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Abstract

Sparse autoencoders (SAEs) are designed to extract interpretable features from
language models by enforcing a sparsity constraint. Ideally, training an SAE would
yield latents that are both sparse and semantically meaningful. However, many
SAE latents activate frequently (i.e., are dense), raising concerns that they may
be undesirable artifacts of the training procedure. In this work, we systematically
investigate the geometry, function, and origin of dense latents and show that they
are not only persistent but often reflect meaningful model representations. We first
demonstrate that dense latents tend to form antipodal pairs that reconstruct specific
directions in the residual stream, and that ablating their subspace suppresses the
emergence of new dense features in retrained SAEs—suggesting that high density
features are an intrinsic property of the residual space. We then introduce a
taxonomy of dense latents, identifying classes tied to position tracking, context
binding, entropy regulation, letter-specific output signals, part-of-speech, and
principal component reconstruction. Finally, we analyze how these features evolve
across layers, revealing a shift from structural features in early layers, to semantic
features in mid layers, and finally to output-oriented signals in the last layers of the
model. Our findings indicate that dense latents serve functional roles in language
model computation and should not be dismissed as training noise.

1 Introduction

Sparse autoencoders (SAEs) are an unsupervised method for extracting interpretable features from
language models [Bricken et al., 2023, Huben et al., 2024, Kissane et al., 2024]. They address the
challenge of polysemanticity, where individual neurons activate in semantically diverse contexts that
defy a single explanation [Olah et al., 2017, Elhage et al., 2022]. SAEs are trained to reconstruct the
activations of a language model under a sparsity constraint applied to a bottleneck layer, ensuring
that only a small subset of latents are active at a time.> This method effectively recovers interpretable
features in a variety of models, including Claude 3 Sonnet [Templeton et al., 2024] and GPT-4 [Gao
et al., 2025].

Ideally, a trained SAE would yield a large set of interpretable and sparsely activating latents. In
practice, however, SAEs exhibit a substantial fraction of densely activating latents, activating on 10%
to 50% of tokens [Cunningham and Conerly, 2024, Rajamanoharan et al., 2024b]. These dense latents
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are challenging to interpret based solely on their activation patterns. It remains unclear whether they
arise as an optimization by-product, or if they instead capture inherently dense signals present in the
model's residual stream [Chen and Batson, 2025, Rajamanoharan et al., 2025].

In this work, we investigate several properties of dense SAE latents and the residual stream subspaces
they span, uncovering evidence that these latents track meaningful residual stream information. First,
we observe that when retraining an SAE on model activations with the dense latent space ablated,
virtually no dense latents are learned—dense latents re ect an intrinsic property of the residual stream
rather than a training artifact. We then study the geometry of dense latents and observe that they tend
to form antipodal pairs, with each pair effectively reconstructing a single direction.

We then examine the Gemma Scope suite of SAEs [Lieberum et al., 2024] across layers to propose
a taxonomy of dense latents. We identify latents whose activations encode positional information,
latents reconstructing a subspace of the residual stream linked to entropy regulation [Stolfo et al.,
2024, Cancedda, 2024], latents tracking high-level shifts in the text, latents encoding letter-speci ¢
output signals, latents tracking parts of speech, and latents reconstructing the rst residual stream
principal component direction. We additionally examine how these dense latents transform across
layers, nding that there is a pronounced increase in the number of dense latents just before the
unembedding, as well as a shift from structural signals in early layers (e.g., position tracking) to
output-oriented signals at the end. Our ndings provide evidence that dense SAE latents re ect
inherently dense mechanistic functions within language models.

