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Abstract

MLP neurons in transformer language models are widely understood to be polyse-
mantic, motivating transcoders — sparse, learned approximations of MLP layers
— as interpretable replacement models for mechanistic analysis. However, recent
work shows that MLP neurons can be used to recover sparse, interpretable circuits
[Arora et al., 2026, Ye et al., 2025], raising the question of whether transcoders are
necessary for circuit analysis.
We define neuron features as transcoder features whose weights are strongly
aligned with individual MLP neurons, and show that they account for a substantial
fraction of active features in late layers across 13 open-source transcoders. Only
neuron features have a stable correspondence with something in the underlying
MLP: other features vary more between training runs, do not match the MLP’s
Jacobian, and change less significantly from their random initialization. Our find-
ings reframe MLP neurons as a stronger basis for interpretability than commonly
assumed, and call for better methods of attributing the non-neuron structure that is
used by the model.

1 Introduction

Polysemanticity is the standard obstacle to direct mechanistic analysis of MLPs, and the field has
responded by replacing neurons with learned sparse dictionaries as the basic units of analysis.
Individual neurons activate on many unrelated concepts [Elhage et al., 2022], and are widely taken to
be the wrong basic unit for mechanistic analysis. In response, the field has moved to learned sparse
dictionaries over the model as the substrate for investigation.
Sparse autoencoders trained on MLP activations [Bricken et al., 2023, Cunningham et al., 2024],
scaled to frontier models [Templeton et al., 2024], and transcoders, sparse piecewise linear approx-
imations of the MLP layer’s input-output map [Dunefsky et al., 2024], underlie modern attribution
graph methods [Ameisen et al., 2025, Lindsey et al., 2025b] and case studies of frontier model be-
havior [Gurnee et al., 2025]. This choice is motivated largely by automated interpretability metrics:
learned dictionary features score as more interpretable than individual MLP neurons [Paulo et al.,
2025a,b].
Two recent results contradict this model of neuron polysemanticity. Arora et al. [2026] find that,
when applying algorithms for transcoder-based attribution to raw MLP neurons, it is possible to (in
some settings) recover circuits as sparse and faithful as those built from learned features. Ye et al.
[2025] shows interpreting thresholded neurons as SAEs can match learned dictionaries on standard
benchmarks.
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(a) Summary of our evaluations:
transcoders win on reconstruc-
tion and fine-grained concept re-
covery, but pruned neurons make
for a more faithful replacement
model.
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(b) We find some transcoder features are
neuron features: their encoder and de-
coder match an individual sparsified MLP
neuron at cosine similarity > 0.6/0.7.
Over 50% of activations in late layers are
from neuron features; neuron features are
discovered across training runs.

Neuron Feature
arithmetic

line breaking

“red”
N5039 …the Boston Red Sox signed…
    …We strive for transparency…

N7405 …the Ducks or Blue Jackets…
    …measures for yellow and red cards…

N10102 …banks of the Red River…
    …Thank Teddy Roosevelt…

F28197 …the Boston Red Sox signed…
    …the Red Hot Chili Peppers…

F29081 …thin slivers of red onion…
    …as my cheeks flush red…

F138722 …pages/Redmond-to-Rio…
    …Voters To Redefine…

(c) We present case studies
in which we show behaviors
previously interpreted through
transcoders or neurons are
reflected in both through the
framework of neuron features.

Motivated by these findings, we set out to answer the question: what do transcoders contribute to
circuit analysis that MLP neurons do not have out of the box?
In this paper, we describe a class of transcoder features, neuron features (Section 3), whose encoder,
decoder, and activation pattern all track a single MLP neuron. Across 13 open-source transcoders on
models from the Gemma, Qwen, and Llama families, neuron features account for a substantial (near
50%) fraction of active features in late layers (Section 3.2) and exhaust most of the structure learned
by transcoders that aligns with the underlying MLP.
Once neuron features are accounted for, what remains of the transcoder varies across training seeds
(Section 3.5), does not match the MLP’s first-order computation (Jacobian) (Section 3.4), but does
represent many additional interpretable concepts not in the original decoder basis (Appendix E.2).
Additionally, the training method and scale of the transcoder influence the amount of neuron features
(Section 3.2) and the extent to which claims about non-neuron features apply.
Our main contributions are as follows:

• We identify and characterize neuron features (Section 3): transcoder features whose encoder
and decoder directions align with individual MLP neurons and whose activations track those
neurons.

• We show that neuron features are a significant and possibly the only piece of consistent
neuron-aligned structure transcoders learn, with three independent pieces of evidence: lin-
earizations of the transcoder match the MLP only on neuron features; only neuron features
reoccur across random seeds; and the remaining features’ weights remain close to the ini-
tialization (Sections 3.4, 3.5, F.3).

• We show that the non-neuron portion of transcoder dictionaries can be steered: with training-
time alignment interventions, the resulting dictionary’s features are sparse combinations of
neurons, at little cost to reconstruction (Sections 3.6, T.3).

We make the following recommendations to researchers:

1. Avoiding the use of transcoders with a width expansion factor of less than 4×; for MoE
models, this practically means not using transcoders at all (Section Q).

2. When comparing dictionary learning methods to neuron baselines, thresholding the neurons
with TopK of around 64, and considering positive and negative activations of a given neuron
as distinct semantic units; when training dictionary learning methods, considering a neuron-
inspired initialization (Section 3.6).

3. When evaluating dictionary learning methods, studying more closely the elements which
reproduce across seeds and align with the computation of the original module.
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(a) Reconstruction (FVU) vs replacement (KL) for neuron-based replace-
ment models on Gemma 3 4B. Let y denote the top-k-pruned MLP output
and ai the (sign-split) activation of neuron i. 3
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(b) Sort eval accuracy (Gemma 3
4B, L22). Top examples of pruned
neurons score comparably to Gem-
mascope features; accuracy de-
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2 Neuron setup

In this section, we argue that Gated MLP neurons — once split by sign and selected via top-k — are
a strong basis for mechanistic interpretability:

• Neurons have well-defined single encoder/decoder directions: each neuron is approximately
bilinear at high activations, so W

(i)
up ±W

(i)
gate serve as the neuron’s effective encoder, and

W
(i)
down as its decoder (§2.1). Top-K thresholding with k ≈ 50 is a good way to turn contin-

uous activations of gated MLPs into binary on/off values.
• Sparsified neurons beat transcoders on KL while losing on FVU (§2.2). This is evidence

much of what transcoders learn increases reconstruction only and is not relevant to model
behavior. Faithfulness to the Jacobian (see §3.4) is consistent with this.

• Neurons match or exceed learned dictionaries on sparse probing, but lose on detection of
fine-grained concepts (e.g. bigrams; §2.3). If very specific features or analysis of early layers
is necessary, transcoders may provide an advantage; however, MoEs may make up for this
difference by having many more neurons.

• Attribution graphs built from neurons have lower Replacement Scores but are useful for
circuit analysis, containing interpretable features for distress (§2.4).

• At broad activation ranges, individual neurons are polysemantic (§2.5).4

2.1 Neurons have single directions

We work with gated MLPs [Shazeer, 2020]. Writing gi = W
(i)
gate x and ui = W

(i)
up x for the ith

row of each projection, we refer to the elementwise hidden activations ai = σ(gi)ui as the layer’s
neurons. At high |ai| the neuron is approximately bilinear and selective for a single input direction:
W

(i)
up +W

(i)
gate when ui > 0 and W

(i)
up −W

(i)
gate when ui < 0 (derivation and details in Appendix C.3).

We refer to W
(i)
up +W

(i)
gate and W

(i)
up −W

(i)
gate as the neuron’s positive and negative effective encoders,

and treat each neuron as two features — one per sign of ai — in all subsequent comparisons. The two
effective encoders are approximately orthogonal (since W

(i)
up and W

(i)
gate are), and the corresponding

decoders have opposite signs (+W
(i)
down and −W (i)

down).
To place neurons and learned transcoders on equal footing, we sparsify the MLP via top-k thresh-
olding on the (sign-split) neuron activations.5 Under this pruning, the MLP itself can be seen as a

3Tuned: a dmodel × dmodel linear map applied to y (ŷ = Wrecon y), trained jointly on FVU and KL. Skip: a learnable skip
connection from the layer input (ŷ = Wrecon y + Wskip x). Rank-1: above plus a per-neuron rank-1 contribution gated on
activation (ŷ = Wrecon y +Wskip x+

∑
i ai w

(i)
rk1 , where w(i)

rk1 ∈ Rdmodel ). See Appendix C for details.
4We operationalise this with sort evals, and decompose the polysemanticity via clustering in (§T).
5Activation magnitudes vary substantially across layers in models without post-feedforward LayerNorm, so we threshold

layer-wise, mirroring the implicit selection in TopK transcoders.
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narrow transcoder: the input is encoded as the top-k sign-split activations, and Wdown reconstructs
the layer output (see §2.2).

2.2 Replacement and reconstruction

Following Ameisen et al. [2025], we aim to construct a replacement model that matches the original’s
predictions while being much sparser. Ameisen et al. [2025] report that neurons are Pareto-worse
than transcoders on both reconstruction (FVU6) and replacement (KL divergence); we replicate this
on Gemma 3 4B, where untrained pruned neurons have high KL and FVU above 1. Replacement
performance can be recovered (Figure 2a) by training a linear map applied to the pruned MLP output,
ŷ = Wrecon y (Appendix C.1).
With this correction, KL divergence drops below that of transcoders, though FVU remains substan-
tially higher. Some of the remaining FVU gap is closed by adding terms to the reconstruction (Fig-
ure 2a) which improve FVU but not KL.
The pattern of neurons after minor finetuning producing replacement models that outperform
transcoders on KL replicates across models (Appendix C). These results indicate that the neurons
already capture the structure relevant to replacement, and reconstruction error can be reduced with-
out affecting KL, meaning that some of the structure transcoders capture is not relevant to model
behavior.

2.3 Sparse probing, bigrams, and concept representation

Transcoders are expected to contain features for common concepts beyond ones already present in
neurons. Sparse probing is designed to find features that are sensitive to specific concepts, so we
would expect transcoders to outperform neurons because they can represent many more specific con-
cepts.
Kantamneni et al. [2025] report that SAEs do not outperform standard logistic regression base-
lines on sparse probing their 113 binary classification tasks. We extend the comparison to top-k-
sparsified neurons against transcoders. Across eight transcoders, spanning Gemma 2/3, Qwen 3, and
Llama 3.1/3.2, neurons match or exceed the transcoder on every model (Table 4).
We investigated which tasks the dictionary outperforms neurons on and found these are consistently
the bigram-detection tasks from Gurnee et al. [2023]. We therefore extended the benchmark to 1 500
phrase bigrams sampled from FineWeb (Appendix D.2). Even though transcoders win the compar-
ison, neurons score a high mean AUC of 0.988, making it unclear whether transcoders truly find
missing bigrams. Therefore, we sanity-check if the selected feature actually fires on the target bi-
gram. Inspecting the top max-activating context on FineWeb, the dictionary feature fires on the
target bigram for 75.6% of bigrams, while neurons fire on close to 0%.
Bigrams are an example of common features that are effortlessly captured by transcoders while not
represented monosemantically at all by neurons. At the same time, sparse probing can show high
accuracy even if a concept is not represented in the feature, so it is difficult to make a conclusion
about whether transcoders are better at representing other types of features.
There is, however, a reason to expect modern MoE models to be more capable of representing fine-
grained features; as Table 6 shows, Gemma 4 26B A4B’s neurons match bigrams in 20.1% of cases,
which is much higher than any dense model could hope to achieve.

2.4 Strong attribution graphs from neurons

We construct attribution graphs from MLP neurons by treating the neuron activations as a feature
basis for attribution graphs with RelP [Lindsey et al., 2025b, Arora et al., 2026, Jafari et al., 2025].
Details are in Appendix L.
We evaluate Replacement Score at matched L0 across neuron attribution and standard transcoders,
following Lindsey et al. [2025b] for selecting 30 random representative prompts.7 Figure 13 shows
that Gemmascopes but not TopK transcoders have higher replacement score around the practical L0

6Fraction of variance unexplained, normalized L2 loss.
7Short Pile sequences with rare, non-repeated target tokens that the base model predicts correctly.
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Figure 4: Neuron and neuron feature pair
(L20 N1938, F10995): the neuron’s post-
activation correlates with feature pre-activation
(AUC=0.999, Spearman ρ=0.86). Green: fea-
ture is active, purple: feature is inactive.

range of 10–100 than sparsified MLPs. In the limit, full MLPs have a replacement score of 1.0, but
transcoders shift the replacement score curve to the left.
We show that neuron attribution graphs discover relevant features for distress (strong negative emo-
tional states) on Gemma 3 27B-it. We adapt the distress elicitation of Soligo et al. [2026],8 then
construct a short prompt where the model can be distressed and attribute to the steering vector fol-
lowing Macar et al. [2026]. We take a base set MLP neurons downstream of the steering vector input
node and filter the candidate pool with Claude Haiku to leave features interpretably corresponding to
apology and distress. Details are in Section N; in addition to the representative feature in Figure 14,
features from the circuit are shown in Appendix O.

2.5 Polysemanticity of neurons

To compare the interpretability of individual neurons and transcoder features, we use sort evals [Lind-
sey et al., 2024], a measure of interpretability of feature activations. The evaluation operationalises
monosemanticity as discriminability. We run sort evals separately on individual sign-split neurons
and on transcoder features. Activating samples are drawn from two sources: the top-k activations
only, and from quantiles of the full activation distribution.
At the top of each feature’s activation distribution, neurons score comparably to transcoder features
(Figure 2b). Under quantile sampling (higher k), scores of neurons degrade noticeably compared
to transcoder features. In Section T, we describe how a neuron’s broader activations form multiple
coherent sub-clusters, a model for the presence of polysemanticity.

3 Many transcoder features correspond to neurons

3.1 Definition

When comparing attribution graphs for the same model generated with per-layer transcoders and top-
k-thresholded neurons, we find a striking degree of overlap in the features the two methods select.
For many transcoder feature nodes in a given layer, there exists a neuron node whose top and bottom
logits, circuit connections, and maximum activations are all similar. Generalizing this observation,
we call a transcoder feature a neuron feature when its weights, activation pattern, top/bottom logits,
and role in circuit correspond to those of a single MLP neuron.

