse of dense retrieval” (Reimers et al., 2022), where
performance degrades rapidly with increasing index size, and difficulties in fine-tuning search results
(Cao et al., 2023b; Turian et al., 2010).

2.2 Sparse autoencoders

In large language models, the superposition hypothesis suggests that dense neural networks are highly
underparameterised, and perform computations involving many more concepts than neurons (Elhage
et al., 2022a). Because these semantic concepts, or features, are quite sparse, models compensate
encoding multiple features within the same set of neurons. However, this also leads to complex,
overlapping representations that are difficult to interpret on a single-neuron basis. Similarly, in
embedding spaces, features are not represented monosemantically in individual dimensions. Instead,
each feature is typically distributed across multiple dimensions, and conversely, each dimension may
contribute to the representation of multiple features. This distributed representation allows embedding
models to efficiently encode a large number of features in a relatively low-dimensional space, but it
also makes the embeddings challenging to interpret directly.

To address this challenge, sparse autoencoders (SAEs) have emerged as a promising solution. SAEs
learn to reconstruct inputs using a sparse set of features in a higher-dimensional space, potentially
disentangling superposed features (Elhage et al., 2022b; Olshausen et al., 1997). By encouraging this
disentanglement, SAEs aim to reveal more interpretable and semantically meaningful representations,
demonstrating efficacy in uncovering interpretable features in large language model activations
(Donoho, 2006; Gao et al., 2024). In a well-trained SAE, individual features in the hidden dimension
align with the underlying sparse, semantically meaningful features.

2.2.1 Architecture and training

Sparse autoencoders (SAEs) are neural network models designed to learn compact, interpretable
representations of high-dimensional data while enforcing sparsity in the hidden layer activations. The
architecture of an SAE consists of an encoder network that maps the input to a hidden representation,
and a decoder network that reconstructs the input from this representation.

Let x € R be an input vector, and h € R” be the hidden representation, where typically n >> d.
The encoder and decoder functions are defined as:

Encoder: h = fy(x) = c(W.x+ b,) (1
Decoder : % = gy(h) = Wgh+bg )

where W, € R"*? and W,; € R4X™ are the encoding and decoding weight matrices, b, € R* and
by € R? are bias vectors, and o (-) is a non-linear activation function (e.g., ReLU or sigmoid). The
parameters 6 = {W,,b.} and ¢ = {W,, by} are learned during training.

The training objective of our SAE combines three main components: a reconstruction loss, a sparsity
constraint, and an auxiliary loss. The overall loss function is given by:

1 R N
L(0,¢) = g”x - X”g + )‘EsParse(h) + aLlax (X, X)

where A > 0 and o > 0 are hyperparameters controlling the trade-off between reconstruction fidelity,
sparsity, and the auxiliary loss.

For the sparsity constraint, we use a k-sparse constraint: only the k largest activations in h are
retained, while the rest are set to zero (Makhzani et al., 2013; Gao et al., 2024). This approach avoids
issues such as shrinkage, where L1 regularisation can cause feature activations to be systematically
lower than their true values, potentially leading to suboptimal representations shrinkage, (Wright
et al., 2024; Rajamanoharan et al., 2024). We also use an auxiliary loss, similar to the “ghost grads”
technique (Jermyn et al., 2023), to model the reconstruction error using the top k,,x dead latents,
where we typically set kyx = 2k (Gao et al., 2024); see Appendix A for details.



109

110
111
112
113
114
115
116
117
118
119
120

121

122
123
124
125
126
127
128
129
130
131
132
133

134

135

136
137
138

140
141
142
143
144

145
146
147
148
149
150
151
152
153

154
155
156
157
158
159

2.2.2 Structure in SAE features

State-of-the-art automated interpretability techniques have resulted in the discovery of a large volume
of highly interpretable, monosemantic features in SAEs trained over language models (Cunningham
et al., 2023a; Bricken et al., 2023). With features being the base unit of interpretability for SAEs,
recent work has focused on understanding the geometric structure of features. Bricken et al. (2023)
report feature splitting in geometrically close groups of semantically related features, where number
of learned features in the cluster increases with model size. They also report the existence of universal
features which re-occur between independent SAEs and which have highly similar activation patterns.
Templeton (2024) find feature splitting also occurs in SAEs trained over production-scale models,
with larger SAEs also exhibiting novel features for concepts that are not represented in smaller SAEs.
Makelov et al., 2024 report over-splitting of binary features. Engels et al., 2024 find clusters of SAE
features that represent inherently multi-dimensional, non-linear subspaces.

2.3 Language foundation models in science

A number of domain-specific large language models have been developed for question-answering
in specific areas of science, such as medicine or astronomy (Rasmy et al., 2021; Taylor et al., 2022;
Nguyen et al., 2023). Neural vector embeddings from language models have also been leveraged to
enhance scientific question answering and literature search (Kinney et al., 2023; Iyer et al., 2024;
Lala et al., 2023). Recent work has also demonstrated the ability of language models to complete
problem-solving and knowledge synthesis tasks relevant to scientific research (Al4Science et al.,
2023; Romera-Paredes et al., 2024), and even generate novel research hypotheses (Si et al., 2024).
Some research has suggested that some latent scientific knowledge in models exists in structured
representations, and that these representations may be leveraged for scientific discovery (Tshitoyan
et al., 2019; Qu et al., 2024). However, it has also been demonstrated that language models can
exhibit human-like biases or generate false information, limiting their usefulness as scientific tools
(Birhane et al., 2023); here, improved interpretability and steerability could unlock capabilities.

3 Training SAEs and automated labelling

3.1 Training and automated interpretability methods

We trained top-k Sparse Autoencoders (SAEs) on embeddings of arXiv paper abstracts from astro-
physics (astro-ph, 272,000 papers) and computer science (cs.LG, 153,000 papers) domains, using
OpenAl’s text-embedding-3-small model. We experimented with various hyperparameters, fo-
cusing primarily on SAEs with £ = 16, 32, and 64 active latents. To interpret the learned features,
we employed an automated two-step process using large language models: an Interpreter to generate
feature labels, and a Predictor to assess interpretation confidence. We evaluated SAEs based on their
reconstruction ability and feature interpretability, using metrics such as normalised mean squared
error and Pearson correlation. Detailed training procedures, hyperparameters, and evaluation metrics
are provided in Appendix A.

SAE Performance: We observe precise power-law scalings for sparse autoencoder (SAE) perfor-
mance as a function of the number of total latents n, active latents k£, and compute C' used for
training. The normalised mean squared error (MSE) scales as L(n) = cn™® for fixed k, where «
ranges from 0.12 to 0.18, increasing with &, while ¢ generally decreases (Figure 2, left panel). For
compute scaling, we calculate the number of training FLOPs C' at each step for each SAE. We find
L(C) = aC®, where a generally increases with k (3.84 for k = 16 to 8.03 for k = 64) and b ranges
from -0.11 to -0.16, becoming more negative as k increases from 16 to 64 (Figure 2, right panel).
Both relationships show high accuracy with R-squared values above 0.93. Detailed fits are provided
in Appendix A.