2 Background

SAEs. Sparse autoencoders (SAEs) are trained to reconstruct a language model's activations
x 2 R9mde while imposing a sparsity constraint [Yun et al., 2021, Huben et al., 2024]. This
computation can be represented as:

f(x):= (WencX + Denc);
R(f) ;== W gecf + Dyec;

wheref(x) 2 RY%= js a sparse, non-negative vector of latents, wiigk Omodel,» and is a
non-linear activation function. SAEs are typically trained to minimize the L2 distance between the
original activation and its reconstructitm R (f (x)) k3 while a sparsity constraint is imposed on

f by adding a sparsity-related loss component or via speci ¢ activation functions. We denote the

encoder and decoder weights of the latent at indes\W é',?c andwW é'e)c respectively. Unless noted
otherwise, we use “dense” to refer to latents with an activation frequency larger than 0.1.
Experimental Setup. We focus our investigation on the Gemma Scope SAEs [Lieberum et al.,
2024] trained on Gemma 2 2B [Gemma Team, 2024], which use a JumpReLU activation function
[Rajamanoharan et al., 2024b]. We additionally train TopK SAEs [Gao et al., 2025] on 1B tokens
of the OpenWebText corpus [Gokaslan and Cohen, 2019] for our experiments ih A&tivation
densities for Gemma Scope latents are from Neuronpedia [Lin, 2023], while densities for our TopK
SAEs are computed over 100M tokens from the C4 Corpus [Raffel et al., 2020]. Full experimental
details are in Appendix B.

3 General Properties of Dense Latents

We begin by examining structural properties of dense SAE latents, nding that they arise from a
speci c residual stream subspace (83.1), and that they tend to cluster in antipodal pairs (83.2).

3.1 Dense Latents Re ect Intrinsic Properties of the Residual Stream

To determine whether dense SAE latents arise from the training procedure or re ect an intrinsic

property of the residual-stream subspace they reconstruct, we perform a targeted ablation experiment.
We identify the subspace spanned by the dense latents of an SAE trained on layer 25 of Gemma 2 2B,
then train a new SAE on activations in which this subspace has been zero-ablated. For comparison,

3We choose TopK for its reliable training and competitive reconstruction—sparsity trade-off.



Figure 1:General Properties of Dense SAE Latents(a) Ablating the dense-latent subspace (teal)
reduces high-density latents compared to the original (blue) and sparse-latent ablations (orange). (b)
Encoder cosine similarity between the top 50 latents with highest density. (c) Dense latents exhibit
high antipodality score: they form pairs that reconstruct speci c residual stream directions.

we also select an equally sized set of non-dense latents and train a third SAE after ablating their
subspace. We repeat this for two dictionary sizkg.(= 16384 and32769.

Figure 1la shows the resulting distributions of latent activation densities. In both dictionary sizes,
ablating the dense-latent subspace (teal) yields much fewer high-density latents than the original SAE
(blue) and the non-dense ablation (orange). This result implies that densely activating latents are not
mere training artifacts but instead track a dense residual-stream subspace whose presence drives the
emergence of dense latents. As additional evidence that dense latents are not training artifacts, in Ap-
pendix A.2 we show that longer training does not reduce the number of dense latents. We further repli-
cate this dense-subspace ablation on GPT-2 and LLaMA 3.2 with the same outcome (Appendix A.6).

3.2 Dense Latents Cluster in Antipodal Pairs

We now examine the geometry of dense latents and observe that they tend to form antipodal pairs.
That is, as shown in Figure 1b, there exist many pairs of two dense latents that have nearly opposite
decoder vectors (we nd a similar result for encoder vectors). This suggests that the SAE allocates
two latents in the dictionary to represent a 1-dimensional line.

To quantify whether this phenomenon is speci c to dense latents, we introduce an antipodality score
s; for a latenti. We rst compute the pairwise cosine similarities between the latent's weights (both
encoder and decoder) and those of all other latents. Then, we compute the maximum product of
encoder and decoder cosine similarity across all gaiy9 for alli 6 j. Formally, we have

s =max sim W QW R sim WEliwiy €

] |

wheresim(u; v) denotes the cosine similarity
between vectors andv. This score re ects
the extent to which latentforms an antipodal
pairing with another latent: high values gf
indicate that there is another latgntith both

encoder and decoder weights nearly opposite in
direction to those of.*

As shown in Figure 1lcs; and the activa-

tion density of latent are strongly positively )
correlated. The majority of dense latents-Eigure 2:AbsoluteTopK SAEs show no antipo-
particularly those with an activation frequencgiality. Allowing the SAE to have both positive
exceeding 0.3—exhibit pairwise scores greatéﬂd negative latent activations removes antipodal
than 0.9, supporting our conclusions above. \Wiense latents.