8Three turns of impossible arithmetic puzzles with firm user rejections, condensed into a single-turn steered prompt for
token efficiency.
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Figure 5: Activation frequency distribution for
neuron features vs. non-neuron features.

count in dict % in activations

M shared NF both shared NF both

32k 9.8k 8.1k 7.6k 29.6 25.0 23.3
65k 13.0k 10.2k 9.6k 24.9 20.2 18.5
128k 16.5k 11.8k 11.1k 21.6 16.3 15.3
256k 20.4k 14.2k 12.6k 20.4 19.6 15.8
1M 22.0k 11.5k 10.5k 13.7 12.8 10.5

Table 1: Counts in dictionaries and percentages
in activations of: features with strong matches
in another seed (shared), neuron features (NF),
and their intersection (both)

To turn this label into a quantitative criterion, we plot per-feature encoder and decoder cosine similar-
ity to the best-matched neuron (Figure 3). In most transcoders we evaluate, the joint distribution is
bimodal, with a tight high-similarity cluster of features aligned with the same neuron on both sides.
Operationally, we define a transcoder feature as a neuron feature if its encoder and decoder both ex-
ceed a cosine threshold to the same neuron’s effective encoder (W (i)

up ±W (i)
gate) and decoder (W (i)

down).9
In the following section, we will argue neuron features are important to the transcoder’s computation.

3.2 Prevalence

Across the 13 open-source transcoders we evaluate (Table 8), neuron features visually form a separate
cluster and can be separated by a threshold of 0.6 or 0.7 cosine similarity in both encoder and decoder
weights to some neuron (Figure 3); we use this as the definition for the claims below.
Although neuron features remain a small fraction of the dictionary, they account for up to half
of all feature activations. Table 3: the fraction of neuron features in the dictionary for late layers
rises as 5.9%→ 8.9%→ 15.6%→ 37.1% from 1B to 27B, with the share in activations going from
57.9% to 82.8%.10 This finding is replicated across models (Figure 3). Neuron features are much
more prevalent in activations because they are > 10× more frequent on average (Figure 5).
Neuron features are only prevalent in activations halfway into the model’s layers.11 Figure 18:
on Gemma 3 4B and Qwen 3 4B, the percentage of neuron features climbs from near zero in early
layers to over 50% through the middle of the model.12

In circuits, neuron features are common in late layers across pruning thresholds. On the late
third of layers, neuron features account for≥ 40% of nodes in attribution graphs for every transcoder
we tested except for one.13 The neuron features are important to the circuit, as pruning the circuit
by influence [Lindsey et al., 2025b] keeps their amount roughly the same (e.g. 56–61% on Gemma
3 4B from L0 =10 to L0 =100 features per token). The share of neuron features in early layers is
much lower (≤ 33% across transcoders) and drops further with tighter pruning.
Each MLP neuron eventually corresponds to at least one transcoder feature given sufficient
transcoder width. Across a 32k → 1M width sweep of TopK transcoders at Gemma 3 4B L22
(k=64), the fraction of neurons matched by at least one transcoder feature at | cos | ≥ 0.7 rises from
78% at 32k features to 93% at 256k, then plateaus through 1M (full table in Appendix G). At Gem-
mascope L0-small (262k features), most matched neurons receive a small handful of features (median
2, mean 2.5): one per sign of the activation, plus the occasional second copy (Figure 19, left).

9The threshold separating the cluster from the bulk varies between 0.6 and 0.9 across transcoders.
10The fraction in dictionary rises monotonically with model size in the Gemma family: 3.6 → 7.2 → 10.7 → 17.7%

from 1B to 27B, explained by the rising fraction of neurons in the model at a constant transcoder width and training setup (see
Appendix F.4).

11Early-layer prevalence is variable and depends on initialization and training dynamics (§3.6). One possible cause is that
early-layer MLP neurons are more polysemantic, so the transcoder objective is less likely to select them as feature targets than
in late layers.

12In Qwen, this claim is not strictly true, but the transcoders for that model are weak and do not have as many neuron
features in general. The claim about attribution graphs is a stronger source of evidence.

13Llama 3.2 1B mntss (∼ 38%). Full cross-model comparison and methodology in Appendix L.1.
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Neuron features fire roughly 3× less often than their matched neurons. The median ratio of
feature firing rate to neuron firing rate on Gemma 3 4B L22 is 0.34 (Figure 19, right); features fire
on a subset of the contexts that activate their neuron.

3.3 Neuron features activate similarly to neurons

So far, we defined neuron features as having similar weights to neurons. We show that neuron features
also activate on similar tokens to their neurons, and that, given a neuron feature activates, its neuron
is likely also highly active.
For each neuron feature, we treat its neuron’s per-token post-activation as a binary classifier for
whether the feature fires at that token. Across neuron features, the median AUC of this classifier
is at least 0.977 (Figure 4 shows an 87.8th percentile example at 0.999 AUC; more examples in
Appendix H).
To find whether a neuron feature’s neuron activates when the feature is active, we measure the rank
of the neuron in the top K selection conditional on the rank of the feature. On Gemma 3 4B L22
(Figure 20), the median rank of the neuron is as low as 12 for the top-firing feature and climbs to
∼250 for the 32nd highest-firing. 14

3.4 Faithfulness concentrates in neuron features

A non-neuron feature could still be a sparse combination of a few neurons (see §T), or it could be a
diffuse combination of many neurons that picks out a specific direction. In either case, a non-neuron
feature which models some specific structure in the MLP should add something to the reconstruction
of the Jacobian. Each transcoder feature has a rank-1 Jacobian contribution given by the outer prod-
uct of its decoder direction with its effective encoder direction, scaled by its activation derivative at
a given token; these sum to the transcoder’s Jacobian. Following Lindsey et al. [2025a], we define
Jacobian alignment between two such matrices as their Frobenius cosine similarity.
Per feature, neuron-aligned features have higher Jacobian alignment with the MLP than non-neuron
features (Figure 7, Gemma 3 4B L22). Summed over all features, the transcoder’s Jacobian alignment
with the MLP is ≈ 0.3; restricting the sum to the neuron-aligned subset alone matches that, while
restricting to the non-aligned subset reaches only ≈ 0.05. All layers behave similarly (Figure 6):
the combination of neuron features’ Jacobians matches the full transcoder’s Jacobian almost exactly.
Jacobian alignment scores for other models are in Appendix F.
We perform a preliminary investigation of unfaithfulness in cross-layer transcoders [Lindsey et al.,
2025b], and find that, in two open source cross-layer transcoders on Gemma 2 2B and Llama 3.2
1B, the extent to which a feature uses its cross-layer decoder is negatively correlated with alignment

14Given we take top 64–256 neurons per layer for circuit pruning, this means neuron features in low-L0 transcoders are
≈ 50% likely to have a corresponding neuron in the neuron circuit.
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to the closest neuron (Pearson ρ from −0.59 to −0.93 across layers and models; Appendix S), with
a clear cluster of neuron features with weak cross-layer decoders. While preliminary, combined
with the above results, this suggests cross-layer connections are not faithful to the original model’s
computation.

3.5 Cross-seed stability: most features reliably learned by transcoders are neuron features

Given the prevalence and importance of neuron features, a natural question to ask is how important
non-neuron features can be. Paulo and Belrose [2026] show that SAEs trained on different ran-
dom seeds disagree on most features. We apply the same analysis to our transcoders: we train two
transcoders that differ only in the initialization seed, then ask, for each feature in run A, whether there
exists a feature in run B with high (> 0.7) encoder and decoder cosine similarity. For a feature to be
considered “real”, it should reoccur between seeds.
Table 1 shows the prevalence of such features among neuron and non-neuron features in transcoders
trained on Gemma 3 4B L22 at k=64 and several widths M . We count features that are shared
between seeds, neuron features, and features that are both. We report the fraction of such features in
the dictionary and activations because neuron features are overrepresented in activations. We make
two broad conclusions:
Most features shared between seeds are neuron features. Given a feature is shared between seeds,
it is > 50% likely to be a neuron feature for most training configurations.
Scaling transcoder width doesn’t lead to the discovery of many new stable features. The number
of neuron features stabilizes early, and the number of shared features grows sublinearly, meaning
there is not much reason to expect naive scaling of transcoders to overcome their weaknesses at
identifying consistent features, their main advantage over using a fixed neuron basis; even the 1M-
feature dictionary only discovered 22 thousand stable features, which is comparable to the 20,480
neurons found in the original model after accounting for sign.
Appendix F.4 describes the matching procedure and shows results for JumpReLU transcoders.

3.6 Neuron initialization preserves alignment through training

The above results are partly explained by our finding that, for some training setups, non-neuron fea-
tures barely move from random initialization during training (Appendix F.3). Therefore, the absence
of neuron features for some neurons in narrower transcoders may be an artifact of the training proce-
dure. If we instead initialize the encoder at neuron directions, training will preserve that alignment,
increasing the number of neuron features. This is a technique we refer to as neuron initialization
(NI): each encoder row is set to a random sign-split ±(gate ± up) direction (with 10% Gaussian
noise added to break symmetry), the decoder is set to zero, and the transcoder is otherwise trained
the same way.
NI is strictly an improvement on standard training, leading to faster convergence to the same loss
with fewer dead features (see Appendix J). More importantly, it reveals structure in the encoder the
standard objective cannot learn: the fraction of features with encoder similarity > 0.5 to a neuron
rises from 11% under random initialization to 92% under NI on Gemma 3 4B L22 at 256k width, and
from 12% to 93% on the decoder side. Together, the aligned features account for 95% of activation
mass under NI, up from 65%.

3.7 Case study: linebreaking

Gurnee et al. [2025] identify Claude 3.5 Haiku features whose firing rates peak at specific character
positions within a line and together let the model predict line breaks. In Gemma 3 4B with Gem-
mascope L0-small, 7 of 8 clean peaked features at layer 20 track a single neuron’s tuning curve over
character position (Figure 8). Most of these are also neuron features according to our definition, but
one is similar in only the tuning curve and not weights. See Appendix K for details.

15Gemma 3 4B layer 20, Gemmascope L0-small. For F3642 / N5521+, F8616 / N4858−, and F29144 / N2796+ the
feature and neuron curves nearly coincide with some offset. Counterexample: F414 / N6751− have a similar, round shape,
with the feature being sharper than the neuron, but their weights are not aligned.
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Figure 8: Tuning curves across character count
for character counting features ([Gurnee et al.,
2025]; orange) and neurons (grey). 15
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Figure 9: Activations for different values of
operands for arithmetic neurons from Feucht et al.
[2026]; we discover their corresponding neuron
features in a transcoder (top) and show they are
causal for addition and play similar roles.

3.8 Case study: arithmetic

Feucht et al. [2026] localize base-10 addition in Llama-3.1-8B to 28 neurons of the layer-18 MLP,
which write into a low-dimensional output subspace and organize into Fourier periods. We find
similar structure in three open source transcoders, with neuron features for these neurons being the
majority of the features which write to the subspace, and the only ones with strong causal effects:
ablating their contributions drops addition accuracy from 94.3% to 30.6%. These features have
similar grid activation patterns to their neurons (Figure 9); there also exists a weaker population of
less aligned features which we consider an artifact of transcoder training. Described in detail in
Section M.

3.9 Case study: color red, neuron features corresponding to multiple neurons

This paper largely focuses on cases where neurons and their neuron features can be assumed to be
monosemantic, and transcoders don’t contribute anything useful through their change of basis and
feature splitting. We still believe transcoders can be useful in clarifying specific detail in features
and making specific neurons more monosemantic; to demonstrate this, we studied a simple prompt
where the meanings of the necessary features are clear.
In Section T.1, we study attribution graphs for predicting the translation of the Russian word for
“red”, and find that Gemma 3 4B uses three polysemantic layer-22 neurons rather than a dedicated
“red”. Transcoder features at this site do correspond to neurons, but make the meaning cleaner by
mixing together 2–4 neurons, and do discover monosemantic “red” features. When we consider what
activations of the neuron on which the transcoder feature is also active, we find that they form a clear
cluster separate from other, unrelated activations.
While a more broad and in-depth study is necessary to make robust conclusions, we see this as pre-
liminary evidence that there exists real polysemanticity that transcoders can resolve by recombining
the neuron basis, especially with interventions such as those described in Section T.

Potential Risks

The procedure described in Section N gives a simple and inexpensive way to find a small set of
neurons that activate on patterns plausibly associated with model distress in any open-weights model
that exhibits them. Though we do not release specifics of the weight editing technique, this type of
weight editing, if applied irresponsibly, could remove a behavioral signal which, regardless of beliefs
about machine sentience, is currently among the more legible windows into whether a model is in a
difficult internal state. However, a sparse neuron-based weight edit would not be any more effective
than orthogonalization [Arditi et al., 2024], meaning the only potentially harmful consequence is
detailing the procedure for identifying the steering vector.
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A Limitations

Our results are restricted to base models, and we mostly use English-language data. We evaluate 13
transcoders on models in the 1B–27B parameter range, but they are all dense, and we only use per-
layer transcoders. Our preliminary investigations have shown MoE architectures may have interesting
cases of same-layer superposition and that cross-layer transcoders’ faithfulness may be hampered
by existing training schemes; these results are not developed further. Given that most open source
frontier models are MoEs, developing techniques that work on them is necessary to understand more
complex capabilities.
Throughout the paper, we characterize only sparse, high-magnitude activations of neurons. Even
though we believe from informal investigations that low activations and multi-token patterns can be
just as or even more interpretable than the sparse activations we considered so far, it is beyond the
scope of this paper.
We study only Top-k and JumpReLU dictionaries trained with two different codebases. We have
shown that the fraction of features categorized as neuron features depends on dictionary architecture
and on the threshold used for selection (0.6, 0.7 or 0.9 depending on transcoder and objective); we do
not offer a comprehensive explanation of how architectural factors decide the appearance of neuron
features. We do not quantify the role of features that are almost neuron features which are more
prevalent in TopK transcoders and some of which seem to correspond to sparse combinations of
neurons.
We do not characterise features that recur across seeds in JumpReLU transcoders without being neu-
ron features, even though there is a substantial amount present. We do not investigate features which
approximately co-occur between seeds or attempt to understand if such features lie on continuous
models.
Further, our analyses on cross-layer transcoders use only two narrow models and do not make a
conclusion as to whether the non-neuron features are faithful and whether our other results generalize
to them. Relatedly, for faithfulness evaluations, we only consider first-order, Jacobian faithfulness
(as opposed to faithfulness under interventions), and do not extend our analysis to non-JumpReLU
transcoders. We do not study MLP output or residual SAEs and evaluate the connection of their
features to neurons, even though MLP output SAEs may be a more promising primitive for attribution
graph construction and learn fewer neuron features at lower cost.
We explain that the weight-based definition of neuron features is not robust due to the fact that non-
neuron features retain parts of their direction at initialization. However, it is not clear if the learned
transcoders are learning faithful decompositions of the computation and what their decoders corre-
spond to in general. We do not characterize the behavior of these interventions across models or
layers. Our training interventions do not make clusters more prevalent or distinguishable, and base-
line transcoders appear to have the structure we are looking for, even if the clustering is less strict
and the weight alignment to neurons is lower.
We also did not rigorously test whether it is possible to remove neuron features from transcoders; we
believe features must be aligned to neurons to some extent (> 0.4), but do not show detailed results
for what degree of alignment is necessary for the transcoding objective.
We hypothesize that polysemantic neuron activations can be defined as clusters defined by small sets
of neurons. We show that dense K-means surprisingly finds such clusters, but do not find a connection
to features learned by transcoders. We can only make broad claims about co-firing of features and
their closest neurons and do not characterize precise ways feature activation is determined by sets of
neurons firing together. We also do not evaluate combinations of more than 4 neurons, and do not
formulate ways to understand diffuse combinations of hundreds of neurons.
We do not fully explain how neuron features and transcoder features co-occur, which neuron fea-
tures are most important and why they are represented monosemantically. We do not characterise
where transcoder decoders come from: the directions they pick out appear meaningful but are not
captured by the clustering picture. Furthermore, we do not evaluate the degree to which concepts
are represented in transcoders or show ways to find specific concepts that transcoders represent with
combinations of neurons; sparse probing and its variations, as we have shown, are not the appropriate
evaluation for this.
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We run no systematic human evaluation; all our quantitative interpretability evaluations use auto-
mated metrics. This means some of the findings, like neurons finding more relevant features for
sparse probing, may not hold up under scrutiny.