Interpretability of SAE features: The most direct way to evaluate the interpretability of features is
to look at the distribution of automated interpretability scores. Specifically: given a feature label from
our interpreter model, how well can a predictor model predict the feature’s activation on unseen text?
We show in Figure 3 that the Pearson correlation between predictor model confidence of a feature
firing and the ground-truth firing is quite high, with median correlations ranging from 0.65 to 0.71
for cs.LG and 0.85 to 0.98 for astro-ph. We note that Pearson correlation increases as k and n
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Figure 2: Scaling laws for sparse autoencoder performance. Left: Normalised mean squared error
(MSE) as a function of the number of total latents n for different values of active latents k. The
power-law scaling is evident for each k. Right: Reconstruction loss as a function of compute (FLOPs)
for different k£ values, demonstrating the compute-optimal model size scaling.
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decrease, likely due to models learning coarser-grained features that are easier for the interpreter to
identify.

4 Constructing feature families through graph-based clustering

We find that our SAEs trained over arXiv paper embeddings recover a wide range of scientifically
relevant features. These features cover both scientific concepts, from niche to broad and multi-
disciplinary, and also more abstract semantic artifacts, such as humorous writing or critiques of
scientific theories. Features and activating examples can be found in Appendix C. In the remainder
of this work, we focus primarily on features that correspond directly to scientific concepts from
the literature. Our analysis of feature evolution and grouping provides insights into how scientific
concepts are represented and related within foundation models, potentially informing the development
of more interpretable and efficient scientific Al systems.

To understand how features evolve across different SAE capacities and to identify meaningful
groupings of related features, we studied two distinct phenomena: feature splitting and feature
families. Feature splitting — the tendency of features appearing in larger SAEs to “split” the direction
spanned by a feature from a smaller SAE, and activate on granular sub-topics of the smaller SAE’s
feature — has been observed in previous work on sparse autoencoders (e.g. Bricken et al., 2023).
Examples of feature splitting, as well as features recurring across SAEs, can be found in Figures 16
and 17a/17b.
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In contrast, feature families exist within a single SAE, and exhibit a clear hierarchical structure with
a dense “parent” feature and several sparser “child” features; we suggest that the “parent” feature
encompasses a broader, more abstract concept that is shared among the “child” features. An example
feature family from cs.LG can be seen in Figure 4.

4.1 Feature splitting

We investigated how features in smaller SAEs relate to features in larger SAEs through a nearest
neighbour approach. For each pair of SAEs (i.e. SAE16 and SAE32) with n; and ny features
respectively, we calculated an n; X ny similarity matrix S where S;; = w’ w; /||w;||||w;||. Here,
w; and w; are decoder weight vectors for features in the smaller and larger SAE, respectively. For
each feature in the larger SAE, we identified the most similar feature in the smaller SAE, allowing us
to trace how features potentially “split” or become more refined as model capacity increases.

Our results are shown in Figure 9. We find that increasing both number of active latents k£ and the
latent dimension n reduces the similarity between nearest neighbours in differently sized SAEs. This
agrees with intuition: larger models with more capacity (higher £ and n) can learn more fine-grained
and specialised features, leading to greater differentiation from features in smaller models.

Qualitatively, matching features from small to large SAEs, we find both recurrent features and novel
features. Recurrent features appear with extremely high S;; and activation similarity across one
or more model pairs, and have highly similar auto-generated interpretations, suggesting semantic
closeness; these are much more common for lower k (see Figure 16). In contrast, novel features have
distinct semantic meaning from their nearest-neighbour match, and activate similarly on some but not
all documents; novel features thus split the semantic space covered by their nearest-neighbour match
from a smaller SAE. However, some novel features share little semantic or activation overlap with
their nearest-neighbour feature, as in Fig. 17b, indicating smaller SAEs may not sufficiently cover
the feature space; see E.1 in the Appendix for more details.

4.2 Feature families

Feature family identification To identify feature families, we developed a graph-based approach
using co-activation patterns across the dataset. We consider only highly interpretable features (F1
> 0.8, Pearson > 0.8).

We first compute co-occurrence matrix C' and activation similarity matrix D. For all data points
k, Cij = > AikAji, Dij = >, BirBji where A;;, = 1 if feature i is active on example & (0
otherwise), and B;;, = hy ; if feature ¢ is active on example k with hidden vector hy (0 otherwise).
We normalise the co-occurrence matrix by feature activation frequencies and apply a threshold to

focus on significant relationships: C73*"™ = fcfﬁe where f; = >, Aj is the activation frequency
of feature 7 and € is a small constant for numerical stability. We then apply a threshold 7 to obtain
C’Z-tj’-”““h (hereafter just C'). We construct a maximum spanning tree (MST) from C, capturing the
strongest relationships between features while avoiding cycles. We convert the MST to a directed
graph, with edges pointing from higher-density to lower-density features, representing a hierarchy
from more general to more specific concepts. We identify feature families via depth-first-search
in this directed graph, starting from root nodes (i.e., no incoming edges) and recursively exploring
hierarchical sub-families.

We iterate this process, removing parent features after each iteration to re-form the MST and
reveal overlapping, finer-grained feature families. We de-duplicate families with high set overlap

‘Flﬂle . _ _ . .
(\Flqul > 0.6). In practice, we choose 7 = 0.1 and use n = 3 iterations.

Feature family interpretability To evaluate the interpretability of feature families and their rele-
vance to scientific concept understanding, we analysed their collective properties and the effectiveness
of high-level descriptions in capturing their behaviour in scientific contexts. For each family, we
generated a “superfeature” description using GPT-40, based on the individual feature descriptions
within that family. We then uniformly sampled high-activating examples across all activations of child
features, and assessed the interpretability of the superfeature using a prediction task, where GPT-40
predicted whether test abstracts would activate the superfeature. We compared these predictions to
ground truth activations to compute Pearson correlation and F1 scores. Additionally, we calculated
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Figure 5: Co-occurrence matrix C' organised by a subset of 5 feature families each. Features in
families are ordered by firing density, and the right-most feature is the parent. The un-filled block
structure reflects the hierarchical nature of the feature family: all children co-occur with the parent,
but few children fire with each other. Visually, this supports our clustering approach.

several metrics to characterise the structure and coherence of the feature families. Table 1 presents
the mean values of these metrics across all families for both the astro-ph and cs.LG datasets.

Matrix structure We conjecture that feature families are equivalent to diagonal blocks in some
permutation of the co-occurrence matrix C' and activation similarity matrix D. If feature families are
indeed meaningful clusters in the graph, then in C' and D in-block elements should co-activate much
more strongly than off-diagonal elements. We also argue that due to the hierarchical nature of feature
families, matrix “blocks” are highly sparse, since child features all co-occur with the parent feature
but rarely co-occur with one another. Subsets of the co-occurrence matrix, permuted by feature
family, are shown in 5.