provide density-antipodality visualizations for

additional SAEs in Appendix A.1, showing that this trend holds consistently across SAE architectures
(JumpReLU and TopK), models (GPT-2 and Gemma), and layers.

“Although high values o could be produced by two nearly identical latents, retaining such a pair would be
redundant—a scenario we do not observe. Evidence for this is provided in Appendix A.4.



Figure 3:An overview of our taxonomy of dense latents, for every layerSee Appendix E.1 for
how we created this plot.

Additionally, we train an AbsoluteTopK SAE, which allows activations of SAE latents to be negative,
and enforces sparsity by taking the TopK latents with greatest absolute activations. This effectively
allows the same latent direction to be used in both “positive” and “negative” directions for reconstruc-
tion. We compare this to a TopK SAE trained with the same seed, and show that this AbsoluteTopK
activation function eliminates the antipodal dense latents (Figure 2).

4 Taxonomy

Having established that dense latents are persistent and geometrically structured, we now investigate
their interpretability. We identify classes of dense latents based on the model signals they represent:

* Position latents(84.1) re based on token position relative to structural boundaries (start of
sentence, paragraph or context) and appear early in the network.

» Context-binding latents (84.2) represent context-dependent semantic content and exhibit coherent
chunk-level activations, potentially representing high-level ideas within the context.

 Nullspace latents(84.3) track components of the residual stream that have minimal impact on next
token prediction. They instead regulate prediction entropy.

* Alphabet latents (84.4) promote broad sets of tokens sharing an initial character.
» Meaningful-word latents (84.5) have activations related to the token part-of-speech tag.
» PCA latents (84.6) lie almost completely within the rst PCA components of the activation space.

4.1 Position Latents

We rst identify a class of dense latents whose activations track the current token's position relative
to speci c text boundariesContext-tracking latents track token position w.r.t. the BOS token,
paragraph-tracking latents track token position w.r.t. a paragraph start, sardence-tracking
latents track token position w.r.t. a sentence beginning. Context-position latents are similar to
“position neurons” from prior work [Gurnee et al., 2024]; the other categories are to the best of our
knowledge novel.

To nd these latents systematically, we use Spearman's rank correlation coef ci¢utr each dense
latent, we capture the projectionsf the residual stream activations onto its decoder vector for 5000
1024-token-long contexts. We ndbetween this projection and the distance from the last period,
the last newline, and the beginning of the input. These boundaries act as proxies for “beginning of

sentence”, “beginning of paragraph”, and “beginning of context”, respectively.

SWe use the projection of the residual stream rather than the JumpReLU activations of these latents since we
hypothesize that theirectionitself encodes the positional information, regardless of whether the magnitude
exceeds the learned JumpReLU threshold.



Figure 4:Context-Binding Latents. Activation patterns of layer 12 antipodal pair 7541 (blue, feature

1) and 2009 (red, feature 2). In the rst context, they seem to be tracking “casino facts” vs “looking
for a buyer”, while in the second context, they seem to be tracking “healthcare” vs “press conference”.
Their corresponding completions are in line with the concepts they activated on.

Figure 3 shows the resulting trends: sentence-tracking and paragraph-tracking latents are prominent
before layer 10, while context-position tracking latents are present throughout the model. Figure 15
shows for all latents across layers. We can clearly see groups of outlier latents for each category,
and thus classify latents as belonging to that categgry i 0:4. Indeed, examples in Appendix E.2

con rm that the identi ed outlier latents have position-tracking behavior. Notably, Appendix E.2
also shows that paragraph-tracking latents are agnostic to arti cially adding formatting newlines,
suggesting that this direction in the model tracks true semantic paragraph breaks. Thus, our “distance
to newline objective” is just a proxy. We also note that latents with higtith periods also have

high with newlines, since newlines and periods are correlated in text. In Figure 17, we thus show
the for sentence-tracking vs. paragraph-tracking across all dense latents.