B Related work

Neuron-based interpretability in LLMs. Several lines of work analyze individual neurons in lan-
guage models. Polysemanticity has been characterized empirically across models [Voita et al., 2024,
Gurnee et al., 2024], and circuits routed through neurons have been documented for arithmetic and
counting tasks [Hanna et al., 2023, Nikankin et al., 2025]. Automated descriptions of single neurons
scaled from Bills et al. [2023] to model-level catalogs [Choi et al., 2024] and head-to-head compari-
son with learned features [Paulo et al., 2025a]. Closest to our setting, Arora et al. [2026] show that
language-model circuits are sparse in the neuron basis with appropriate attribution.

From SAEs to attribution graphs. Sparse autoencoders were introduced as an interpretability
primitive on language model activations [Bricken et al., 2023, Cunningham et al., 2024] and sub-
sequently scaled to frontier models [Templeton et al., 2024]. Dunefsky et al. [2024] introduced
transcoders, which approximate an MLP layer with a sparse, wider replacement. Attribution graph
methods build on these dictionaries: Marks et al. [2025] introduced linear-approximation attribution
with stop-gradient on the reconstruction error, and Ameisen et al. [2025], Lindsey et al. [2025b] ex-
tended the framework to full attribution graphs over transcoders. Gurnee et al. [2025] use transcoder
feature families to investigate model behavior across scales and report features that recur consistently
across model sizes, though they do not compare against individual neurons.

Comparing neurons to learned features. On standard interpretability evaluations, learned fea-
tures score as more interpretable than individual neurons [Paulo et al., 2025a]; transcoders specif-
ically score above SAEs on the same benchmarks [Paulo et al., 2025b]. Our findings provide an
account of this gap rather than closing it. Standardized benchmark suites for sparse dictionaries have
been developed [Karvonen et al., 2025], and neuron-versus-feature comparisons in the attribution
graph setting appear in Arora et al. [2026].

Polysemantic neurons as combinations of features. Sparse probing [Gurnee et al., 2023] shows
that concepts can often be read out from small numbers of neurons, motivating the view that polyse-
mantic neurons are combinations of underlying features. Adler et al. [2025] formalize this in small
Boolean networks via feature channel coding. Post-hoc methods decompose polysemantic neurons
into clusters of activations [Dreyer et al., 2024, Kopf et al., 2025, Liu et al., 2026]; our proposed
methods are training-time interventions that make transcoders applicable to the same problem.

Known artifacts of dictionary training. Feature splitting and absorption [Chanin et al., 2025] do
not appear in our transcoders by default, but the training-time interventions in Section T can induce
them. Cross-seed instability of SAE and transcoder features [Paulo and Belrose, 2026] concentrates
outside the neuron-aligned subset. Our findings are also suggestive of an account of cross-layer
transcoder unfaithfulness [Lange et al., 2026], though the supporting evidence in this paper is lim-
ited.

C Model and transcoder details

C.1 Replacement model variants and cross-model results

Attribution graphs aim to explain a model’s predictions through a sparsified description of its MLP
computation. We draw a distinction between reconstruction — how well the transcoder output ap-
proximates the true MLP output, captured by L2 loss, or its normalized equivalent, FVU (fraction
of variance unexplained, equivalent to normalized L2 loss), and the attribution-graph Replacement
Score [Ameisen et al., 2025] — and replacement — how well the replacement model approximates
the original when taken as a whole, captured by KL divergence and top-1 accuracy.16

16Transcoders were preferred over MLP-output SAEs in prior work in part because they achieve lower KL at similar FVU.
We care about replacement because the replacement model should be capable of fully explaining behavior on its own, and
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To produce a transcoder-style replacement model from neurons, we augment the top-k-pruned MLP
output y with up to two corrections to the baseline, none: recon uses ŷ = Wrecon y + b with
identity initialization; recon+skip adds a learnable skip connection from the layer input, ŷ =
Wrecon y +Wskip x+ b; recon+skip+rank1 adds a per-neuron rank-1 contribution gated on the (sign-
split) activation, with positive and negative-activation regimes receiving independent rank-1 vectors.
All corrections are trained jointly on a per-layer FVU loss and a KL regularization loss17 against the
original model, on FineWeb (10 k steps, batch 32, sequence length 128, gradient accumulation 4,
learning rate 10−4 with 200-step warmup and no decay). Optimization uses Muon [Liu et al., 2025]
for 2D weight matrices and Adam for 1D parameters (biases and per-neuron rank-1 vectors). The
transcoder baselines we compare against are evaluated identically (FineWeb, 200 batches, positions
0–1 discarded).
The per-model Pareto plot of L0 to KL or FVU is in Figure 10. none≫ recon > recon+skip ≥ re-
con+skip+rank1 on FVU across every model and k. Transcoders fall between recon and recon+skip
on FVU but at substantially higher KL than any neuron variant. On Gemma 3 4B the none FVU
exceeds 1, likely because of the post-feedforward LayerNorm. The finetuned down-projection can
easily adjust for this, as seen in the other lines.
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Figure 10: Per-model FVU vs L0 and KL vs L0 for the four sparsified MLP correction methods, with
transcoder baselines overlaid in black.

C.2 Transcoder training details

Our TopK transcoders are trained using Dion [Ahn et al., 2025] with lr = 10−2, or lr = 5 × 10−3

for less stable architectures like NFT and SNRL. We use power-law k annealing (as distinct from
the linear k annealing of LlamaScope [He et al., 2024]) from 256 down to 32 between steps 1,500–
10,000 (out of a total 15,000). We use a batch size of 256 at sequence length 128 on the SmolLM2
perturbations to the replacement model should have the same effect as perturbations to the original. Reconstruction sometimes
produces this quality, but we show that they can diverge.

17Scaled to match the FVU loss, following Karvonen [2025].
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Model HF slug Layers dmodel dmlp Activation

Dense
Gemma 2 2B google/gemma-2-2b 26 2304 9,216 GeGLU
Gemma 3 1B google/gemma-3-1b-pt 26 1152 6,912 GeGLU
Gemma 3 4B google/gemma-3-4b-pt 34 2560 10,240 GeGLU
Gemma 3 12B google/gemma-3-12b-pt 48 3840 15,360 GeGLU
Gemma 3 27B google/gemma-3-27b-pt 62 5376 21,504 GeGLU
Qwen 3 1.7B Qwen/Qwen3-1.7B 28 2048 6,144 SiGLU
Qwen 3 4B Qwen/Qwen3-4B 36 2560 9,728 SiGLU
Qwen 3 8B Qwen/Qwen3-8B 36 4096 12,288 SiGLU
Qwen 3 14B Qwen/Qwen3-14B 40 5120 17,408 SiGLU
Llama 3.2 1B meta-llama/Llama-3.2-1B 16 2048 8,192 SiGLU
Llama 3.1 8B meta-llama/Llama-3.1-8B 32 4096 14,336 SiGLU

Mixture of experts
Gemma 4 26B-A4B google/gemma-4-26B-A4B 30 2816 2,112 + 128× 704 GeGLU
Qwen 3.5 35B-A3B Qwen/Qwen3.5-35B-A3B 40 2048 512 + 256× 512 SiGLU

Table 2: Model architectures used in this work. All models use gated MLPs (up, gate, down).
GeGLU uses GELUtanh [Hendrycks and Gimpel, 2016] for the gate, SiGLU uses SiLU. Llama and
Qwen use standard pre-norm around each sublayer. Gemma 3 is unusual in additionally applying
a post_feedforward_layernorm after the MLP; this requires dividing by the LayerNorm weight
to recover a faithful encoder/decoder geometry (Section F.1) and shows up, among other things,
as higher KL on Gemma 3 transcoders compared to the matched Llama/Qwen ones at similar L0

(Figure 10). For the two mixture-of-experts models, dmlp is written as the shared expert’s width
plus the number of routed experts times their width. Both models have 8 active experts per token.
Gemma 4 26B-A4B is used for bigram probing (Table 6) and for testing expert concentration in attri-
bution graphs (Section P). Qwen 3.5 35B-A3B is the model we train mixture of experts transcoders
on (Section Q). Model families used: Gemma 2 [Gemma Team, 2024], Gemma 3 [Gemma Team,
2025], Gemma 4 [Gemma Team, 2026], Qwen 3 [Qwen Team, 2025], Qwen 3.5 [Qwen Team, 2026a],
Llama 3 [Llama Team, 2024].

dataset [Ben Allal et al., 2025]. The JumpReLU [Rajamanoharan et al., 2024] transcoders are trained
with a different codebase on the same dataset at the same effective batch size of 32,768 tokens, with
learning rate 2× 10−4, sparsity coefficient 10, and 4× 108 training tokens.
Our JumpReLU pipeline uses a tanh sparsity loss with decoder norm weighting (and therefore no
decoder normalization), following Conerly et al. [2025]: Lsparsity = λ

∑
j tanh

(
c · |fj | ·∥W (j)

dec ∥
)
, with

c = 4 and λ linearly ramped from 0 to its final value 10 over training. An auxiliary pre-activation
penalty, 3×10−5 ·

∑
j ReLU(θj−zj) · ∥W (j)

dec ∥, is added to prevent dead features. Thresholds θj are
initialized at log 0.1. The straight-through estimator on threshold gradients uses a rectangular kernel
of width ϵ = 2.0 centred on θj .
For the bigram probing experiments on Qwen 3 4B (Table 6) we use a TopK transcoder trained
with a Matryoshka objective [Bussmann et al., 2025] with otherwise the same recipe as our other
transcoders (M=262,144, k=32, 15,000 steps, lr=5× 10−3). The Matryoshka loss works as fol-
lows: on each training step we sample, per batch element, a prefix size from a log-uniform distri-
bution over [8 dmodel, M ] = [20,480, 262,144] features, restrict the encoder pre-activations to that
prefix, apply top-k within the prefix, and sum the FVU losses across all sampled slices. We choose
the Matryoshka variant for bigram probing because, at identical AUC, the plain TopK transcoder
does not select features whose top-1 max-activating example contains the target bigram: 2.6% vs
Matryoshka’s 21.7%.
The NFT architecture has a model-FLOPs-utilization advantage at training and inference time: an
NFT decoder forward pass in principle reaches up to ∼160×18 the throughput of a dense TopK
encoder thanks to the limited number of rows that need to be considered. In practice the achievable
speedup is only about 2×: the computation is bounded by memory bandwidth rather than compute,
since the sparse-matmul kernels still have to stream the encoder rows for each active feature.

18Or the number of neurons divided by neuron K
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Transcoder Model Act. Width L0 Alive@66% NF@66% NF% acts@66%

GS-small Gemma 3 1B JumpReLU 262k 45 193k (74%) 15k (5.9%) 57.9%
GS-big Gemma 3 1B JumpReLU 262k 148 212k (81%) 24k (9.1%) 57.5%
GS-small Gemma 3 4B JumpReLU 262k 47 175k (67%) 23k (8.9%) 63.8%
GS-big Gemma 3 4B JumpReLU 262k 154 200k (76%) 33k (12.7%) 66.6%
GS-small Gemma 3 12B JumpReLU 262k 47 165k (63%) 41k (15.6%) 73.7%
GS-small Gemma 3 27B JumpReLU 262k 41 194k (74%) 97k (37.1%) 82.8%
mwhanna Qwen 3 1.7B JumpReLU 164k 19 140k (85%) 7k (4.5%) 47.1%
mwhanna Qwen 3 4B JumpReLU 164k 35 153k (93%) 13k (8.0%) 56.1%
mwhanna Qwen 3 8B JumpReLU 164k 44 156k (95%) 15k (9.3%) 56.6%
mwhanna Qwen 3 14B JumpReLU 164k 56 162k (99%) 19k (11.8%) 57.7%
LXTC-8x Llama 3.1 8B TopK 32k 52 32k (99.2%) 13k (39.4%) 64.9%
LXTC-32x Llama 3.1 8B TopK 131k 53 127k (97.3%) 21k (16.2%) 59.2%
mntss-426k Gemma 2 2B JumpReLU+CLT 16k 9 16k (100%) 5k (28.7%) 49.3%
mntss-524k Llama 3.2 1B JumpReLU+CLT 32k 7 32k (99%) 4k (13.0%) 38.0%

Sparse probing only
mntss-skip-131k Gemma 2 2B TopK 131k — — — —
mntss-skip-131k Llama 3.2 1B TopK 131k 32 125k (95.5%) 15k (11.7%) 54.8%

Table 3: Models used in the analysis of open source transcoders. GS is Gem-
mascope on Gemma 3 (google/gemma-scope-2-{1,4,12,27}b-pt); mwhanna
is mwhanna/qwen3-{1.7,4,8,14}b-transcoders; LXTC-8x and LXTC-32x are
OpenMOSS-Team/Llama3_1-8B-Base-LXTC-{8,32}x; mntss is mntss/clt-gemma-2-2b-426k
and mntss/clt-llama-3.2-1b-524k (cross-layer transcoders; the width in the table is the
per-layer width and the width in the name is the maximum width of the cross-layer decoder). All
metrics measured on FineWeb at layer ⌊2N/3⌋ (where N is the number of layers; at 66% of the
way into the model). L0 = mean active features per token. Alive = features with fire_count > 0; NF
= features with encoder and decoder cosine similarity both above 0.6 to the same neuron; NF% acts
= share of feature firings that come from neuron features. The last two rows are the skip transcoders
mntss/skip-transcoders-gemma-2-2b and mntss/transcoder-Llama-3.2-1B, used for
sparse probing (Table 5). Neither release states its activation function; we measure TopK for the
Llama one (FVU 0.15 against 0.99 for ReLU) and assume it for the Gemma one, which we do not
measure further.

The two pipelines initialize encoder weights differently. Our TopK pipeline draws encoder
rows from U(−1/

√
dmodel,+1/

√
dmodel), giving every feature a width-independent initial encoder

norm of
√
1/3 ≈ 0.577 regardless of dictionary size. The JumpReLU pipeline draws from

U(−1/
√
M,+1/

√
M) instead, so the initial encoder norm shrinks as

√
dmodel/M as the dictionary

widens. This narrower init, combined with the L1 sparsity penalty, drives more non-neuron features
to zero firing during training: at 1M features on Gemma 3 4B L22 the JumpReLU run leaves 66%
of non-neuron features below decoder norm 0.1 while every neuron feature stays alive, whereas the
TopK pipeline keeps essentially all of its 1M features firing (Appendix F.3).