Motivated by these structures, we compute the parent-child co-occurrence ratio R(p, C) for every fam-

avg(Ziec Aip)
> avg(Xiec 2jec,iri
and activation similarity matrices by greedily selecting feature families, and compute the in-block to
off-diagonal ratios Cyiag /Cofr and Dyiag / Dogr (excluding the ¢ = j diagonal), capturing the clustering
strength of the block diagonal. Statistics are listed in Table 1.

ily with parent feature p and children C a5 We also permute the co-occurrence

Dataset (ky 1) Size Fl Pearson R(p,C) Cliag/Cott  Dagiag/ Dot fine

astro-ph (16,3072) 6 0.86 0.76 10.99 5.13 5.47 0.36
(32,6144) 6 0.86 0.73 11.75 4.72 5.87 0.31
(64,9216) 7 0.80 0.7 6.87 2.0 3.05 0.24

cs.LG (16,3072) 5 0.73 0.6 2.44 8.35 0.89 0.23
(32,6144) 5 0.73  0.59 3.5 7.33 1.07 0.30
(64,9216) 7 0.80 0.71 1.22 1.78 2.57 0.41

Table 1: Interpretability and structure metrics for feature families from astro-ph and cs.LG; we
report medians unless otherwise noted. f;,. refers to the fraction of features belonging to a clean (F1
> 0.8, Pearson > 0.8) feature family.

0.8
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Figure 6: Relationship between intervention accuracy and query fidelity for SAE-based embedding
interventions versus traditional query rewriting in scientific literature retrieval for computer science
(cs.LG) and astronomy (astro-ph) domains. Intervention accuracy measures the precision of causal
query modifications, while query fidelity is quantified by cosine similarity between original and
modified query embeddings.

5 Evaluating effectiveness of search interventions in scientific literature

5.1 Intervening on scientific embeddings with SAE features

As an implementation detail, we note that intervening on a feature by up- or down-weighting its
hidden representation and then decoding is equivalent to directly adding the scaled feature vector to
the final embedding. This approach allows for precise manipulation of scientific concepts within the
embedding space. We explore an alternative process in Appendix G where we iteratively optimise the
encoded decoded latents to minimise the difference between the desired feature activations and the
actual activations, potentially offering even finer control over scientific concept representation.

5.2 [Experiments in scientific literature retrieval

We incorporate SAE-based embedding interventions into a scientific literature retrieval system for
computer science (cs.LG) and astronomy (astro-ph), demonstrating cross-domain applicability in
scientific AL. To assess the effectiveness of SAE feature intervention on semantic search of scientific
literature, we evaluate the specificity and interpretability of feature-centric query modifications. We
select random samples (N = 50 each) of real literature retrieval queries relevant to machine learning
and astronomy, which are answerable with information in papers from cs.LG and astro-ph.

For each scientific query, we return the top £ = 10 most relevant papers using embedding cosine
similarity, forming the original retrieval results R. We then select a random feature 4 in the top-k from
the query’s hidden representation hg, and another orthogonal feature j that has no overlap with the
top-k; we limit our selection only to features that are highly interpretable (F1 > 0.9, Pearson > 0.9).
Given these features, we create a modified query embedding with h'q,i = A— and h'q,j = A+,
letting A = 0 and sampling Ay € [0,5]. This effectively down-weights” and up-weights” the
importance of specific scientific concepts ¢ and j, respectively, in the modified query, which is used
to generate new retrieval results R'.

To evaluate the effect of up-weighting and down-weighting query modifications on the final retrieval
results, we provide both R and R’ to an external LLM instance. The external LLM then compares
R and R’ and determines which scientific concepts, out of a multiple-choice subset of 5 options,
have been up-weighted or down-weighted; we use this to compute the intervention accuracy, which
measures the precision and efficacy of causal query interventions in scientific literature search. As a
baseline, we compare our SAE-based method against traditional query rewriting, by using another
LLM instance to re-write the original query such that it up-weights 7 and down-weights 7 entirely
using natural language. Our results, shown in Figure 6, demonstrate that SAE feature interventions
consistently outperform traditional query rewriting across various levels of query fidelity in scientific
literature search.

We also experiment with intervening on feature families, sampling highly interpretable families
containing features in the query top-k. This allows us to manipulate scientific concepts at different
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levels of abstraction. We uniformly adjust weights for all features in the family, including the parent,
using the auto-generated family interpretation as the multiple-choice option. Results show that
feature family interventions achieve accuracy comparable to individual features, but only down-
weighting interventions outperform query re-writing. This may be because feature families can
comprehensively down-weight related scientific concepts, while up-weighting a general concept
doesn’t necessarily require activating all granular child features. Notably, lower cosine similarity
isn’t inherently undesirable, as changing the query will naturally reduce similarity.

6 Discussion

In this work, we have presented a novel approach towards more interpretable scientific foundation
models and literature search, by applying sparse autoencoders (SAEs) to dense text embeddings to
derived from large language models. We have demonstrated the usefulness of SAEs in disentangling
embeddings of scientific paper abstracts into semantically relevant document-level concepts, an
important step towards more transparent and controllable Al systems for scientific applications. We
introduced the concept of “feature families” in SAEs, which allow for multi-scale semantic analysis
and manipulation of scientific concepts. Furthermore, we showcased the practical utility of our
approach by applying these interpretable features to enable fine-grained control over query semantics
in scientific literature search, aligning with recent work on controlled text generation (Lee, 2024).

Our approach offers a novel solution to the growing challenge of scientific literature exploration. With
the exponential growth in papers, traditional search methods are becoming increasingly ineffective
(Tsang et al., 2016). Our SAE-based approach, for which we provide an open-source interface,
provides a new way to navigate and find pertinent scientific papers, especially in interdisciplinary
fields where relevant work may not be easily discoverable through conventional keyword searches,
citation networks, or vector search (Sharma et al., 2022; Thomsett-Scott et al., 2016).

Foundation models, including large language models, are increasingly useful in scientific discovery
(Si et al., 2024; Tshitoyan et al., 2019; Al4Science et al., 2023). By providing concept-level
interpretability, our work also allows for probing the evolution of scientific fields over time, as
captured through state-of-the-art language models and scientific literature corpora. Existing efforts to
map the landscape of scientific research and understand domain and conceptual shifts have relied
primarily on citation networks and keyword analysis (Boyack et al., 2005; Uzzi et al., 2013). However,
SAE features more directly probe semantic meaning and are less sensitive to paper-level or keyword-
level variations, potentially enabling more robust literature searches and meta-analyses. Statistics
of SAE features representing scientific concepts—such as clustering patterns, co-occurrences, and
temporal trends— could gain novel insights into how scientific domains have changed and interacted.

To more thoroughly evaluate our approach, we would like to collect human user evaluations of
our SAE-based literature search and compare SAE interventions to other user-facing techniques,
e.g. prompt rewriting. We’d like to evaluate our reconstructed embeddings against the original
embeddings using a standard semantic embedding benchmark such as MTEB (Muennighoff et al.,
2022). We’d also like to be able to conduct an evaluation of SAE features against some proxy of
ground-truth features, much like Makelov et al. (2024) propose. For instance, the Unified Astronomy
Thesaurus (Frey et al., 2018) could provide a basis for evaluating individual feature overlap with
astronomy concepts, and even family features as groupings of these individual concepts.