At a higher level, it makes sense that the model represents these features in a dense way: positional
information is always relevant to the model's predictions (e.g., it must track how far it is in a sentence

to correctly predict a period), so the model might store this representation in a consistent direction in
every hidden state, which is then learned by the SAE.

4.2 Context-Binding Latents

We next identify a class of dense latents that encode different semantic concepts depending on context.
Unlike interpretable sparse SAE latents typically associated with xed meanings, such as the “Golden
Gate Bridge” feature in Claude [Templeton et al., 2024], these dense latents appiealttothe

main ideas of the context.

We rst observe that some dense latents, particularly in middle layers, activate on long consecutive
“chunks” of tokens Examining the activations of such latents, we notice empirically that such latents
re on highly speci ¢ conceptawithin a contextbut the conceptgary across contextd\Ve generate
explanations of these latents with an LLM and con rm that they seem to be more context-speci ¢
than sparse latents (see Appendix E.3).

One possible interpretation is that these latents represent general but abstract, dif cult-to-interpret
properties. However, we also observe that within an antipodal pair, the active latent often switches
when the main topic or entity in the text changes (Figure 4, Appendix E.4). This raises the hypothesis
that such directions act as “registers” in the residual stream for tracking the active concept, rather
than simply representing generic properties.

SWhile positional latents also exhibit consecutive activations, here we refer to non-positional latents whose
activations cannot be explained by position alone.



Layer Latent Pair In-context | Out-of-context
12 (14906, 14599) 0.051 0.717
12 (2291, 13295) 0.028 0.760
12 (7541, 2009) 0.043 0.711
13 (3517, 46) 0.036 0.742
13 (15275, 11449)|  0.029 0.704
13 (12613, 7655) 0.028 0.531
14 (11575, 2411) 0.047 0.798
14 (8515, 15297) 0.041 0.603
14 (6699, 1802) 0.037 0.678
16 (2889, 8811) 0.024 0.665

Figure 5:Fraction of correct ips 17 (10495, 491) 0.051 0.669

when steering for all latent pairs ] ] o
that have at least one laténe 0:2,  Table 1:Fraction of “unclear” judgments using in-context

and 40 ips. Points are sized by examples versus out-of-context examples, for the highest-
number of ips. scoring latents by ips.

We thus perform a steering experiment to nd the causal effect of these directions. For each antipodal
pair (F1, F2), we prompt Gemma 2 2B with input text from the RedPajama dataset [Weber et al.,
2024] and generate completions without steering, steering to F1, and steering to F2. An LLM

judge [Gemini Team, 2025] is then asked whether each completion is more in line with activating

examples (from the input context) of F1 or F2, or unclear. Further details of the methodology are in

Appendix E.5.

Since the unsteered generation may already favor F1 or F2, we quantify steering success by the
fraction of ips from the unsteered judgment that align correctly with the steering direction. For
several mid-layer latent pairs, steering reliably shifts completions towards the speci ¢ concept
previously associated with the latantthat context(Figure 5). However, when judged against
out-of-context examples, the rate of unclear judgments rises sharply (Table 1). While dif cult to
rule out the possibility that these directions encode “general uninterpretable” features, the speci city
of the steered generation in bringing up context-related ideas suggests that these latents could bind
to concepts in a context-dependent, rather than globally consistent, way.

Previous works have uncovered “binding mechanisms” that help the model keep track of in-context
associations between entities [Feng and Steinhardt, 2024, Feng et al., 2024]. While our ndings
do not directly prove such a mechanism, they raise the possibility that dense subspaces may play
a similar functional role, distinguishing the currently active semantic concept. Further work could
explore the circuits [Marks et al., 2025] involving such subspaces, and challenge the assumption of
globally monosemantic directions.