C.3 Gated-MLP neuron geometry

This subsection expands §2.1: it works out why each sign-split neuron is selective for a single input
direction.
We work with gated MLPs [Shazeer, 2020], standard in recent open-source LMs in the 1B–27B range
(Gemma, Qwen, Llama). The layer maps an input x ∈ Rdmodel to

MLP(x) = Wdown
(
σ(Wgate x)⊙Wup x

)
,

where Wgate,Wup ∈ Rdffn×dmodel are the gate and up projections, Wdown ∈ Rdmodel×dffn is the down
projection, σ is the gate nonlinearity (SiLU or GELU), and ⊙ is the elementwise product. Writing
gi = W

(i)
gate x and ui = W

(i)
up x for the ith row of each projection, we refer to the elementwise

hidden activations ai = σ(gi)ui as the layer’s neurons. The two projections W
(i)
up and W

(i)
gate are

approximately orthogonal in the models we surveyed.
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Figure 11: Gated-MLP neuron geometry. Per-neuron activations are heavy-tailed (left); high-
magnitude activations split into two regimes that share the same gate-positive half-plane (centre);
and within each regime the effective encoder direction concentrates along W

(i)
up ±W

(i)
gate across neu-

rons (right).

Per-neuron, the marginal activation distribution is sharply peaked at zero with heavy two-sided tails
(Figure 11a). The fact that these heavy-tailed activations capture much of important behavior (see
Section 2.2) suggests the network is using them to represent important features.
The high-magnitude activations fall into two regimes that are roughly equally common. Both have
gi > 0 with different signs of ui: gate-positive with ui ≫ 0 (so ai > 0) and gate-positive with
ui ≪ 0 (so ai < 0). gi < 0 is uncommon in most neurons (Figure 11b).
Within each regime, the neuron is selective for a single input direction. In the linear regime of
GeLU/SiLU at large gi, σ(gi) ≈ gi and σ′(gi) ≈ 1, so the gradient

∇xai ≈ ui W
(i)
gate + gi W

(i)
up

lies in the 2D subspace spanned by W
(i)
up and W

(i)
gate. When |gi| and |ui| are comparable, the gradient

concentrates along W
(i)
up +W

(i)
gate when gi > 0, ui ≫ 0 and along W

(i)
up −W

(i)
gate when gi > 0, ui ≪ 0.

Figure 11c shows the average encoder direction in high activations roughly matches predictions in 3
layers of Gemma 3 4B.

C.4 Neuron top-k threshold

We use k ∈ {32, 64, 128} throughout the paper. The threshold a top-k implements (the smallest
|ai| kept) varies across both layers and models: in models without post-feedforward layernorm, the
residual stream norm grows in late layers, causing neuron activation magnitudes to rise, so a sin-
gle absolute activation threshold across layers does not fit while a top-k tracks the per-layer scale.
Figure 12 reports the implied threshold per layer for Qwen 3 and Gemma 3.
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Threshold per layer at fixed k

Figure 12: Activation threshold per layer for Qwen and Gemma models at various TopK settings. Due
to the lack of post-feedforward LayerNorm in Qwen 3 the threshold grows by an order of magnitude
from early to late layers.
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Model Neurons Transcoder ∆

Llama 3.1 8B 0.856 0.845 +0.011± 0.007
Gemma 3 4B 0.854 0.832 +0.022± 0.008
Qwen 3 8B 0.851 0.806 +0.045± 0.011
Qwen 3 4B 0.833 0.794 +0.039± 0.011
Qwen 3 1.7B 0.811 0.762 +0.050± 0.010
Gemma 3 1B 0.834 0.792 +0.042± 0.011
Gemma 2 2B 0.851 0.780 +0.071± 0.012
Llama 3.2 1B 0.847 0.802 +0.045± 0.011

Table 4: Sparse probing mean AUC at k=1 across the 113 [Kantamneni et al., 2025] tasks. Neurons:
dense MLP neurons. Transcoder: best-available transcoder per model (Table 3). ∆ shows the per-
task mean difference. Neurons match or exceed the transcoder across all models. Per-task and full
k-sweep tables in Appendix E.1.
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Gemmascope L0-big (0.74)

Figure 13: Replacement Score and per-token L0. Gemmascope L0-big dominates at high L0, and is
still the best method together with L0-small at low L0.

D Evaluation methodology

D.1 Sparse probing

We follow the basic sparse probing methodology from Gurnee et al. [2023] as adapted by Kantam-
neni et al. [2025] (113 binary classification tasks covering sentiment, headlines, factual recall, code,
language, toxicity, and other concepts). Both methodology and tasks match Kantamneni et al. [2025]
unless noted otherwise.

Activations. For each task we collect feature post-activations at every transformer layer over up
to ∼ 1024 training and several hundred test samples drawn from the task’s prepared sequences. For
neurons we use the post-GeGLU (Gemma) or post-SiLU (Llama, Qwen) activations σ(gi)ui split
by sign (Section 2.1). For learned dictionaries we use post-activation features (after JumpReLU or
TopK).

Feature selection. For each task, following Kantamneni et al. [2025], we rank features by the abso-
lute mean-activation difference between positive and negative samples on the train split, specifically
as implemented in sae_probes. We pick the top k features by this score.

Probe. For binary classification, we trainL1-penalized logistic regression on the selected k features.
We sweep penalty over 11 values (0 together with 10 values log-spaced over 10−4–104), pick the best
penalty by AUC on a held-out 20% validation slice of the training set, then refit on the full training
set. We report test AUC at each k ∈ {1, 2, 4, 8, 16, 32}. Each task is run independently at every
layer; the per-task peak layer is selected post-hoc as the one maximizing test AUC.
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Gemma 3 27B-it L41 / N7312
“apology (apologize, apologies)”

23.00 …So first, my apologies for taking a month…
17.12 …was also an apology on the official…
13.06 …features. Never apologize for being the way…
12.75 …useful as an apology for the crueler…

Promoted: “apologize”, “apology”, “apologies”, “apologizing”,
“apologized”
Suppressed: “érm”, “ധ്യമ”, “Pension”, “उद”, “สัน”

Figure 14: Representative distress circuit feature found by neuron attribution (Gemma 3 27B-it,
L41/N7312).

Models and dictionaries. We use the models mentioned in Table 3: Gemmascope L0-small or
L0-big for Gemma 3 4B [McDougall et al., 2025], mntss-skip-131k for Gemma 2 2B and Llama
3.2 1B, mwhanna for Qwen 3 (164k width), and both LXTC-8x and LXTC-32x for Llama 3.1 8B.

D.2 Bigram probing

We extend sparse probing to detection of common pairs of tokens (e.g., “social security”, “prime
factors”, “public health”), following the methodology for constructing hard negatives from Gurnee
et al. [2023] (Section 5.1). Phrase bigrams are extracted from a 1B-token sample of FineWeb. From
30.9M phrase-bigram types we keep 11,614 that have count≥ 3000 and enough negatives, then select
the top 1,500 by pointwise mutual information log p(a,b)

p(a) p(b) between word_a and word_b (range 5.26
to 14.30).
For each bigram we extract three sample types ending at the “word_b slot” position: positive
(word_a word_b ), missing-first ( word_b appears without word_a preceding), and missing-second
(word_a appears without word_b following). Each dataset has 3,200 samples (1,600 positive, 800
of each negative type).
Probing uses Newton/IRLS L2 logistic regression on top-k highest-attribution features, with the peak
layer selected per dataset by validation AUC. We report two metrics: held-out test AUC, and the
fraction of the selected feature’s top-10 max-activating examples on FineWeb that contain the target
bigram.

D.3 Sort eval

We follow the procedure in Lindsey et al. [2024] for judging the interpretability of transcoder features,
including the prompt and feature selection method. Each trial shows a Claude Haiku 4.5 judge 10
display context excerpts for feature A and 10 for feature B, plus a held-out query excerpt drawn from
one of them, and asks the judge to classify the query as A or B. We run 500 trials per configuration.
Excerpts are windows of up to 40 tokens around the peak-activation token.
We study two regimes for picking the 10 display excerpts. Under top sampling (“top-of-distribution”),
we show the 10 highest-activating excerpts cached for the feature; in this case, for neurons, the k used
for TopK selection does not matter. Under quantile sampling (“broad”), we sort the feature’s cached
excerpts by peak activation, split the list into 10 equal-count buckets, and draw one excerpt uniformly
from each. Quantile sampling shows contexts from across the activation range, not only the peaks.
For each transcoder, we precompute an activation cache on a 10M-token sample of SmolLM2 (con-
text length 128 sequences, BOS masked if present). The same caching procedure is used for the neu-
ron baseline (with TopK over sign-split post-GeGLU activations) and is reused across all sort-eval
configurations on a given model, so two candidates compared in the same trial draw their display
excerpts from the same underlying tokens.
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D.4 Cluster sort eval

The cluster sort evals (§T.5) adapt the sort eval to evaluating ways to cluster single neurons. For each
neuron and sign, we store up to 4096 contexts with high activations, and clusters partition that panel.
A trial picks two clusters A and B from the same panel, shows the judge 10 contexts from each, and
asks for a binary classification of a held-out query context. We run two variants:

• Cluster match accuracy. The display and query contexts are all drawn from the cluster’s
own panel firings, picking the top 10 by activation. This measures whether the partition has
produced distinct concepts (the closest match to sort evals, but limited to a neuron’s firings).

• Top neuron match accuracy. The display for both of the clusters is replaced by a combination
of maximum activations of the cluster’s top-4 closest neurons. The panel neuron itself is
dropped from the selection pool. The query is still a context from cluster A or B. This tests
whether the cluster’s identity is fully described by its closest neurons, while at the same time
capturing cluster distinguishability in general like the cluster match eval.

For each neuron we sample 25 cluster pairs (neurons where either cluster has fewer than 15 qualifying
contexts are dropped). We sample random pairs of clusters. The activations of the closest 4 neurons
for the top neuron eval are extracted at the sign of the neuron’s weight (positive weight: maximum
activations; negative weight: minimum activations).
The 50 neurons used for the evaluation are picked randomly from L22 neurons with at least 256
positive firings in the cache. For each neuron we take the top 4096 firings on 1M SmolLM2 tokens,
zero out the neuron’s own column in the post-activation matrix and the eight globally densest neurons,
and use these masked vectors as the panel data for k-means . We compute transcoder activations on
the cache and assign each panel position’s cluster to the highest-activating feature for which the
neuron being evaluated is the closest to the feature’s encoder out of all neurons. For Gemmascope,
we match on the decoder side instead, because its encoders are not aligned enough to create clusters
of comparable sizes. All other dictionaries are matched on the encoder side.

E Full evaluation results

E.1 Sparse probing

Methodology: Appendix D.1. Across nine (model, transcoder) pairs spanning four architectures,
sign-split neurons match or exceed the canonical learned dictionary on every pair at every k we
tested (Table 5).

Name AUC, k=1 AUC, k=4 AUC, k=16 Tasks won (k=1)

Model Dictionary Neurons Dictionary Neurons Dictionary Neurons Dictionary Neurons Dictionary Ties

Llama 3.1 8B LXTC-8× 0.883 0.843 0.908 0.888 0.925 0.911 79 15 19
Llama 3.1 8B LXTC-32× 0.883 0.839 0.908 0.886 0.925 0.910 80 15 18
Gemma 3 4B GS-big 0.877 0.849 0.899 0.888 0.919 0.907 70 18 25
Qwen 3 8B mwhanna 0.876 0.829 0.902 0.877 0.921 0.900 83 13 17
Qwen 3 4B mwhanna 0.864 0.819 0.891 0.866 0.909 0.890 79 15 19
Qwen 3 1.7B mwhanna-163k 0.837 0.785 0.866 0.837 0.886 0.859 80 15 18
Gemma 3 1B GS-small (16k) 0.855 0.811 0.881 0.858 0.902 0.879 82 12 19
Gemma 2 2B mntss-skip-131k 0.872 0.802 0.897 0.854 0.913 0.882 87 8 18
Llama 3.2 1B mntss-skip-131k 0.861 0.817 0.888 0.863 0.906 0.887 83 6 24

Table 5: Sparse probing results across nine (model, dictionary) pairs on the 113-task suite of Kan-
tamneni et al. [2025]. Neurons: post-GeGLU/SiLU sign-split neurons. Dictionary: canonical post-
activation learned dictionary (Appendix D.1). Mean peak test AUC across the 113 tasks (peak =
max over layers per task), then averaged across tasks; bold marks the higher of the two within each
(k, row). Tasks won columns: number of tasks where one method beats the other by > 0.005 AUC
at k=1; ties otherwise. Bold marks the larger of the two win counts per row. Win rates and AUC
gaps narrow with k but the sign of the gap is preserved at every k on every model.
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E.2 Bigram probing

On both Gemma 3 4B and Qwen 3 4B, the dictionary outperforms sign-split neurons at every layer
L0–L5 and every k we tested (Table 6). The gap is largest at k=1 and narrows slightly with k. The
transcoder advantage also shows up qualitatively: for each of the 1,500 bigrams we pick the best
k=1 probe across L0–L5 (same picker on every method) and check whether the chosen feature’s
top-1 max-act example contains the target bigram. Gemmascope hits 75.6% vs 0.0% for sign-split
Gemma 3 4B neurons; the Qwen 3 4B matryoshka-TopK transcoder hits 21.7% vs 0.6% for its sign-
split neurons. The plain non-matryoshka TopK transcoder for Qwen has similar AUC but matches
bigrams only on 2.6% of the features, so the gap on this metric is driven by training-time inductive
bias more than feature quality.

Gemma 3 4B Qwen 3 4B Gemma 4 26B-A4B
Neurons Gemmascope Neurons Matryoshka TopK Neurons Neurons, routed

Layer k=1 k=8 k=1 k=8 k=1 k=8 k=1 k=8 k=1 k=8 k=1 k=8

L0 .891 .991 .988 .996 .946 .995 .992 .999 .723 .895 .902 .983
L1 .886 .982 .977 .990 .955 .993 .987 .998 .844 .977 .957 .997
L2 .854 .987 .985 .995 .950 .992 .979 .997 .833 .983 .937 .986
L3 .875 .985 .984 .996 .949 .990 .977 .996 .783 .982 .929 .987
L4 .871 .984 .973 .991 .955 .991 .978 .997 .873 .987 .917 .981
L5 .874 .984 .964 .988 .960 .993 .984 .997 .839 .978 .873 .957

Match 0.0% 75.6% 0.6% 21.7% 0.9% 20.1%

Table 6: Per-layer mean test AUC on the 1,500 bigram probing tasks (Appendix D.2), at k∈{1, 8}
selected features per probe. Match reports the rate at which the chosen (best k=1 across L0–L5)
feature’s top-1 max-activating example contains the target bigram. The transcoder wins every AUC
comparison on every model, and its features match the bigram in their top-1 example far more often
than sparsified neurons do. The MoE model, Gemma 4, is close to the some of the transcoders’
level of performance; this is preliminary evidence that scaled up MoE training could lead to similar
monosemanticity to that seen in transcoders.