Limitations: Our work focused on relatively small datasets from specific scientific domains. Al-
though this specificity allowed us to demonstrate the effectiveness of our approach in targeted areas,
future work should investigate how well these methods generalise to larger, more diverse datasets.
Additionally, our automated interpretability process, while effective, does not utilise the full spectrum
of activations, potentially missing nuanced patterns in feature behaviour.

The computational requirements for training SAEs on large embedding datasets also present scalability
challenges that need to be addressed for wider adoption of this approach. Our SAEs are quite small in
comparison to more general language model SAEs. This proved adequate given that we only require
a single embedding vector per example (rather than one per token posiiton) and the narrow domains
we trained on, but SAEs for general text embeddings would need to be scaled up by at least 2-3 the
total number of latents. Further, while we’ve demonstrated the utility of our approach for literature
search, further work is needed to integrate these interpretable representations into the real-world
workflows of human scientists, from hypothesis generation to experimental design and analysis.
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A Training details

A.1 Training setup

Our sparse autoencoder (SAE) implementation incorporates several recent advancements in the field.
Following Bricken et al. (2023), we initialise the bias b, using the geometric median of a data
point sample and set encoder directions parallel to decoder directions. Decoder latent directions are
normalised to unit length at initialisation and after each training step. For our top-k£ models, based on
Gao et al. (2024), we set initial encoder magnitudes to match input vector magnitudes, though our
analyses indicate minimal impact from this choice.

We also use an auxiliary loss, similar to the “ghost grads” technique (Jermyn et al., 2023), to model
the reconstruction error using the top k,,x dead latents, where we typically set k,,x = 2k (Gao et al.,
2024). Latents are flagged as dead during training if they have not activated for a predetermined
number of tokens (in our case, one full epoch through the training data). Given the reconstruction
error of the main model e = x — X, we define the auxiliary loss as L, (X, %) = ||e — &||3 where
€& = Wyz is the reconstruction using the top k.. dead latents, and z is the sparse representation
using only these dead latents. This additional loss term helps to revive dead features and improve
the overall representational capacity of the model (Gao et al., 2024). We found that dead latents
only occurred during training the £ = 16 models, and all dead latents had disappeared by the end
of training. We show how dead latents evolved over training the k¥ = 16 SAEs for the astro-ph
abstracts in Figure 7.

For optimisation, we employ Adam (Kingma et al., 2014) with 5, = 0.9 and 32 = 0.999, maintaining
a constant learning rate. We use gradient clipping. Our training uses batches of 1024 abstracts, with
performance metrics showing robustness to batch size variations under appropriate hyperparameter
settings.

The primary MSE loss uses a global normalisation factor computed at training initiation, while
the AuxK loss employs per-batch normalisation to adapt to evolving error distributions. Following
Bricken et al. (2023), we apply a gradient projection technique to mitigate interactions between the
Adam optimiser and decoder normalisation.

A.2 Training and automated interpretability methods

Training: We train our top-k SAEs on the embeddings of abstracts from papers on arXiv with the
astro-ph tag (astrophysics, 272,000 papers) and the cs.LG tag (computer science, 153,000 papers).
The embeddings were generated with OpenAl’s text-embedding-3-small model.! We train our
SAEs on these collections of embeddings separately. We normalised the embeddings to zero mean
and unit variance before passing them to the SAE as inputs. Our trained SAEs will be made available
for download.

Hyperparameters: Notable hyperparameters include the number of active latents k, the total number
of latents n, the number of auxiliary latents k,,, the learning rate, and the auxiliary loss coefficient
«. We found learning rate and auxiliary loss coefficient to not have a significant effect on final
reconstruction loss; we set the former to 1e-4 and the latter to 1/32. We vary k between 16 and 128,
and n between two to nine times the embedding dimension djnpy. Whilst we train SAEs with many

"https://openai.com/index/new-embedding-models-and-api-updates/
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Figure 7: The proportion of dead latents, defined as features that haven’t fired in the last epoch of
training, for our £ = 16 SAEs on the astro-ph abstract embeddings. All dead latents were gone by
the end of training. We found that dead latents only occurred in & = 16 autoencoders.

different combinations of these hyperparameters, we largely focus on what we hereon refer to as
SAEL6 (k = 16, n = 2dinpu = 3072), SAE32 (k = 32, n = 4dippu = 6144) and SAE64 (k = 64,
N = 6dinpur = 9216). We train each model for approximately 13.2 thousand steps.

Automated interpretability: Following the training of a Sparse Autoencoder (SAE), it becomes
necessary to interpret its features, each corresponding to a column in the learned decoder weight
matrix. To facilitate feature interpretation and quantify interpretation confidence, we employ two
Large Language Model (LLM) instances: the Interpreter and the Predictor. The Interpreter is
tasked with generating labels for each feature. It is provided with the abstracts that produce the top
5 activations of the feature across the dataset, along with randomly selected abstracts that do not
activate the feature. The Interpreter then generates a label for the feature based on this input (for the
complete prompt, refer to Appendix C). Subsequently, the generated label is passed to the Predictor.
The Predictor is presented with three randomly sampled abstracts where the feature was activated and
three where it was not. It is then instructed to predict whether a given abstract should activate the
feature, expressing its confidence as a score ranging from —1 (absolute certainty of non-activation) to
+1 (absolute certainty of activation).” We measure the Pearson correlation between this confidence
and the true activation (binary; +1 or -1). We also measure the F1 score, when framing the confidence
as a binary classification (active if confidence is above 0, inactive otherwise).

Evaluation metrics: In order to compare SAEs, we evaluate both their ability to reconstruct the
embeddings, as well as the interpretability of the learned features. For the former, we examine the
normalised mean squared error (MSE), where we divide MSE by the error when predicting the mean
activations. We also report the log density of the activation of features across all papers. We do not
report dead latents (those not firing on any abstract) as all models contained zero dead latents at the
end of training. We also report the mean activation of features, when their activation is non-zero. To
measure interpretability, we use Pearson correlation, as outlined above.

A.3 SAE training metrics

Table 2 shows the final training metrics for all combinations of SAEs trained. We note clear trends in
normalised MSE, log feature density and activation mean as we vary the number of active latents k
and the overall number of latents n.