4.3 Nullspace Latents

Previous work has identi ed &V quasi-nullspacethe subspace spanned by the last singular
vectors of the unembedding mati¥ y—which accounts for a substantial portion of the residual
stream'’s norm, yet has little direct impact on next-token prediction [Cancedda, 2024]. Since this
subspace carries high norm, we hypothesize that some dense SAE latents are allocated speci cally to
reconstruct it.

To test this, we compute the singular value decomposifion = UV T. Then, we study the

composition of an SAE latemts encoder weight with the space spanned by thekdstt singular

vectorsU ;:::;U 1 of W by computing the fraction of the norm of its encoder weight/ ON

that lies in this subspace: b
o VT W

k= ———mn 2

kW enc

A histogram of 1, for the SAE trained at layer 25 of Gemma 2 2B (Figure 6a) showso@&#s of

latents have 1o < 0:2. We designate those withyg > 0:2 asnullspace-alignedinterestingly,75%

of them are high-density, and account &% of the high-density latents in the SAE.

Unlike other dense latents, nullspace-aligned latents are hard to interpret via their token-level
activation patterns. Additionally, the tokens they promote are typically uninterpretable “under-trained”



Figure 6:Nullspace Latents.(a) A small fraction of latents concentrate norm in the nal 10 singular
directions ofW , with high-density latents overrepresented in this group. (b) A pair of such latents
correlates strongly with model output entropy. (c) Ablating this pair lowers entropy; the effect
substantially decreases when RMSNorm scaling is frozen.

Index Letter Density Metric Top Tokens
15287 R 0.16 0.98 _RI, _rb, getR, _ri, _r, _RS, R, _RR

13531 M 0.15 0.97 _MM, _m, MM, _mM, _mm, _mf, _ms, mM
30 T 0.16 0.99 _TT, TC, TT, TC, _tc, _TG, _TS, _TD
1761 D 014 098 _DD,_D, DS, DP, DT, DD, DP, DS, Ds
7342 I 0.13 091 1B, i IC, = IE, iH, IP, IW, IR, IW

2651 U 0.11 093 _UA, U, _UT, UU, _U,_UF, _UD, UE, UA
4664 c 0.14 0.93 _getC, _CC, getC, _c, setC, CC, Cs, _Cs

357 B(+R)  0.006 091 _BR, _Br, Br, BR, _Bra, _br, Bra, br
12114 S(+L)  0.006 0.95 _SL, SL, _sl, _SI, sl, SI, _Slide
14857 C(+U) 0.006 0.91 _Cur, _cur, Cur, _CUR, cur, CUR, _Kur

Figure 7:Entropy Correlation.
A pair Wy nullspace-aligned
correlates strongly with model
output entropy.

Table 2:Examples of Alphabet Latents.Latents from layer 25

of Gemma 2 2B that promote or suppress tokens sharing an initial
letter. “Metric” is the fraction of top 100 affected tokens starting
with that letter.

tokens [Land and Bartolo, 2024]. Motivated by prior work linking ¥We; nullspace to an RMSNorm-
based [Zhang and Sennrich, 2019] entropy regulation mechanism [Stolfo et al., 2024], we investigate
whether these latents encode this internal computation.

To test whether these latents causally in uence output entropy, we ablate the residual stream along
each latent's decoder direction by setting its value to the corresponding decoder bias, thereby removing
information in that direction. We then measure the change in per-token entropy of the model's output
distribution. Figure 6b reports the entropy change for all latents wigh> 0:3 (one per antipodal

pair to avoid redundancy), compared to a control group of 50 randomly selected latents.