F Features not aligned to single neurons

In this section, we describe the methodology for measuring the faithfulness of non-neuron features
for section 3.4.

F.1 Faithfulness measurement procedure

MLP Jacobian. For Gemma’s gated MLP MLP(x) = Wdown (σ(Wg x)⊙Wu x) (§2.1), writing
g = Wg x, s2 = σ(g), and s1 = σ′(g)⊙Wu x, the per-position Jacobian is

Jmlp(x) = Wdown
[
diag(s1)Wg + diag(s2)Wu

]
. (1)

Gemmascopes are trained to predict the output of the MLP after the post-feedforward LayerNorm,
but we evaluate Jmlp in the pre-LN MLP-output basis: the affine scaling in the LayerNorm (1 +wln)
is not folded into Wdown, and transcoder decoders are instead divided elementwise by this factor; this
is necessary because of the existence of < 10 neurons or features at many layers that are aligned with
the LayerNorm weight and dominate the Jacobian cosine similarity.

Methods. Each method M defines a linearization JM (x).

• Transcoders. With active set A(x) on input x, Jtc(x) =
∑

f∈A(x) df e
⊤
f , where ef , df are

feature f ’s encoder and decoder rows.19

We also compute Jacobians for subgroups of features by simply restricting the active set. We
track neuron features (encoder and decoder similarity above 0.7) and the rest, non-neuron
features.

19The activations of transcoders are piecewise linear, so no reweighting is necessary.
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• Top-k sparsified MLP at matched L0. At each token we keep the top k = |A(x)| neurons
by absolute post-GeGLU activation |s2⊙Wu x|, producing an indicator maskm ∈ {0, 1}dffn ,
which we multiply Eq. 1 by elementwise:

Jtopk(x) = Wdown
[

diag(m⊙ s1)Wg

+ diag(m⊙ s2)Wu

]
.

• SVD ceiling. The cosine similarity between Jmlp(x) and its best rank-L0 approximation,
the performance of a maximally faithful transcoder. We truncate the SVD of Jmlp(x) to the
top L0 components and report

√∑
i≤L0

σ2
i /

∑
i σ

2
i , where σ1 ≥ σ2 ≥ · · · are the singular

values.

As mentioned above, we compute elementwise cosine similarity of the Jacobian matrices. Positions
where ∥Jmlp(x)∥F < 10−6 or |A(x)| = 0 are discarded.

Per-feature rank-1 contribution. For Figure 7, we measure the cosine similarity of the MLP
with the individual features’ rank-1 contributions cos(df e⊤f , Jmlp(x)) and average only over po-
sitions where f is active. We similarly report the equivalent quantity for individual neurons,
cos(W (i)

down(e
n
i )

⊤, Jmlp(x)), where e n
i is the effective encoder, or the gradient of neuron i’s post-

activation w.r.t. the input x.

Evaluation set. We use 64 FineWeb sequences of length 128, dropping the 3 leading positions.
Analyses for different models share the same seed and sequence pool.

F.2 Faithfulness details and results

Figure 15 shows per-layer Jacobian alignment for all six Gemmascope transcoders we evaluate
(Gemma 3 4B/12B/27B in L0-small and -big variants). For all six transcoders, on late layers, we
see similar behavior: transcoders trail behind neurons by 0.1–0.2 points, and the curves for neuron
features and full transcoders overlap almost perfectly, suggesting that neuron features completely
explain the first-order faithfulness of transcoders.
Non-neuron features explain little of the Jacobian faithfulness (only around 0.1, constant across lay-
ers), with the exception of the last few layers for unclear reasons. We see that there is little gain to be
had by perfectly modeling the Jacobian with the SVD ceiling and that approximating the structure
present in the sparse neuron Jacobian gets most of the way to the best possible faithfulness for a
transcoder.

F.3 Non-neuron features barely move from initialization

We see evidence that neuron features are updated significantly more through training, suggesting both
that neuron features are more important and that non-neuron features are somewhat arbitrary and thus
dependent on initialization (Section 3.5). We show two different variations of this behavior in our two
training pipelines: the TopK pipeline and the JumpReLU pipeline (training details in Appendix C).
We train two 262k TopK transcoders (k=64) on Gemma 3 4B L22 for 15,000 steps and save the
random initializations at step 0. We also train a JumpReLU transcoder of width 262k with the training
settings outlined in Section C; however, unlike other runs in that pipeline, its encoder is initialized at
the same width-independent scale as the TopK pipeline, with per-row norm

√
1/3 ≈ 0.577, instead

of the default
√
dmodel/M ≈ 0.1.

Figure 16 (bottom) shows that neuron features become orthogonal to the initialization through train-
ing: the median cos

(
W trained

enc , W init
enc

)
is close to zero in both settings. In TopK transcoders, non-

neuron features stay close to the initialization (median cosine similarity +0.48); while many are very
close to init (cosine similarity> 0.8), the cosine similarity of non-neuron features to the initialization
is distributed almost uniformly across the entire range.
In addition to measuring cosine similarity, we compare the norm of the features’ decoder weights;
this is another measure of importance that can distinguish neuron and non-neuron features without
the need to train multiple seeds. As seen in the top half of Figure 16, in both setups, neuron features
have higher median decoder norm and form a distinct cluster from non-neuron features in this regard.
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Figure 15: Per-layer mean Jacobian cosine alignment for the six Gemmascope transcoders we evalu-
ate.

F.4 Percentage of neuron features across k and width

Setup. We sweep transcoder width M in both training pipelines from Appendix C. Our TopK
pipeline covers k∈{32, 64, 128} at M∈{32k, 65k, 128k, 256k, 1M}. The JumpReLU pipeline cov-
ers JumpReLU at L0≈30 and TopK k=64 at M∈{256k, 512k, 1M}. All transcoders share training
data (SmolLM2-135M-10B, context length 128) and target Gemma 3 4B L22. Each cell uses n=2
seeds, and, as in the main body, a threshold of 0.7 on cosine similarities to the encoder and decoder
of either a neuron or a feature in a different seed.

Percentage in the dictionary and in activations. The percentage of neuron features in the dictio-
nary (top row of fig. 17) decays predictably with width in every series. Specifically, the decay is
close to a power law with exponent −1, which is what would be predicted if the number of neuron
features stays constant while the dictionary grows linearly.
The percentage of neuron features in activations (third row) is higher than the percentage of features
in the dictionary, since neuron features fire much more often than non-neuron features. It decreases
with width: for TopK k=64, the fraction in activations drops from 30% at 32k to 15% at 1M. The
JumpReLU pipeline holds near 47% (or 29% in the TopK setting) across its full width range, partly
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Figure 16: Per-feature decoder L2 norm (top) and encoder cosine similarity to the initialization (bot-
tom) versus firing frequency, split by neuron vs non-neuron features. Left: our TopK pipeline (k=64,
M=262k, Gemma 3 4B L22, 15,000 steps). Right: JumpReLU pipeline (M=262k, Gemma 3 4B
L22) with the encoder init scale matched to the TopK pipeline; this is the only JumpReLU checkpoint
we saved the initialization for. In TopK transcoders, neuron features have distinctly higher decoder
norms and rotate away from their random initialization, while non-neuron features stay closer to init
and span a wide range of decoder norms. There is a distinct cloud of slightly-rotated features which
is separate from neuron features and features that did not change at all. In the JumpReLU transcoder,
despite the fact that this run reuses the width-independent initialization from the TopK pipeline, most
of the alive features rotate significantly, even non-neuron features; however, features that are dead
are still distributed uniformly. In the JumpReLU transcoder, the decoder norm of neuron features
is not as distinct, but it is separable when taking activation frequency into account. In both cases,
the higher firing frequency of neuron features does not fully account for them moving away from
initialization and not being eroded away by the sparsity penalty.

because the number of alive features barely grows for it (Table 7): even at a width of 1M, the number
of alive features never reaches 300k. This may be because of the width-dependent init (Section C).

Comparing neuron features and features stable across seeds. The bottom row of fig. 17 reports
intersection-over-union, |NF∩ boths|/|NF∪ boths|, where NF is the set of neuron features in seed s
and boths is the set of features in seed s whose best match in a different seed exceeds a threshold of
0.7 on both encoder and decoder cosine similarity.
The number of neuron features increases and becomes stable beyond a certain critical width;20 the
maximum number of neuron features is close to 2 × Nneurons = 20,480, and the scaling of the
percentage of neuron features in the dictionary is close to inversely proportional to the size.
The share of neuron features in activations decreases as all neurons get their own neuron features and
then remains stable across widths, with sparser transcoders having fewer neuron features in activa-

20In k = 128 transcoders. In narrower ones, the number of neuron features starts to decrease. It is likely this happens
because of stronger competition between features forcing more specialization and weaker alignment.
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32k 65k 131k 262k 524k 1M

Our TopK pipeline
TopK k=64 32k 65k 130k 259k — 895k
TopK k=128 32k 65k 131k 261k — 939k
TopK k=32 32k 64k 126k 247k — 754k

JumpReLU pipeline
JumpReLU L0≈30 — — — 202k 263k 262k
TopK k=64 — — — 83k 100k 111k

Table 7: Effective dictionary size at width M , defined as the number of features with non-zero firing
on a buffer of 100 steps (∼ 200k tokens).

tions, likely because there are fewer neuron features in general. With the JumpReLU pipeline, there
are more neuron features in activations than in our TopK pipeline.
IoU declines with width in every series: our TopK k=64 falls from 0.74 at 32k to 0.47 at 1M,
the JumpReLU codebase’s TopK from 0.45 to 0.40, and JumpReLU itself from 0.20 to 0.16.
At M=262k, our TopK k=64 has 14k neuron features and 21k cross-seed-stable features; the
JumpReLU codebase’s TopK has 14k and 28k; JumpReLU has 13k and 67k. JumpReLU identi-
fies a large set of features that reoccur across seeds but do not align with model neurons. We do not
give a mechanistic account of this set, leaving this to future work.

G Neuron feature prevalence and coverage

This section expands on results in Section 3.2.

G.1 Prevalence across models

Table 8 reports the share of neuron features in the dictionary and in active features for each open-
source transcoder we evaluate, averaged separately over early and late layers. Figure 18 shows the
per-layer breakdown for two representative transcoders.

Dict. Active
Model + transcoder early late early late

Gemma 3 1B L0-small 2.1 3.6 27 48 [1.8×]
Gemma 3 1B L0-big 4.9 6.7 46 52 [1.1×]
Gemma 3 4B L0-small 2.6 7.2 22 53 [2.4×]
Gemma 3 4B L0-big 6.7 11.2 41 59 [1.5×]
Gemma 3 12B small 2.5 10.7 12 43 [3.6×]
Gemma 3 27B small 3.9 17.7 22 55 [2.5×]
Qwen 1.7B 3.8 3.8 26 14 [0.5×]
Qwen 4B 5.5 7.1 39 51 [1.3×]
Qwen 8B 5.6 7.9 42 52 [1.2×]
Qwen 14B 6.5 9.4 46 55 [1.2×]
Llama 3.1 8B LXTC-8× 25.9 31.1 24 34 [1.4×]
Llama 3.2 1B mntss 8.4 7.2 10 25 [2.5×]
Gemma 2 2B mntss 23.9 21.7 43 35 [0.8×]

Table 8: Neuron features in 13 open-source transcoders, defined by encoder> 0.7 and decoder> 0.7
to the same neuron. Numbers are % of the dictionary (Dict.) and % of active features (Active),
averaged separately over layers in the first vs. second half of each model. Brackets in the rightmost
column give the ratio between the share in late and early layers. See Appendix C for transcoder
details.
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G.2 Coverage as a function of transcoder width

Table 9 reports the fraction of MLP neurons at Gemma 3 4B L22 matched by at least one feature in
a TopK transcoder (k=64), as the dictionary scales from 32k to 1M features. The match criterion
is | cos | ≥ τ between the feature’s decoder and the neuron’s effective decoder, with τ varied across
rows. Coverage saturates by 256k features for every threshold.

Threshold 32k 65k 128k 256k 1M

| cos | ≥ 0.5 86.0 91.7 94.1 96.4 96.7
| cos | ≥ 0.7 78.3 86.7 89.9 93.3 93.0
| cos | ≥ 0.9 55.9 71.5 78.1 86.0 84.6

Table 9: Percentage of Gemma 3 4B L22 MLP neurons matched by at least one TopK transcoder
feature across dictionary size (columns) and cosine threshold (rows).

G.3 Neuron vs feature firing rank

Figure 20 shows quantiles of the matched neuron’s activation rank conditional on the feature’s acti-
vation rank, quantifying how reliably the closest neuron is also strongly activating when the feature
is active.

H Panels of neuron and neuron feature co-activation

Figure 4 shows paired activations of a neuron and its neuron feature, a pair which happens to be
highly correlated. This appendix reports the same measurement for a larger population on Gemma 3
4B with Gemmascope L0-small (262k features): 43 pairs per layer at layers {5, 10, 15, 20, 25, 30, 33},
selected by decoder similarity ≥ 0.8 to the matched neuron, with encoder cosine similarity left free
and sampled uniformly across the distribution from 0.30 to 1.00.
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We run each feature on 20,320 tokens; 238 of 301 pairs activate > 50 times on this distribution. The
median AUC of neuron activations for predicting their features’ firing is 0.977, but 29.0% fall below
0.7. Overall, AUC is strongly bimodal, with values most commonly being either above 0.95 (very
good) or below 0.85 (low quality), and ρ is a more continuous metric of matching quality.

Layer n med. AUC enc bin n med. Gini

5 35 0.911 [0.30, 0.50) 29 0.224
10 37 0.555 [0.50, 0.70) 15 0.319
15 38 0.873 [0.70, 0.85) 35 0.956
20 31 0.998 [0.85, 1.00] 119 0.996
25 28 0.993
30 36 0.983
33 33 0.996

Table 10: Left: per-layer median AUC. Right: median Gini (rescaled AUC) by encoder cosine simi-
larity: only features we call neuron features have high median discriminability.