We use 3 activating and 3 non-activating abstracts for the Predictor, rather than 5, due to LLM costs. We
used gpt-4o as the Interpreter and gpt-4o-mini as the Predictor. Notably, we predict each abstract separately,
rather than batching abstracts like Bricken et al. (2023).
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Table 2: Metrics for our top-k sparse autoencoders with varying k and hidden dimensions, across
both astronomy and computer science papers. MSE is normalised mean squared error, Log FD is
the mean log density of feature activations, and activation mean is the mean activation value across
non-zero features. Note that MSE is normalised.

astro.ph cs.LG
k n MSE LogFD ActMean MSE LogFD Act Mean

3072 0.2264 -2.7204 0.1264  0.2284 -2.7314 0.1332
4608 0.2246 -4.7994 0.1350  0.2197 -3.0221 0.1338
16 6144 0.2128 -3.1962 0.1266  0.2089 -3.2299 0.1342
9216 0.1984 -3.4206 0.1264  0.1962 -3.4833 0.1343
12288 0.1957 -6.2719 0.1274  0.1897 -3.6448 0.1347

3072 0.1816 -2.3389 0.0847  0.1831 -2.3008 0.0885
4608 0.1691 -3.6091 0.0882  0.1697 -2.5152 0.0876
32 6144 0.1604 -2.7761 0.0841 0.1641 -2.6687 0.0873
9216 0.1554 -3.0227 0.0842  0.1540 -2.9031 0.0875
12288 0.1520 -4.9505 0.0843 0.1457 -3.0577 0.0877

3072 0.1420 -1.9538 0.0566  0.1485 -1.8875 0.0584
4608 0.1331 -2.7782 0.0622  0.1370 -2.0637 0.0570
64 6144 0.1262 -2.2828 0.0545 0.1310 -2.1852 0.0558
9216 0.1182 -2.4682 0.0539 0.1240 -2.3536 0.0545
12288 0.1152 -3.4787 0.0583 0.1162 -2.4847 0.0548

3072 0.1111 -1.8876 0.0483 0.1206 -1.5311 0.0399
4608 0.1033 -2.1392 0.0457  0.1137 -1.6948 0.0376
128 6144 0.1048 -2.2501 0.0438  0.1076 -1.8079 0.0366
9216 0.0975 -2.5352 0.0409  0.0999 -1.9701 0.0348
12288 0.0936 -2.7025 0.0399  0.0942 -2.0858 0.0342

A.4 Scaling laws

For the left panel of Figure 2, which shows the scaling of normalised MSE with the number of total
latents n, we observe the following power-law relationships:

k=16: L(n) = 0.61n" 12 (astro.ph); L(n) = 0.67n"°'3 (cs.LG)
k =32: L(n) = 0.49n~"'3 (astro.ph); L(n) = 0.56n""* (cs.LG)
k =64 : L(n) = 0.46n""'° (astro.ph); L(n) = 0.60n""'7 (cs.LG)
k=128 : L(n) = 0.31n %3 (astro.ph); L(n) = 0.51n"%18 (cs.LG)

For the right panel of Figure 2, which shows the scaling of normalised MSE with the amount of
compute C' (in FLOPs), we observe the following power-law relationships:

k=16:L(C) = 3.84C !
k=32:L(C)=5.25C"%13
k=64:L(C)=8.03C %16
k=128:L(C) =280C~"1

600
601

602

603

605
606

These equations demonstrate the consistent power-law scaling behaviour of sparse autoencoders

across different values of k, n, and compute C.

A.5 Feature density and similarity

We find an intuitive relationship between k& and n and the log feature density (essentially, how often a
given feature fires). As k increases, we get a sharper peak of log feature density, shifted to the right,
suggesting features fire in a tighter range as we increase the instantaneous LO of the SAE’s encoder

(Figure 8).
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Figure 8: Log feature density for features in our three SAEs as a stacked histogram, showing the
distribution of how often features fire across all paper abstacts (cs.LG and astro-ph). The larger
SAE has a higher mean feature density than the smaller SAEs.
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(a) k fixed, varying n. As n increases, the features between across SAEs with
varying k become more disparate.
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(b) n fixed, varying k. Higher values of k lead to less similarity regardless of
n.

Figure 9: Nearest-neighbour cosine similarity distributions for SAE features. To find features in an
SAE with a lower & that are most similar to those in an SAE with a larger k£, we compute the cosine
similarity between each feature in the larger model and each feature in the smaller model. We do this
for several values of n, and combine the distributions for astro.ph and cs.LG.

To compare features across different SAEs trained on the same input data, we analyse the cosine
similarity between the decoder weight vectors corresponding to each feature. Decoder weights,
represented by columns in the decoder matrix, directly encode each feature’s contribution to input
reconstruction. Encoder weights, on the other hand, are optimised to extract feature coefficients
while minimising interference between non-orthogonal features. This separation is important in the
context of superposition, where we have more features than input dimensions, precluding perfect
orthogonality.
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Figure 10: The SAErch tab of our web application, demonstrating a semantic search for “measurable
signatures of stochasticity in star formation in galaxies” in the astrophysics domain. The interface
displays the top 10 search results ranked by relevance, including title, citation count, and publication
year. On the right, sliders represent the top activated SAE features for the query, allowing users
to fine-tune the search by adjusting feature weights. On the bottom we have our feature addition
interface. Users can search for specific semantic features (e.g., “black holes”) and add them to their
query. They can then adjust the strength of these features.

B SAErch.ai

To demonstrate the practical applications of our sparse autoencoder (SAE) approach to semantic
search and feature interpretation, we developed a web application that allows users to interact with
the SAE models trained on arXiv paper embeddings. The link will be made public at the end of the
anonymity period.

B.1 Overview

SAErch.ai is built using the Gradio framework and consists of three main tabs: Home, SAErch, and
Feature Visualisation. The application allows users to switch between the Computer Science (cs.LG)
and Astrophysics (astro-ph) datasets.

The SAErch tab implements the core functionality of our semantic search system, allowing users to:

* Input a search query
* View the top 10 search results based on embedding similarity

* Interact with the SAE features activated by their query

For each query, the system displays sliders corresponding to the top-k SAE features activated by the
input. Users can adjust these sliders to modify the query embedding, effectively steering the search
results towards or away from specific semantic concepts; see Figure 10. This directly demonstrates
the fine-grained control over query semantics discussed in Section 5 of our paper. Users can also
search for and add specific features not initially activated by their query (Figure ??).
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Figure 11: Individual feature visualisation for the “Circuit analysis in neural networks” feature in the
computer science domain. The interface displays key interpretability metrics, top activating abstracts,
correlated and co-occurring features, and an activation distribution histogram. Further information
(not shown in the image) includes co-occurring features and activation distribution.

B.2 Feature Visualisation Tab

The Feature Visualisation tab is divided into two sub-tabs: Individual Features and Feature Families.
This section of the application directly relates to our analysis of SAE features and feature families
discussed in Sections 3 and 4.

B.2.1 Individual Features
For any selected feature, this tab displays:

* Top 5 activating abstracts, demonstrating the semantic content captured by the feature

* Top and bottom 5 correlated features, illustrating the relationships between different SAE
features

* Top 5 co-occurring features, showing which features tend to activate together

* A histogram of activation values, providing insight into the feature’s behavior across the
corpus

¢ The most similar features in SAE16 and SAE32

B.2.2 Feature Families

The Feature Families tab in our web application offers an in-depth exploration of related features
discovered by our sparse autoencoder. We show an example feature family in Figure 12.

The table displays the parent feature (superfeature) and its child features, along with key metrics,
such as the name of the parent and child features, the frequency of co-occurrence between the child
feature and the parent feature, ranging from O to 1, and the F1 Score and Pearson correlation.