We nd that some nullspace latents produce much larger entropy shifts than the random baseline,
indicating that they encode signals relevant to entropy modulation. In particular, latent 14325 has
a disproportionate impact on output entropy. To test whether this signal is used by the model in
conjunction with RMSNorm scaling (as in Stolfo et al. [2024]), we repeat the ablation while freezing
the RMSNorm scaling coef cient. Figure 6¢ shows that the entropy change diminishes under this
intervention, suggesting that the model uses this direction to modulate entropy via RMSNorm.
Furthermore, Figure 7 shows that the combined activation of the antipodal pair formed by latents
13748 and 14325 is strongly correlated with output entropy, further supporting this interpretation.

While these results highlight the functional role of speci ¢ nullspace latents in entropy regulation, not
all latents in this subspace behave similarly. Some exhibit negligible impact on entropy when ablated.
We speculate that these may track different internal signals—one such candidate is the attention
sink signal, which has also been associated withwhg nullspace [Cancedda, 2024]. Overall,
these experiments provide mechanistic evidence that nullspace latents correspond to internal model
computations.

"The entropy changes for the random latents are aggregated into a single boxplot.



Figure 8:Meaningful-Word Latents. (Left) AUCs of predicting feature ring, from whether the POS
tag is within the speci ¢ category. “Meaningful word” and “noun/propernoun” are good predictors,
while other categories like “verb” are less predictive. (Middle) Example of L2: pair 15089 (blue),
13092 (red) ring patterns on a document, where 15089 res on “meaning-heavy” words while 13092
res on proper nouns and functional words (the, in, a). (Right) Example of L3: 7507 ring patterns,
where it res selectively on proper nouns.

4.4 Alphabet Latents

We identify a class of dense latents that selectively boost or suppress large sets of tokens sharing the
same initial letter. Unlike prior work that linked latents to therenttoken's rst letter [Chanin et al.,
2024], these instead relate to thexttoken's initial character.

To discover these latents systematically, we examine each latent's top 100 positive and negative logit
contributions by projecting its decoder weights onto the vocabulary space. Then, we collect the
corresponding tokens, and select latents where either set contains at least 90% of tokens starting with
the same character (excluding the space characterAt layer 25, this procedure yields 114 such
latents, of which 21 have activation density >0.1, accounting for 20% of all dense latents. These
latents span a range of antipodality scores and activation densities, but notably appear as high-density
features only at the model's nal layer. We provide some examples from this layer in Table 2.

Interestingly, we observe multiple latents for each letter, varying in speci city: some target a broad
set of short tokens sharing only the rst letter (e.g., “b” or “c”), while others focus on longer tokens
sharing a multi-letter pre x (e.g., “br” or “cu”). We attribute this granularity to feature splitting
[Bricken et al., 2023] possibly driven by-gram frequency, which yields latents with differing
activation densities. These latents illustrate how SAEs dedicate dense units to encode output-speci ¢
signals related to next-token lexical structure.

4.5 Meaningful-Word Latents

The next class of latents that we investigate are those whose ring can be well predicted by the
part-of-speech (POS) tag of the token. We create a reduced set of high-level tags from the Brown
Corpus [Francis and Kaera, 1979] by combining similar tags (e.g., combining plural and singular
forms of nouns} and capture dense latent activations on 10k sentenc28@k tokens) from the
corpus. Then, for each latent, we calculate the AUC-ROC of predicting the binary latent activations
given the binary vector of whether a token is within the high-level POS category. Intuitively, this
AUC re ects how well the interpretable linguistic categqgrsedictsthe latent.

We nd that even these high-level groupings are not enough to achieve a high AUC (Figures 8 and 20),
and propose a further grouping of these tags into “meaningful words”, where a token is considered a
“meaningful word” if it is one off nouns, proper nouns, verbs, adjectives, adwerble resulting
binary-binary predictor has a decent AUC (Figure 8) 00:8 for many dense latents in early layers,
suggesting that the model contains a dense subspace tracking the presence of these meaningful words.

4.6 PCA Latents

Since the top principal components (PCs) are a large fraction of the variance of the activations,
one might expect an SAE to learn dense latents that simply reconstruct this subspace. However, we

8See Table 3 in Appendix E.6 for our full mapping.
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