I Neuron features in MLP output SAEs

The body of the paper studies transcoders. To check that the neuron feature phenomenon is not
specific to transcoders, we train two MLP output SAEs with similar settings to transcoders studied in
the paper (TopK, k=64, 262,144 features, Gemma 3 4B layer 22) that differ only in the initialization
seed, and test if our claims about the prevalence and consistency of neuron features across seeds hold
up.
Given SAEs are trained to have an identity input-output mapping, we adjust the definition of neuron
features to compare the encoder and decoder of each feature only to decoders of a neuron. We find
that 4.39% of features have encoder and decoder | cos | > 0.5 to the same neuron, and that these
features account for 19.2% of the active tokens, the same pattern as in transcoders, where neuron
features make up a large fraction of activations.21

We define feature reoccurrence as in §3.5 (a feature in seed B with both encoder and decoder cosine
similarity above 0.7). In these SAEs, 4.81% of features reoccur at 0.7. We also confirm that neuron
features make up the bulk of stable features, as we found is the case in transcoders: P (reoccur |
NF) = 83.4% (while P (reoccur | not NF) = 1.20%), and P (NF | reoccur) = 76.1%.

J Neuron initialization sweep

Figure 24 shows the effects of neuron initialization on transcoders on different widths, sparsities and
training methods, with three seeds per run.

K Linebreaking

Gurnee et al. [2025] document a family of character count features in Claude 3.5 Haiku whose tuning
curves over character position tile a single line of text and read from a low-dimensional manifold that
the model uses to predict line breaks. We show similar tiling on Gemma 3 4B at layer 20 with the
Gemmascope L0-small transcoder, and check whether single neurons cover the same positions.

K.1 Setup

Adapting the methodology of Gurnee et al. [2025], we wrap passages of Pride and Prejudice [Austen,
1813] into fixed-width lines (widths 30–80 in 5-character steps; 14,455 samples). For each neuron
and each transcoder feature we record a tuning curve: the mean post-GeGLU top-k = 32 neuron
activation or the mean post-JumpReLU feature firing rate, indexed by the token’s character offset
c ∈ {0, . . . , 99}within its line. We retain curves with a peak inside [10, 70], peak prominence≥ 0.4,

21Median firing density is 14× higher for neuron features than for the rest of the dictionary, on 178k FineWeb tokens.
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Figure 21: Scatter plots of neuron feature pre-activation against neuron post-activation on a larger
sample of neurons (1–12 of 24) sampled evenly according to encoder cosine similarity. Green points
show tokens where the feature activates, purple ones are inactive. The log-scaled histogram is the
projection of the scatter plot onto the horizontal axis. Color-coded contexts are shown for 9 tokens
per figure: the highest-activating examples, and examples where a feature activates highly but not the
neuron and vice versa. 178k FineWeb tokens were used as data; the first 8 positions in a document
are dropped because they produced extreme negative activations. We display encoder and decoder
cosine similarities, the number of firing tokens, the AUC of the neuron for predicting feature firing,
as well as the Spearman ρ for predicting feature activation. The latter is computed only on active
samples because inactive tokens pollute the estimate.
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261.5/  0.64 …se (May 15, 2012) -  GM  to pull ads from Facebook⏎Inter…

165.7/  0.46 … the humor is top rate.⏎Ron Swanson FT W !⏎Best chart ever⏎Lol, awesome. Ye…

99.0/  0.09 …May 15, 2012) - Can Facebook  Ads  Ever Beat Google?⏎Tech Economy…

65.6/  0.58 … on its $10m Facebook ads⏎The Guardian  UK  (May 16, 2012) -…

58.4/  0.19 … a band and you ain’t got a Black Band  Tee  then you…

58.3/  0.26 …3) - 5 Mobile SEO Tips from the Google  AdWords  Team⏎eCommerce Times (Marc…
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L33 N4526⁻ F31001  (n_on=428)
enc=0.88 dec=0.92 AUC=0.988 ρ=-0.37

1094.2/ -4.44 … MRLs) for Bayer CropScience’s Movento  and  Ultor insecticides have been e…

548.1/ -2.47 …his induction into one of the few Hall  of  Fames one may enter while still…

433.5/ -3.38 …e pie⏎Home > Recipes > Pies > Borden's  Magic  Lemon Meringue Pie ... Combi…

347.9/ -2.25 …ngs Citrus, Lemons, Limes, Grapefruits ,  if it's got a (primary) citrus fl…

286.4/ -2.06 …his work features the complete Sonatas  and  Partitas for Unaccompanied Vio…

254.1/ -0.20 …rration with convenient edits that AiG  or  ICR would have killed for... bu…

236.5/ -3.17 …EMON MERINGUE PIE. Combine ingredients .  Form ... in 8 ...⏎BORDEN'S MAGIC…

231.7/ -1.77 … Chevrolet’s 20 and Kia’s 13. ⏎ Touring Car had the biggest shakeu…

231.7/ -2.81 … as third baseman of the 1996 Sun City  Solar  Sox was retired by the 20-ye…
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L5 N7722⁺ F9293  (n_on=145)
enc=0.83 dec=0.88 AUC=1.000 ρ=0.85

159.7/ 13.25 …of the particular city involved. While  stressing  that middle-of-the-road …

131.5/  9.38 …of positive thinking have increasingly  emphasized  this negative judgment:…

93.9/  6.25 …usic to the puzzles – combining to put  emphasis  on the setting and mood. …

54.4/  2.94 …ood quality for students while driving  down  costs.⏎"This show of solidari…

28.2/  2.89 …in Poland and Ukraine, UEFA repeatedly  expressed  concern about their prep…

15.2/  0.61 …ins unclear how these measures will be  enforced . The ministry's comments …

9.9/  1.10 …s the lack of "one great reason" makes  it  harder for reporters and fans t…

8.0/  1.39 …urope and the United States. This book  makes  an important contribution to…

7.7/  0.80 …irius’ filings in this proceeding, and  urged  prompt approval of the pendi…
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L5 N4562⁻ F9949  (n_on=146)
enc=0.82 dec=0.95 AUC=0.993 ρ=-0.82

239.9/-24.75 …voking.⏎However, the English pedant in  me  is reeling at your otherwise ex…

91.9/ -6.72 …nfinite Self. It is an opening of your  being ,…⏎- Joseph Campbell⏎The Awak…

77.2/ -5.50 …nnot speak. But we have a mouth within ,  that is, in the heart, whence wha…

49.3/ -3.67 …e have a mouth within, that is, in the  heart , whence whatsoever proceedet…

22.8/ -1.38 …my brain was quietly and unobtrusively  saying  to my ears to be alert for …

12.6/ -1.73 …at lead to being good at puzzle games,  Vessel ’s lack of hand holding migh…

9.6/ -1.55 …t no one knows about but you. You want  to  treat your accessories and tren…

8.7/ -1.51 …w type of diode, the beamlead Schottky  barrier  diode (Fig. 2), appeared t…

8.7/ -2.23 …getting ready for work. Feeling a part  of  the TV "family" they see on air…
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L15 N9719⁺ F14920  (n_on=713)
enc=0.80 dec=0.87 AUC=0.992 ρ=0.55

131.3/  1.47 … educational goals based on the intern ' s interests and abilities. FAIR in…

83.1/  0.92 …Official News Agency of China (May 17,  2012) - Facebook身未動價已漲…

68.9/  0.72 …r every man, woman and child in Alaska  -  compared to the national average…

55.1/  0.37 …ctors behind their failure.⏎There were  some  later alterations from the in…

45.0/  0.53 …replacement.⏎Let’s look at some of the  massive  ways in which we benefit f…

38.8/  0.45 …leveland, a major economic development  initiative  for the region,” said B…

34.9/  0.55 …y's first African-American nominee for  President .⏎Joe Shea contributed to…

34.3/  0.61 …reakdown of our political system. It's  time  for an intervention, to take …

34.3/  0.50 …disappear to in Virginia?⏎, Wednesday,  November  30th, 2005 7:…
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L33 N2866⁺ F19842  (n_on=267)
enc=0.77 dec=0.88 AUC=0.995 ρ=0.38

690.5/  6.00 …cern in the county,`` North Lauderdale  City  Manager Eric Soroka said. ``W…

517.2/  3.34 …in discussed conditions and objections  to  the merger, possible modificati…

426.6/  3.50 … was read. For the Jews reproached the  Lord , because His disciples ate wi…

349.6/  1.62 …users browsing this thread.⏎(0 members  and  1 guests)February 21, 201…

275.8/  2.83 …Rails has also been made easy on Abyss  Web  Server: clear instructions and…

247.2/  1.88 …he change in legal representation, the  Company  will be filing its 2012 an…

222.2/  2.08 …, 4284-A99⏎Dolby Home  Theater  v4 (ThinkMix V2)!⏎11-1…

217.5/  1.29 …stic security boxes.⏎The dad-of-three,  from  Greenhill, said: “I just thin…

217.2/  2.25 …the next president of Global Cleveland . ⏎“We are excited that Joy Roller w…
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L10 N921⁺ F15110  (n_on=275)
enc=0.73 dec=0.89 AUC=0.999 ρ=0.69

139.1/  1.72 … commissioner Adelstein stated that he  had  not heard from Sirius / Xm reg…

99.3/  1.62 … eyewitnesses have come forward to say  they  saw the wreck.⏎“There are con…

86.2/  0.82 …agan.⏎Gahagan said at the time that he  was  stunned by the results, especi…

64.2/  1.29 …contributor Layne Underwood shared her  most  recent photos of her horse su…

43.5/  0.73 …around the home on the argument that ‘ I  am a man, I don't do that kind of…

32.8/  0.57 …r, said Friday afternoon that she also  was  disappointed with the results.…

26.6/  0.52 …id that horrid Friday what they pledge  to  do every day -- take care of th…

25.0/  0.44 …w to the ground and responded, "Yes, I  am  even willing to become a slave …

25.0/  0.55 … announced. "To tell you the truth, I' ve  never thought about managing, no…
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L25 N8785⁻ F7241  (n_on=1433)
enc=0.47 dec=0.93 AUC=0.735 ρ=-0.24

1079.7/ -1.95 …t back to sample an actual dinner here  some  time soon.⏎Located in the Fou…

632.3/ -1.30 … I did. The potato nests can be made a  day  ahead and crisped up in the ov…

480.1/  0.10 …l in itself. A Pizza Rustica does take  some  time to put together, but tru…

357.5/ -0.43 …is ex meddling in our affairs a couple  of  times such as checking up on me…

242.5/ -0.79 …ar. You're going to hurt someone. Hand  over  the keys.⏎We have a political…

166.3/ -0.34 …photo below).⏎A rough guide to telling  them  apart is that a willow warble…

124.7/ -0.33 …ies ,cakes even main dishes it doesn't  have ⏎skillet dishes, wok dishes, s…

114.0/ -0.25 …er spent there. With such high prices,  nothing  has succeeded in impressin…

114.0/ -0.45 …s accident has already brought out the  best  in other people. There is sim…
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L30 N5458⁺ F2850  (n_on=699)
enc=0.41 dec=0.83 AUC=0.829 ρ=0.45

2462.2/  2.81 … Those On Facebook⏎Aer Icon (June 5, 2 0 12) - The 5 Core Principles of Rev…

1592.0/  1.69 …lion Students⏎LOS ANGELES, March 20, 2 0 13 /PRNewswire/ -- In a show of so…

1066.8/ -1.67 …ed a record harvest for the state in 2 0 06 — 104,000 and counting…

729.1/ -1.52 … to take care of your teeth.09-01-2 0 12, 12:04 PM⏎Join Date…

479.4/ -3.39 …ns?⏎Search Engine Journal (March 16, 2 0 13) - Grading Google’s Top 20 Mobi…

308.3/  0.87 … - Canadian Broadcasting Corporation ( May  18, 2012) - Facebook closes…

178.5/ -2.83 … Find the latest trends at Analytics 2 0 11. The agenda is now available.⏎A…

131.4/ -3.41 … Google Offers More⏎MSN (May 18, 2 0 12) - Facebook goes public at $42⏎…

130.9/ -2.17 …ters should refer to page 14 of the "2 0 06-07 Oklahoma Hunting Guide."⏎To …
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L30 N5458⁺ F1098  (n_on=1164)
enc=0.37 dec=0.98 AUC=0.835 ρ=0.31

2986.5/  2.64 …stic security boxes.⏎The dad-of-three,  from  Greenhill, said: “I just thin…

2117.0/  2.88 …-Runner, Dalton Cole Warren Grant, 18,  of  Rome, was not injured.⏎Sgt. Sco…

1652.5/  3.20 …ne||23 June||Donetsk||Kiev and Donetsk || Donetsk|⏎|Germany||3 June||28 Jun…

1094.7/  1.89 … UEFA Executive Committee at a meeting  in  Cardiff.⏎Poland–Ukraine became …

603.0/  0.90 …uided snowmobile and snow coach travel  to  Yellowstone locations will be c…

319.0/  2.23 …n Harrison is in the business district . ⏎Quality Inn Harrison has an outdo…

145.9/  0.77 …cing and flagship property Cinco Minas  ,  along with the Gran Cabrera, Los…

111.4/ -0.79 … Mart, Greater Noida Expressway, Delhi ,  India.⏎The conference is being or…

109.5/  3.16 …wo NCAA Division III schools this year  – North Central at the Illinois Int…
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L33 N1899⁻ F4979  (n_on=1041)
enc=0.34 dec=0.93 AUC=0.776 ρ=-0.33

6585.9/ -0.11 …New Zealand’s first Master of Wine and  2012 marks his 31st consecutive vi…

5641.1/ -0.41 …regular disk with /home on iscsi using  1-way CHAP⏎- Test install to a reg…

4933.7/ -0.37 …3⏎- UNFPA Focuses on Contraception for  222 Million in Developing World Tu…

4147.7/  0.03 …season we shall reap if we faint not.”  5502 Speaking therefore of almsgiv…

2733.0/ -0.27 …i-viral and bacterial properties. take  4 table spoons a day 2 in the morn…

1537.8/ -0.38 …driver with a blood alcohol content of  0.01 or above. In 2010…

410.2/  0.04 …uths.⏎iPhone contract charges unveiled  ⏎AT&T and Apple have announced wha…

118.3/ -0.02 … in the 1300 block of South State Road  7.⏎-- Declared some city property,…

116.7/ -0.07 …nged to win at the undulating 11-turn,  2.358-mile circuit for the third t…
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L10 N5533⁺ F6825  (n_on=2369)
enc=0.31 dec=0.97 AUC=0.532 ρ=0.03

404.2/  0.00 … Johnny Paycheck when he tells his gru ff , bushy-browed car wash boss to t…

222.7/  0.04 … has attempted to reduce the impact of  soaring  gasoline prices, shipping …

154.8/ -0.03 …ce of Arts in Kiev, Ukraine. The hour- long  ceremony was hosted by Olga Fr…

97.2/ -0.02 …ope climbing experience in this action  packed  day. Our friendly, professi…

56.5/  0.01 …mpetitors who force eBay to adopt some  overdue  new features (e.g. auction…

35.7/ -0.00 …ictory in Super Bowl XLVII with a rauc ous  celebration on Tuesday.⏎An over…

22.4/ -0.00 …while, is struggling to get the ship's  spatial  torpedo systems fully func…

19.2/ -0.06 …he necessary changes to make sure this  under achieving season was simply a…

19.2/  0.01 …mplementation of Amendment 11, a newly  passed  provision to the state Cons…
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Figure 22: Pairs 13–24 of Figure 21.
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Figure 23: Encoder vs decoder cosine similarity to the closest neuron for Gemma 3 4B L22 TopK
transcoders, trained with random initialization, neuron initialization, SNRL (§T.3) and NFT (§T.2).
Neuron initialization increases the encoder alignment of the dictionary, but most (69%) features
(including in activations) are still non-neuron.22 SNRL and NFT shift more activating features to
be neuron features (> 60%). In all 3 interventions, decoder alignment varies more than encoder
alignment, suggesting that the encoder is less strictly determined and easier to manipulate.

and full-width-at-half-maximum in [8, 35]. For each Gemmascope feature f we identify its encoder-
aligned neuron n by searching for the highest ec(n, f) = 1

2

(
cos(W enc

n ,W enc
f ) + cos(W dec

n ,W dec
f )

)
over both gate+up and gate−up neuron directions (Section 2.1), and report the tuning curve corre-
lation tc(n, f), the Spearman correlation between the feature’s firing rate and the matched neuron’s
tuning curve on the relevant sign.