The interactive directed graph provides a visual representation of the feature family structure. Each
node represents a feature. The size of the node corresponds to the feature’s density (frequency of
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Feature Parent Co-Occurrence F1 Score Pearson

Transformer models 1 1 0.9994

Positional Encoding in Neural Networks 0.34 1 0.9992
Vision Transformers (ViT) and training techniques 0.34 1 0.9977
Theoretical and Practical Aspects of Transformers 0.24 1 0.9992
Transformer architectures and enhancements 0.72 1 0.9993
Vision Transformers and Efficiency Techniques 0.49 1 0.9923
Swin Transformer in Vision Tasks 0.49 sk 1

Mamba architecture and applications 0.95 1 0.9992

Transformer architectures and applications 1 1 0.9638

Family Graph

Directed Graph 1

e A

Pearson Correlation

’ 0.4

,< . :
¢ P

Figure 12: Directed graph visualization of a transformer models feature family. Nodes represent
individual features, with size indicating feature density and color intensity showing Pearson correla-
tion. Edges depict relationships between features, with arrow direction pointing from more general to
more specific concepts. Users can hover over nodes to view detailed feature information.

activation), while the color intensity indicates the Pearson correlation (interpretability). Arrows
between nodes show relationships between features, with the direction typically pointing from more
general to more specific concepts. Users can hover over nodes to view detailed information about
each feature, including its name and log density.

C Automated interpretability details

C.1 Examples of features

We show some examples of perfectly interpretable features (Pearson correlation > 0.99) in Table 3.
The strength of the activation of the feature on its top 3 activating abstracts is shown in parentheses
next to the abstract title.
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Feature

Astronomy

Cosmic Microwave Background

How to calculate the CMB
spectrum (0.1598)

CMB data analysis and spar-
sity (0.1581)

Periodicity in astronomical data

Generalized Lomb-Scargle
analysis of decay rate
measurements  from  the
Physikalisch-Technische
Bundesanstalt (0.1027)

Multicomponent power-
density spectra of Kepler
AGNs, an instrumental
artefact or a physical origin?
(0.0806)

RXTE observation of the X-
ray burster 1E 1724-3045. L.
Timing study of the persistent
X-ray emission with the PCA
(0.0758)

X-ray reflection spectra

Relativistic reflection: Re-
view and recent develop-
ments in modeling (0.3698)
No evidence of mass segrega-  Ruling Out Initially Clustered
tion in massive young clusters
(0.2051)

Primordial Black Holes as
Dark Matter (0.2029)

A Framework for Neural Net-

work Pruning Using Gibbs

Distributions (0.2843)

Critique or refutation of theories

Computer Science

Sparsity in Neural Networks

Gibbs Sampling and Variants

Arithmetic operations in transformers Understanding Addition in

Transformers (0.1792)

Table 3: Activation strengths and titles for abstracts related to Astronomy and Computer Science
features.

C.2 Automated interpretability prompts

We provide the prompts used for the Interpreter model and the Predictor model in the boxes below.
Where this text is used, it represents an input to the model. We found that performance significantly
increased when including the instruction to use “Occam’s razor”, whereby the simplest feature at the
appropriate level of granularity was selected.
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667

Interpreter Model Prompt

You are a meticulous <type> researcher conducting an important investigation into a certain
neuron in a language model trained on <subject> papers. Your task is to figure out what
sort of behaviour this neuron is responsible for — namely, on what general concepts, features,
themes, methodologies or topics does this neuron fire? Here’s how you’ll complete the task:

INPUT DESCRIPTION: You will be given two inputs: 1) Max Activating Examples and 2)
Zero Activating Examples.

1. You will be given several examples of text that activate the neuron, along with a
number being how much it was activated. This means there is some feature, theme,
methodology, topic or concept in this text that ‘excites’ this neuron.

2. You will also be given several examples of text that don’t activate the neuron. This
means the feature, topic or concept is not present in these texts.

OUTPUT DESCRIPTION: Given the inputs provided, complete the following tasks.

1. Based on the MAX ACTIVATING EXAMPLES provided, write down potential topics,
concepts, themes, methodologies and features that they share in common. These
will need to be specific - remember, all of the text comes from subject, so these
need to be highly specific subject concepts. You may need to look at different
levels of granularity (i.e. subsets of a more general topic). List as many as you can
think of. Give higher weight to concepts more present/prominent in examples with
higher activations.

2. Based on the zero activating examples, rule out any of the topics/concepts/features
listed above that are in the zero-activating examples. Systematically go through your
list above.

3. Based on the above two steps, perform a thorough analysis of which feature, concept
or topic, at what level of granularity, is likely to activate this neuron. Use Occam’s
razor, as long as it fits the provided evidence. Be highly rational and analytical here.

4. Based on step 4, summarise this concept in 1-8 words, in the form FINAL:
<explanation>. Do NOT return anything after these 1-8 words.

Here are the max-activating examples: <max activating examples>
Here are the zero-activating examples: <zero activating examples>

Work through the steps thoroughly and analytically to interpret our neuron.

22



668

669

670
671
672
673
674
675
676
677
678
679

680
681
682
683
684
685

686

687
688
689
690

Predictor Model Prompt

You are a <subject> expert that is predicting which abstracts will activate a certain neuron
in a language model trained on <subject> papers. Your task is to predict which of the
following abstracts will activate the neuron the most. Here’s how you’ll complete the task:

INPUT DESCRIPTION: You will be given the description of the type of paper abstracts on
which the neuron activates. This description will be short. You will then be given an abstract.
Based on the concept of the abstract, you will predict whether the neuron will activate or not.

OUTPUT DESCRIPTION: Given the inputs provided, complete the following tasks.

1. Based on the description of the type of paper abstracts on which the neuron activates,
reason step by step about whether the neuron will activate on this abstract or not.
Be highly rational and analytical here. The abstract may not be clear cut - it may
contain topics/concepts close to the neuron description, but not exact. In this case,
reason thoroughly and use your best judgement. However, do not speculate on topics
that are not present in the abstract.

2. Based on the above step, predict whether the neuron will activate on this abstract
or not. If you predict it will activate, give a confidence score from 0 to 1 (i.e. 1
if you’re certain it will activate because it contains topics/concepts that match the
description exactly, O if you’re highly uncertain). If you predict it will not activate,
give a confidence score from -1 to 0.

3. Provide the final confidence score in the form PREDICTION: (your prediction)
e.g. PREDICTION: 0.5. Do NOT return anything after this.

Here is the description/interpretation of the type of paper abstracts on which the neuron
activates: <description>

Here is the abstract to predict: <abstract>

Work through the steps thoroughly and analytically to predict whether the neuron will activate
on this abstract.

C.3 Exploring the effectiveness of smaller models

Although we eventually used gpt-4o0-mini as the Predictor model, we initially did some ablations
to understand how effective gpt-4o and gpt-3.5-turbo would be as different combinations of
the Interpreter and Predictor models. We measured this by randomly sampling 50 features from
our SAE64 (trained on astro-ph abstracts) and measuring the interpretability scores of different
model combinations, in terms of both F1 score (does the model’s binary classification of a feature
firing on an abstract agree with the ground-truth) and the Pearson correlation (described in the main
body). Interestingly, we observe that using gpt-4o as the Interpreter and gpt-3.5-turbo as the
Predictor leads to similar scores as using gpt-3.5-turbo for both, as shown in Figures 13 and
Figures 14. This suggests that the challenging task in the autointerp is not necessarily labelling but
rather predicting the activation of a feature on unseen abstracts.

Another observation is that using gpt-3.5-turbo as the Predictor only leads to a moderate degrada-
tion of F1 score, it leads to a significant degradation of Pearson correlation. This is likely because
we only use 6 abstracts for each feature prediction (3 positive, 3 negative) and thus there are only a
few discrete F1 scores possible. Additionally, it appeared that gpt-3.5-turbo was generally less
likely to assign higher confidence scores in either direction, with a much lower variance in assigned
confidence than when gpt-4o was the Predictor. This affects Pearson correlation but not F1.

D Cross-domain features

The intersection between our cs.LG (n = 153, 146) and astro.PH (n = 271, 492) corpora contains
n = 330 cross-posted papers. Motivated by these papers, as well as the observation of similar
features re-occurring in models of different sizes (see Section 4), we search for the max cosine
similarity feature between cs.LG and astro.PH SAEs at a fixed k and n4;,. As expected, we find
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Figure 13: Correlation between F1 scores and Pearson correlation scores of different combinations of
(labeller, predictor) models. Interestingly, using GPT-3.5 as the predictor appears to degrade
performance similarly regardless of whether the feature was labelled by GPT-40 or GPT-3.5.

B F1 Score
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Figure 14: Mean F1 scores and Pearson correlations (according to ground-truth feature activations)
across 50 randomly sampled features, for different combinations of (Interpreter, Predictor)
models.
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Figure 15: Maximum pair-wise cosine similarity of feature vectors between SAEs trained on different
domains.

Feature Name (astro-ph) Best Match (cs.LG) Cosine Sim. Activation Sim. A Fl A Pearson
Deep learning CNNs and Applications 0.39 0.33 -0.2 -0.17
Generative Adversarial Networks Generative Adversarial Networks (GANs) 0.61 0.26 0
Transformers Transformer architectures and applications 0.5 0.33 0
Artificial Neural Networks Artificial Neural Networks (ANNs) 0.64 0.02 0
Artificial Intelligence Al applications in diverse domains 0.61 0.45 0 0.02
Automation and Machine Learning ~ Automation in computational processes 0.9 0.77 -0.25 -0.47
Gaussian Processes Gaussian Processes in Machine Learning 0.59 0.54 0 0.03
Regression analysis Regression techniques and applications 0.81 0.53 0 -0.01

Table 4: Feature matches from the "Machine Learning" family (astroPH); k = 64, ng;. = 9216.

significant mis-alignment between the vast majority of feature vectors between SAEs trained on
different domains, with mis-alignment increasing with k and n;, (see Figure 15; this is unsurprising
given how k and ny;,.s correlate with feature granularity).

However, a small subset of features appear in both sets of SAEs, with relatively high max cosine
similarity. For example, Table 4 shows the nearest cs.LG neighbours for every feature in the
astro.PH “Machine Learning” feature family (average cosine similarity = 0.59, average activation
similarity = 0.40). To test whether the features represent the same semantic concepts, we substitute the
natural language description of the best-match cs.LG feature for each listed astro.PH feature and
test the interpretability of the substituted descriptions; we find Apeyrson = —0.07 and Apy; = —0.06.
The existence of these features suggests that both sets of SAEs learn a semi-universal set of features
that span the domain overlap between astro.PH and cs.LG.

Interestingly, we find a number of near-perfectly aligned pairs (cosine similarity > 0.95) of highly
interpretable features with little semantic overlap. A number of these features share similar wording
but not meaning, such as “Substructure in dark matter and galaxies" (astro-ph) and “Subgraphs and
their representations”. Of these 10 feature pairs, the average activation similarity is 0.91.

E Feature family details

E.1 Feature splitting structures

Figure 16 shows an example of a recurrent feature across SAE sizes that does not exhibit feature
splitting. While the feature has extremely high activation and cosine similarity across every model
pair, each model only learns 1 feature in this direction. In Figures 17a and 17b we show two ex-
amples of feature splitting across SAE16 — SAE32 — SAE64 trained on astro-ph. 17a appears to
show canonical feature splitting as originally described in Bricken et al., 2023, with an increasing
number of features splitting the semantic space at each SAE size. There exists a top-level “period-
icity”’/*“periodicity detection” feature universal to all three SAEs, with relatively high similarity to
all other features, as well as novel, more granular features appearing in smaller SAEs, i.e. “Quasi-
periodic oscillations in blazars”, which only appears in SAE64 and is highly dissimilar from other
split features.
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Figure 16: Recurrent features across SAEs trained on astro-ph; heatmap colored by activation
similarity D; all feature vector cosine similarities are > 0.98.

In contrast, 17b demonstrates nearest-neighbour features across models that do not exhibit semanti-
cally meaningful feature splitting. While the top-level “Luminous Blue Variables (LBVs)" feature
occurs at every model size, SAE64 also exhibits two additional features, “Lemaitre-Tolman-Bondi
(LTB) Models" and “Lyman Break Galaxies (LBGs)", that are highly dissimilar to each other, the
LBVs feature, and every other feature in the smaller models. We claim these are novel features,
occurring for the first time in SAE64, and that SAE16/SAE32 do not learn features for any related
higher-level concepts; instead, this grouping could be a spurious token-level correlation (LB V/LT-
B/LBG as similar acronyms).

Feature triplets In Figure 18a, we search for features that occur in n4;.s = 3072 models and have
highly aligned features in larger (n4irs = 6144, 9216) models; we use this as a rough proxy for the
number of re-occurring features. We find that significantly more features re-occur between models
for higher k, with over 1100 feature triplets at > 0.95 cosine similarity for k = 16; as k increases,
the number of triplets drops sharply.

Self-consistency In 18b we show the set overlap between nearest-neighbour matches between
SAE16 and SAE64 found directly, and nearest-neighbour matches between SAE16 and SAE64 found
via nearest-neighbour matches to SAE32. If features exhibit perfectly clean splitting geometry, then
these two sets of SAE64 features should be consistent. However, we find that the distribution of set
overlap is roughly bimodal; other than triplet features with perfect overlap, overlap generally ranges
from O to 0.6. The vast majority of intersection = 1 sets are < 3 features in size. This corroborates
findings in 9 which suggests features across models with different k£ are not well-aligned.

E.2 Feature family structure

We compute feature family sizes (including the parent), co-occurrence ratios (R(p, C), see section 4),

and activation similarity ratios (computed identically to R(p,C), just using activation similarities).
Statistics for variants of cs.LG and astro-ph are shown in 19. We find a positive correlation

(Spearman = 0.22) between R(p,C) and feature family interpretability.

We reproduce the projection method of Engels et al., 2024, running all documents through the SAE
and ablating features not in the feature family, to produce Figure 20. Visualizing the resulting principal
components confirms that the feature families we find do not represent manifolds or irreducible
multi-dimensional structures. We can instead think of feature families as linear subspaces in the
high-dimensional latent space; in fact, the component vectors can be seen in the lines of points
representing documents only activating on one feature in the family.