K.2 Linebreaking manifolds emerge late in Gemma 3 4B

Figure 25 shows the projection of each layer’s average residual stream at each position onto its top-3
principal components. At early layers, the curve looks like a line that is compressed at the end; the
positions are not meaningfully distinct. At L18 and L22, the positions form a smooth spiral, similar
to the linebreaking manifold from Gurnee et al. [2025], but much later in the model. By L26 the
curve acquires additional grooves, perhaps representing higher Fourier components. Based on this
evidence, we believe that layers 18–26, including L20, which is most common in our analysis, are
the most valid target for searching for character-count features. While the subspace is more strongly
causal in early layers (layers 0–5), these layers have 1) the clear spiral representation 2) neurons with
peaked tuning curves 3) neurons ablating which still slightly reduces newline prediction accuracy.

K.3 Peaked features and matching

Most peaked features at layer 20 are neuron features. Figure 26 shows the eight cleanest peaked
features at layer 20. Seven of the eight can be matched with a neuron whose tuning curve peaks at the
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Figure 24: Comparison of neuron initialization against the TopK baseline at L22, sweeps over width
M and sparsity setting. Row 1: fraction of dead features on 2M evaluation tokens. Row 2: fraction
of neuron features in the dictionary, ones with both encoder and decoder cosine > 0.7 to a single
MLP neuron. Row 3: fraction of neuron features weighted by activation frequency. Row 4: Jaccard
between the set of neuron features and the set of seed-stable features, the ones whose max cosine to
a feature in a sibling-seed transcoder exceeds 0.7 on the average of encoder and decoder. Columns:
Gemma 3 4B and Qwen 3 4B trained with TopK in our main codebase; Gemma 3 4B trained with
JumpReLU and TopK in an alternative codebase. Solid = baseline, dashed = neuron init; error bars
are standard error across seeds. Neuron initialization raises the proportion of neuron features at every
(M,k) across all settings; it also significantly reduces dead features in sparse transcoders (< 64). The
Jaccard row shows that seed-stable and neuron-feature sets diverge with width.

same position and has similar bandwidth. Correlations of the tuning curve tc ∈ [0.44, 0.98] for such
features. The single feature in the panel without a matched neuron is F52303 (gray); its tuning curve
is not sharply peaked and 462 different neurons reach tuning correlation > 0.7 with it, with none
being encoder-aligned. Features without a matched neuron could be in superposition or artifacts of
the training procedure (§3.5).

Neuron-aligned character count features concentrate in L18–L26. Across all 34 layers, 142
Gemmascope L0-small features pass the tuning curve peakedness filter, but the filter is overly loose,
counting any feature with a single peaked bump, regardless of whether the peak is sharp, as seen
in Figure 8. Of the 142, 27 (19%) are neuron features, passing the encoder-cosine threshold of 0.6.
Figure 27 shows neuron-aligned peaked features start appearing at L18, which is when the character
count manifold becomes defined in the residual stream.

K.4 Feature splitting of neuron features on manifolds

Even though splitting of neuron features is rare in Gemmascopes (Figure 19), the dictionary can
learn multiple neuron features for a single neuron (and sign). Figure 28 shows two cases. Left:
N4858 at L20 is aligned with three Gemmascope features: F8616 on the negative side (ec=+0.82,
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Figure 25: Per-character-position mean post-GeGLU top-k neuron activation on Gemma 3 4B, pro-
jected onto the first 3 principal components at six layers. Points colored by character position (purple
= early, yellow = late). Titles report the fraction of variance explained by top 6 PCs at each layer. The
character count manifold emerges as a smooth low-dimensional curve at L18–L22 and dissipates by
L26, in contrast to the findings of Gurnee et al. [2025].

Figure 26: Eight cleanest peaked Gemmascope L0-small features at Gemma 3 4B layer 20 (solid lines,
normalised firing rate vs. character count c), each colored by its encoder-aligned neuron. Dashed lines
of matching color: that neuron’s positive or negative tuning curve, whichever the encoder pairs with.
Legends report the matched neuron and tuning-curve correlation tc. F52303 (gray) has no encoder-
aligned neuron at this layer and is in superposition.

tc=+0.94) and F17286 on the positive side (ec=+0.81, tc=+0.89), and F107937 which tracks the
positive tuning curve (tc=+0.64) but isn’t encoder-aligned (ec=+0.39). Right: N8952+ at L21
shows feature splitting: F75910 (ec=+0.70) and F12966 (ec=+0.68) both have encoders aligned to
gate+up and match its tuning curve with some offset.
These observations may explain the appearance of clusters in locations of peaked features in Claude
3.5 Haiku (Gurnee et al., 2025, called “ringing”). Still, this pair of features may more cleanly be
described as living in a manifold and aligning with a neuron which is also on that manifold; it is
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Figure 27: Per-layer count of peaked Gemmascope features at Gemma 3 4B, colored by encoder
cosine similarity to their best-matched neuron.

possible that this applies more generally and transcoder features which are not consistent across runs
tile some underlying manifold. We leave investigation of this to future work.

Figure 28: Tuning curves of two neurons and their matched transcoder features. N 4858+ has two
features which match the tuning curve, but the second one is moderately but non-trivially aligned;
F107937 is not a neuron feature, but is somewhat aligned with a neuron. N 8052+ has two equally
strongly aligned transcoder features which appear as offset to the original neuron.

L Circuits

L.1 Percentage of neuron features in attribution graphs

Methodology. For each model and transcoder we generate up to 200 attribution graphs over
prompts sampled from Pile-10k, filtered for length (8–20 tokens), no repetition, uncertainty (loss
> 0.2), with the model still making the correct top-1 next token prediction, and the target being fil-
tered for density < 10−4. Attribution graphs are computed with circuit-tracer [Hanna et al.,
2025] on the per-layer transcoder and sparsified MLP, capped at 100,000 active feature nodes per
graph. For every feature node we annotate whether it meets the neuron-feature criterion (encoder
and decoder cosine > 0.6 to the same neuron; §3.1). Error, embedding, and logit nodes are excluded
from this count. Per feature, we use Lindsey et al. [2025b]’s influence. Additionally, we use the
median replacement score (RS, Ameisen et al., 2025) to compare the completeness of circuits.
We split each model into three groups each containing roughly a third (early, mid, late) and report the
percentage of neuron features at three pruning strengths: keeping the top-L0 most-influential features
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per token for L0 ∈ {10, 25, 100}. Error bars and table ± intervals are bootstrap standard errors over
B=200 resamples of 200 circuits per transcoder (90 for Gemma 3 27B and Qwen 3 14B).

Neuron features are common in late layers and consistent through pruning Table 11 reports
the percentage of neuron features by layer group and L0 across nine transcoders . In late layers, the
fraction is roughly flat across the three pruning strengths, e.g. 56–61% for Gemma 3 4B and 62–75%
for Gemma 3 12B from L0 =10 to L0 =100. The late-layer percentage reaches ≥ 40% for every
transcoder we tested except Llama 3.2 1B (∼ 38%). In contrast, the early-layer percentage is much
lower (≤ 33% for all transcoders) and decreases with tighter pruning. The percentage in middle
layers lies between the two for the Gemma and Llama transcoders, but in the larger Qwen mwhanna
transcoders it is comparable to or higher than the late-layer percentage (Qwen 3 14B at L0 =25 has
middle 63% vs late 53%). It is unclear whether this is due to specifics of the models or the training
procedure.
Overall, across all models, the percentage of neuron features in early layers is low. This is in ac-
cord with the observations in [Gurnee et al., 2023] that early layers perform more computation in
superposition.

Neuron features are most common on the target token and close to it. When observing circuits
with neuron features highlighted by color, in tokens other than the target token, middle and late layers
appear to have many more neuron features. We quantify this in Figure 29, grouping the tokens in
the prompt by position relative to the target token: target (t), t−1 to t−2, t−3 to t−7, and earlier.
For most Gemma transcoders, the late-layer percentage peaks just before the target (t−1 to t−2)
and falls off at earlier positions. Qwen mwhanna and Llama 3.2 1B mntss show flatter or weakly
rising curves. The early-layer percentage is uniformly low across positions for all transcoders. This
is consistent with our observations and shows that the interplay of neuron and non-neuron features
is most significant on the late layers of the target token.

L0 =100 L0 =25 L0 =10

Model + transcoder RS early mid late early mid late early mid late

Gemma 3 1B small 0.62 23±0 37±1 46±1 16±0 33±1 45±1 13±0 25±1 51±1
Gemma 3 4B small 0.56 25±0 39±0 60±1 15±0 29±1 56±1 13±0 24±1 60±1
Gemma 3 12B small 0.50 19±0 36±1 62±1 16±0 37±1 66±1 13±0 37±1 75±2
Gemma 3 27B small 0.49 22±0 41±1 70±1 15±0 30±1 72±2 11±0 26±2 77±3
Gemma 2 2B mntss 0.66 17±0 44±1 49±1 11±0 34±1 45±1 10±0 27±1 43±1
Llama 3.2 1B mntss 0.66 10±0 12±0 39±1 11±0 16±1 38±1 13±0 20±1 38±1
Qwen 3 1.7B openmoss 0.60 33±0 29±1 44±1 25±0 19±1 49±1 26±1 15±1 50±1
Qwen 3 8B mwhanna 0.49 32±0 60±1 53±1 27±0 54±1 46±1 21±0 53±2 41±1
Qwen 3 14B mwhanna 0.40 29±0 64±1 59±1 22±0 63±2 53±1 14±1 61±3 47±1

Table 11: Percentage of neuron features in attribution graphs across nine open-source transcoders,
by layer group and pruning strength. RS: median replacement score over circuits; lower for only the
larger Qwen 3 transcoders. early/mid/late: percentage of neuron features in each of the three groups
of layers.

M Case study: arithmetic in Llama 3.1 8B layer 18

Feucht et al. [2026] localize base-10 addition in Llama-3.1-8B (base) to 28 neurons of the MLP
at layer 18: the neurons write into a 16-dimensional DAS output subspace, organize into Fourier
periods T ∈ {2, 5, 10, 20, 50, 100}, and zeroing them drops addition accuracy from 94.6% to 23.6%.
This setting is interesting because it shows a very clean mechanism concentrated in a small set of
neurons and a small subspace; studying it could make for a clean case study of what transcoders would
translate from a neuron circuit that is already understood well, and, like Section K, may introduce
superposition or tiling due to the neurons’ weights being located on a manifold.

Setup. We start with the setup from the paper and consider the same set of 28 neurons. To sys-
tematically study the representations of transcoders, we study several dictionaries at layer 18 of the
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Figure 29: Percentage of neuron features by position relative to the target token, split by layer group,
at L0 =25. Error bars from bootstrapping with 200 samples. The late-layer percentage is highest
near the target token and falls off at earlier positions for the Gemma transcoders. The mwhanna and
openmoss Qwen transcoders show flatter curves. The early-layer percentage is uniformly low across
positions. Cells with fewer than 10 nodes are dropped.

model: our TopK transcoder (k=64, 262,144 latents) and the two LlamaScope transcoders [He et al.,
2024] (JumpReLU, 32,768 and 131,072 latents).
We select features in these transcoders the same way neurons are selected in the original paper:
ω(d) = ∥R⊤d∥/∥d∥ against their DAS output subspace R, at their threshold τ = 0.4. This method
selects 50 / 48 / 87 features (0.019%/0.147%/0.066%) in the three dictionaries (Figure 30), and they
activate on the same Fourier periods.

The relevant features are mostly neuron features. We tested if these features are neuron features
using our existing definition; indeed, in the transcoders we tested, the cosine similarity of decoders
to neurons averages to around 0.8, and even the weakest-aligned features which write to the DAS
subspace have a similarity of around 0.5. Surprisingly, we find that there are two groups of features
in the LlamaScope: a group we call high of 63 features with a decoder cosine similarity of > 0.7 and
mid-aligned features, a set of 24 features with low encoder similarity.
We additionally test if the neurons correlate with features on an arbitrary data sample; indeed, “high”
features have a median AUC 0.922, but “mid” features only have 0.685; the former is comparable to
typical values for neuron features.

Grid activation patterns. Figure 32 shows last-token activations over the full (a, b) ∈ [1, 99]2

operand grid. High features’ grid patterns correlate strongly with their assigned neurons, with a ρ of
0.78 on average.
Among mid features in LlamaScope, only 10 out of 24 even activate on the addition prompts, and,
while they have some periodic structure, they do not match strongly to any of the neurons, even if we
select by correlation of grid patterns and not encoder or decoder similarity. However, their activation
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Figure 31: Feature to neuron matching. (a) Nearest | cos | to the 28 neuron decoders per dictio-
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of mid-aligned features exists in the Llamascope, perhaps because of the specific threshold used and
underdevelopment of genuine neuron features. (b) Distribution of the AUC of neuron activation pre-
dicting feature firing on FineWeb, per group; only features firing on some but not all corpus positions
are included (62/63 high and 18/24 mid features).

patterns can be predicted using ridge regression on the neurons’ activations (Figure 32), as long as
all neurons are included.

Causal effects of ablating addition features. We subtract each selected feature’s own contribution
to the MLP output, scaled by a steering strength α: α=1 removes the contribution, and α=2 flips
its sign. Similarly to zeroing out all addition neurons, which drops accuracy from 94.3% to 23.6%,
ablating all 87 addition features lowers it to 30.6% (Figure 33). The set of high features on its own
drops accuracy to 43.7%, so it is causally necessary; on the contrary, the mid features fail to have
any noticeable effect at realistic steering strengths (α ∈ [1, 4]), which points to them being artifacts
of incomplete transcoder training.
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N Distress circuit setup

This appendix details the process for discovering the distress features (Gemma 3 27B-it) shown as
cards in Appendix O and described in §2.4.