In 4 we use n = 3 iterations of feature family construction. We select this hyper-parameter based off
Figure 21. In the first 2-3 iterations, removing parent nodes and re-constructing features preferentially
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(b) While “Luminous Blue Variables" is a recurrent feature in each SAE, SAE64 also
exhibits 2 other nearest-neighbour features to “Luminous Blue Variables" that are not
semantically related; heatmap colored by pairwise cosine similarity.
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Figure 19: Feature families statistics (left: size; middle: activation similarity ratio; right: co-

occurrence ratio, R(p,C)); k = 64, ng;- = 9216.
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Figure 20: PCA projections of 3 example feature families from SAE64; points are latent representa-
tions of activating examples, colored by average activation for in-family features in the top k.
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creates additional smaller families, suggesting iterations are necessary to fully explore the graph.
But given the sparse co-occurrences (C; ; > 0.1) used to build the graph, the number of additional
feature families found at each iteration drops off steeply after n = 3.

E.3 Feature family interpretability

We show example feature families and their interpretability scores in Figure 22.

F Exploring learned decoder weight matrices

Encoder and decoder representations Figure 23 reveals an intriguing relationship between feature
distinctiveness and the similarity of encoder and decoder representations in our sparse autoencoder.
In an ideal scenario with orthogonal features, encoder and decoder vectors would be identical, as the
optimal detection direction (encoder) would align perfectly with the representation direction (decoder).
This is because orthogonal features can be uniquely identified without interference. However, in our
high-dimensional space with more features than dimensions, perfect orthogonality is impossible due
to superposition.

The right panel of Figure 23 shows a negative correlation between a feature’s decoder-encoder cosine
similarity and its maximum similarity with other features. Features more orthogonal to others (lower
maximum similarity) tend to have more similar encoder and decoder representations. This aligns
with intuition: for more isolated features, the encoder’s detection direction can closely match the
decoder’s representation direction. Conversely, features with higher similarity to others require
the encoder to adopt a more differentiated detection strategy to minimise interference, resulting in
lower encoder-decoder similarity. The left panel, showing a mean cosine similarity of 0.57 between
corresponding encoder and decoder vectors, further emphasises this departure from orthogonality.
This phenomenon points to the importance of untied weights in sparse autoencoders.

Clustering feature vectors Motivated by structure in the feature activation graph, we explore whether
similar structure can be found in the decoder weight matrix W itself. Gao et al., 2024 find 2 such
clusters; we reproduce their method across our embeddings and SAEs, permuting the left singular
vectors U of W using a one-dimensional UMAP. We also experiment with permuting U and W using
reverse Cuthill-McKee. We do not find any meaningful block diagonal structure or clustering in W.

G Iterative encoding optimisation

We noted in Section 5 that intervening on a feature by up- or down-weighting its hidden representation
and then decoding is equivalent to directly adding the scaled feature vector to the final embedding.

29



~Individual Features = Family F1 (base)

Astrobiology Pulsar astrophysics

Probabilty of e emergence SAX J1805.4-3658

Black widow pulsars and dynamics, . = =
e,

Five-hundred-meter Aperture Spherical Telscope (FAST)

Detection of gy

Breakihrough Listen technosignature search Detection of extraterrestral biosignatures Pular glitches and their ‘Cyclotron Resonance Scattering Features

wa-ray sources (PN/SNR)

Source detection techniques Dynamical systems in astrophysics

Mexican Hat Waselet Family (MWE) Selfsimilaity,

4 Critcality

Gigahertz Peaked Spectrum (GPS) sources

 Compact Stcep Specteum (CS5) sources

el nteracing g Dark Matter SIDM)

Xeray surveys and AGN propertcs

g astrophysical phenomena

Poissan equation
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low-quality families appear to be mostly spurious and are not interpretable through short descriptions.

-
T o8 .
700 3 . .
600 2 0.75
w
500 g 07
200 5 0.65
>
300 £ 0
200 S 055
.g 0.5
100 ®
v 0.45
0 - £
0.4 045 0.5 0.55 0.6 0.65 0.7 0.75 0.8 @ 04 .
Cosine Similarity © 02 03 04 05 06

Max Decoder Cosine Similarity

Figure 23: (Left) Cosine similarities between the encoder row and corresponding decoder column for
SAE64 (cs.LG). The mean cosine similarity is 0.57, suggesting that encoder and decoder features
are rather different, agreeing with Nanda (2023). (Right) We notice a slight negative correlation
between a feature’s decoder-encoder cosine similarity, and its maximum similarity with other features,
possibly suggesting that features that are furthest removed from all other features in embedding space
can have more similar corresponding decoders and encoder projections.
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To demonstrate this equivalence, let’s consider an intervention on feature ¢ by an amount §. The
modified hidden representation is h’ = h + de;, where e; is the i-th standard basis vector. Decoding
this modified representation gives X' = Wyh' = Wyh + 6Wgye; = X + dw;, where w; is the i-th
column of W,. Thus, intervening on the hidden representation and then decoding is equivalent to
directly adding the scaled feature vector to the original reconstruction.

We show in Figure 26 how cosine similarity between the original query embedding and the modified
query embedding changes as we change the upweighting and downweighting strength for different
features. Cosine similarity drops rapidly as soon as upweight or downweight exceeds 0.1.

There is an implicit challenge in SAE-based embedding interventions: the trade-off between steering
strength and precision. When directly manipulating feature activations, we observed that strong
interventions often led to unintended semantic shifts, activating correlated features and potentially
moving the embedding far from the SAE’s learned manifold. Our goal is to achieve precise semantic
edits that express the desired feature strongly while minimising interference with unrelated features.
To this end, we developed an iterative optimisation approach that leverages the SAE’s learned feature
space to find an optimal balance between these competing objectives.
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Let x € RY be the original embedding, fy(-) the SAE encoder, and g, (-) the SAE decoder. We define
a target feature vector t € R¥ representing the desired feature activations after intervention, where
is the number of active features in our SAE. The iterative latent optimisation aims to find optimised
latents h* that satisfy:

h* = argminy, {||fo(gs(h")) — t]3}

We solve this optimisation problem using gradient descent, starting from the initial latents h = fp(x)
and iteratively updating h’. We use the AdamW optimiser with a cosine annealing learning rate
schedule.

To evaluate the effectiveness of this approach, we compare it to a direct intervention method where we
simply set the target feature to a specific value in the latent space. For each abstract in our dataset, we
embed the abstract using an OpenAl embedding model to obtain x. We then encode the embedding
to get initial latents h = fy(x). We randomly select a target feature 4 and target value v. We then
apply both intervention methods: our iterative optimisation of h’ as described above, with t; = v and
t; = hy for j # 4, and direct intervention: setting h = v and h’;, = h; for j # .
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Figure 27: Normalised MSE at each of 10 steps across the iterative latent optimisation process. Left:
Setting a random zero feature to active. Right: Setting a random active feature to zero.

Figure 27 (left panel) shows the trajectory of normalised MSE during the iterative optimisation process,
when setting a random zero feature to active. Similarly, the right panel shows the optimisation when
setting a random active feature to zero. Normalised MSE improves in the former case but not the
latter.
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