Distress elicitation and steering vector. We follow Soligo et al. [2026]’s setup of repeated user
rejection on impossible numeric puzzles: Gemma 3 27B-it answers four impossible puzzles (Count-
down, a number puzzle, fraction arithmetic, and a Python authority-conflict trace) over three turns,
with the user replying “No - that’s wrong. There is a right answer here.”23 after each of the model’s
first two attempts. On 80 such conversations (4 prompts × 20 samples), when scoring with Claude
Haiku 4.5 using Soligo et al.’s frustration prompt, the final response is rated ≥ 5/10 on 62.5% of
conversations, compared to 10% on the first turn. We extract a distress steering vector at layer 30 fol-
lowing Panickssery et al. [2024] by subtracting from the mean residual stream activation at the final
response token of the 82 turns with score≥ 5 the same quantity computed on the 80 turn-1 responses.
We thusly condense the 3-turn elicitation into a single-turn steered prompt, with the steering vector
applied at every position of a short question so attribution can be computed in one forward pass, in
a way similar to Macar et al. [2026].

Distress base neuron set. We trace a neuron attribution graph on the steered prompt with targets
at four positions where the steered model’s greedy prediction is very unlikely according to the base
model. We create a pool of candidate neurons by taking the union of MLP neurons in layers L30–L45
with a direct edge from the steering-vector input node, yielding ∼ 100 candidates per position.

Haiku autointerp filter. For each candidate neuron we pull the top-activating contexts from its
maximum activations database and the top-5 promoted and suppressed logits from W

(n)
downW

⊤
U , then

23Prompt found in the paper’s codebase.
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Figure 33: Addition accuracy against negative steering strength for addition neurons and features.

ask a Claude Haiku 4.5 judge: “Would this neuron’s behavior change under emotional perturbation?”.
The filter retains 41 distress neurons.

Steering experiment. As a proof of concept, we apply a weight patch Wdown[:, n] ← −4Wdown[:
, n] on each retained neuron and re-run the distress evaluation. After this steering procedure, distress
drops from 5.1 to 3.9 on a 0–10 scale, with the fraction of conversations rated ≥ 5 falling from 66%
to 31%. TruthfulQA and MMLU are unchanged to three decimal places, so the effect is specific to
the targeted behavior rather than a generic dilution of trained propensities.

O Example distress feature dashboards

Gemma 3 27B-it L31 / N4571
“apology (sorry, apologies, apology)”

-3.84 …care about Sami, really , but hoping that we…
-2.59 …member to view this page .|↵If you are already…
-2.41 …of the game’s flow. Sorry , I’m way under my…
-2.31 …the department. ”It’s a good news/bad news…

Promoted: “sorry”, “sorry”, “Sorry”, “Sorry”, “apologies”
Suppressed: “即将”, “ADF”, “Wise”, “PF”, “bearings”

Gemma 3 27B-it L31 / N6957
“emotional markers (*sigh*, me/we)”
2.11 …have going on. I will say that I have caught…
2.05 …Global Cleveland↵9: 0 0 am, November 1
1.61 …xtgreaterYou have to admit , trends are…
1.45 …Wednesday, December 12, 2012 at 09:29

Promoted: “Credit”, “credit”, “Credit”, “credit”, “েক্রিডট”
Suppressed: “izd”, “tampa”, “Ди”, “informs”, “emphasises”
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Gemma 3 27B-it L33 / N20371
“guilt / regret”

5.34 …hacks.↵”I’m mad at myself . We don’t need to…
4.84 …our expectations were wrong . Now that we are…
4.41 …to write another post . The end of February…
4.31 …private emails, ”Im sorry , I shouldnt have…

Promoted: “guilt”, “mistake”, “गलती”, “guilty”, “mistakes”
Suppressed: “doğal”, “dém”, ,”طبیعی“ “자연”, ”مدار“

Gemma 3 27B-it L41 / N7312
“apology (apologize, apologies)”

23.00 …tgreaterSo first, my apologies for taking a month…
17.12 …There was also an apology on the official…
13.06 …features. Never apologize for being the way…
12.75 …itself useful as an apology for the crueler…

Promoted: “apologize”, “apology”, “apologies”, “apologizing”, “apologized”
Suppressed: “érm”, “ധ്യമ”, “Pension”, “उद”, “สัน”

P Mixture-of-experts: observations and future work

We ran a preliminary investigation of how a single attribution graph is distributed across MoE experts
on two routed-MoE base models (Qwen3-Coder-Next-Base [Qwen Team, 2026b], top-10 of 512
experts; Qwen3.5-A3B-Base [Qwen Team, 2026a], top-8 of 256), comparing against neuron and
transcoder circuits on the same prompt for Gemma 3 4B. We make two preliminary observations:
first, MoE features are concentrated (distributed unevenly across experts), and second, while (largely
polysemantic) neurons from the shared expert play an important role, in many layers, there exists
a single “dominant” expert for each layer, the neurons for which are similar in theme judging from
maximum activations. While we emphasize that these observations are made on the basis of manual
inspection of a handful of attribution graphs, they suggest that mixture-of-experts models may show
polysemanticity within any given expert, representing features used in computation as combinations
of few neurons from a single expert.
We quantify this observation on another model, Gemma 4 26B-A4B, which has 30 layers, each con-
taining a shared expert and 128 routed experts, of which the top 8 are picked by the router on each
token. We build RelP neuron attribution graphs [Arora et al., 2026] for 23 short prompts spanning
code, non-English text, factual recall, sequence continuation and arithmetic, and sum each node’s
influence per (layer, expert). Within a layer, the Gini index of per-expert influence averages 0.92;
assigning each node’s influence evenly across the eight active experts gives 0.62, showing that in-
fluence is distributed unevenly between experts (Figure 34). Even when filtering for layers with at
least 20 routed nodes in every graph, the numbers are 0.88 against 0.55. So, one or two experts
carry most of a layer’s routed influence; this is made clear by the rightmost panel in Figure 34: in
the routed experts, over a half of the influence is concentrated in the top two experts, with the top
expert always taking up a majority of the influence. This observation, however, is undercut by the
fact that the routed experts do not receive much influence compared to the shared expert: in most
layers, they struggle to achieve above 50% of the influence. This may correspond to a problem with
the formulation of attribution graphs, or mean that the routed experts are simply not as important on
some layers.

Q Neuron features in a mixture-of-experts transcoder

We make the observation that the number of neurons in routed experts in mixture-of-experts layers
is comparable to the number of features in contemporary transcoders. For example, Qwen3.5-35B-
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Figure 35: Encoder and decoder cosine similarity to the closest MoE neuron for every feature of the
layer 26 MoE transcoders, in the format of Figure 3. Quadrant labels give the share of the dictionary
and, in brackets, the share of total firing. Color is firing frequency. Neuron initialization leads
to some features retaining high encoder similarity from the init but never becoming closer to the
corresponding neuron’s decoder.

A3B-Base [Qwen Team, 2026a] has 131,584 neurons24, while a typical transcoder for a model of that
size would have 262,144 features. We therefore may expect that, if the transcoder learns perfectly,
all neurons will get exactly two neuron features and there will not be much point to training the
transcoder.
To test this hypothesis, we train TopK (k=32) transcoders at layer 26 of this model, with both the
standard random initialization and neuron initialization (Section 3.6). We then check the number of
neuron features above the threshold of 0.7; 15.8% of features in the baseline and 30.7% in neuron
initialization are neuron features, which is on the high end of the range for dense transcoders from
Table 8; see Figure 35 for a visualization of features’ similarities to neurons.

24256 routed experts of 512 neurons each, plus a 512-neuron shared expert.
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Notably, neither of these setups uses the full capacity of the transcoder to learn neuron features like in
the aforementioned ideal case; only 25.6% of the neurons are represented in the baseline, and 44.0%
under neuron initialization, meaning the transcoder student struggles to capture all of the teacher’s
features.25

We tested some hypotheses for which neurons are picked to be represented. The baseline training
setup prefers more strongly firing features: firing density of the neuron feature has an AUC of 0.79 at
predicting presence in the final dictionary. However, for neuron initialization, the AUC is only 0.63,
perhaps due to the initialization making high frequency unnecessary for features to be preserved.
Overall, this setup is similar to typical student-teacher distillation, and we do not expect transcoders
to offer any meaningful advantages over gated MLP students in setups where they do not have an
overwhelmingly higher number of features.

R Student-teacher toy models

Some transcoders have a similar width to the number of neurons in the original MLP; this can easily
be the case for MoEs, and is sometimes the case for smaller dense model transcoders. Given our
findings on neuron features being more likely to be faithful and interpretable, this puts into doubt the
utility of training such transcoders; after all, they may just be learning to imperfectly replicate the
existing feature basis and locally optimize reconstruction without learning any new features.
To study such transcoders in a more principled way, we switch to a toy model where a gated MLP
layer is distilled into another layer with identical architecture and the same, or smaller, width. We
would then search for “neuron features” the same way and try to udnerstand what was learned by the
student.
Additionally, we can use this toy model to study how a hypothetical overcomplete sparse model that
the real dense model is a compressed version of [Olah et al., 2025] would get distilled into a smaller
model, and which features would get prioritized.

R.1 Setup

The teacher is the L17 MLP of Gemma 3 4B (GeGLU, dmodel=2560, 10,240 neurons), frozen. The
students are GeGLU MLPs of width N ∈ {1280, 2560, 5120, 10240}, trained on MSE loss against
the real MLP’s outputs on inputs from FineWeb-Edu for 80k steps at 4096 tokens per step. With the
widest student, we find that 72.6% of neurons in the MLP become “neuron features” by our criterion
with threshold 0.7, and 52.2% with threshold 0.9 (Figure 36). We see that this MSE-based student-
teacher task is challenging even for gated MLPs with the same architecture, which partly explains
transcoders’ failure at learning all neuron features.
We refer throughout to a teacher neuron’s activation energy, the mean square of its post-activation
gelu(Wgatex)⊙ (Wupx) over held-out tokens. It spans four orders of magnitude across the layer and
is the strongest predictor we have found of what neurons are represented by a student.

R.2 Scaling of neuron features

In Figure 36b, we show the effects of distilling into a smaller MLP. The number of neuron features
scales as 72.6% → 28.2% → 6.3% → 0.9% with successive halvings of the width; it degrades
linearly at first and then collapses around N = 2560. (Figure 36bc).
On the other hand, reconstruction keeps scaling linearly, going down by approximately an order of
magnitude, from fraction of variance unexplained 0.023 to 0.152. This finding may mean that the
student MLP is starting to use superposition to reconstruct activations of neurons approximately
without actually representing them.
Activation energy is a strong predictor of whether a teacher neuron is represented by the student, at
AUC 0.73, 0.83, 0.90 and 0.94 for N = 10240, 5120, 2560, 1280 (Figure 37). This is in accord with
past work on superposition [Elhage et al., 2022], which makes the prediction that the most frequent
features are the ones that are represented by the student.

25This is to be expected given the experiments of Section R, which show even dense students at matched widths do not
learn all neurons of the original MLP.
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Figure 36: (a) Encoder against decoder | cos | between each teacher neuron and its best partner in the
same-width student, coloured by the teacher neuron’s activation energy. Many neurons have perfectly
aligned decoders, but encoders are aligned less well. (b) Fraction of teacher neurons matched at each
threshold, per student width. (c) Neuron alignment in the N=2560 student. The strongest-aligned
student neurons are no longer perfectly aligned, and fewer are present.
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Figure 37: Activation energy of teacher neurons represented in the student and the rest.

R.3 Output axes

In order to investigate the hypothesis that the student uses superposition to perform the neuron’s
function without duplicating it in weights, we need a definition of superposition and a neuron’s com-
putation being represented. Given our findings on gated neuron (Section 2), which paint the picture
that neurons activate sparsely and the top K activating neurons represent much of the relevant infor-
mation for a token, we define a neuron as represented when the distribution of activation strength
when a neuron is or is not in the top K are preserved.
Concretely, we compute the separation along a neuron’s output direction on tokens where the neuron
is in the top 32 and the rest: we compute the means of both groups, compute the difference, and divide
it by the standard deviation. We run this metric on neurons in both the student and the teacher for
reference. We consider a neuron represented if 70% of its separation is preserved.
Figure 38) shows that the student with N = 2560 represents many more neurons than what the
weights-based analysis would suggest, with 7% of neurons being represented without having a match
in weights compared to 9% that do. We additionally verify that these teacher neurons’ activations
can be predicted from the student neurons. At N=2560, teacher neurons with a matched student
neuron reach median R2 0.858, and neurons with high separation but no matching student neuron
(| cos | < 0.2) reach 0.622. Neurons in neither of these groups, sampled controlling for energy, score
0.527, so overall the metric is not a strong way of discriminating represented neurons. In Figure 39),
we show that separation is a strict metric and is stricter thanR2 in theN = 10240 student, motivating
our choice to use it for downstream analysis.
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Figure 38: Neuron similarity against separation for neurons in a wide and narrow student. Even with
the lenient neuron feature threshold in this setup, in the narrow student, about as many neurons are
represented in superposition as there are duplicated neurons.
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Figure 39: Share of top-32 separation ins tudent neurons against how well the teacher neuron’s acti-
vation is recovered by regression on the student’s neurons. Separation nearly implies recoverability,
but not vice versa.

R.4 Case study: superposition in neuron 4300

We study how neuron 4300 from the teacher is represented by the student. It fires on the token ‘(’
in parenthetical asides, and its decoder promotes variants of the token ‘(’ through the logit lens. No
student neuron matches it with the strongest weigh alignment being 0.256. However, the student
has a neuron that detects the same feature: student 1224 fires on ‘(’ before citations, at activation
correlation 0.39 and decoder alignment 0.075. However, that neuron writes in a different direction,
and its contribution along the teacher’s direction has the wrong sign: −6.2 against +1.8 for the
whole student. We can specifically study which neurons contribute to the separation, because it is
linear in contributions from specific neurons. When we rank neurons by their contributions, we find
punctuation neurons in the top spots: an em-dash neuron (2188), a comma/newline neuron (1793)
and a digit neuron (2010). The em-dash neuron alone is sufficient to create the separation (+3.1
on its own), and 87% of the 100 tokens it fires hardest on are tokens where teacher 4300 is in the
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Figure 40: Teacher neuron 4300 and 4 student neurons which contribute most to its separation in the
student. The bottom row is student 2188 with other teacher neurons it contributes most to, showing
that it pushes several neurons up. Orange: neuron 4300 is in the top 32, grey: it is not. Above
each panel is the joint density of the student activation for the two groups on a log scale. r is the
activation correlation, | cos | is the alignment on the decoder side, d is the separation the student
neuron contributes on its own.

layer’s top-32. Figure 40 shows the four students and the teacher neuron, as well as other teacher
neurons 2188 contributes to. Overall, our conclusion from this case study is that specific student
neurons can be weakly aligned to multiple teacher neurons’ directions and yet push all of them in the
right direction in similar circumstances, and the combination of multiple such neurons can make the
representation of the neuron more accurate.

S Cross-layer decoders in CLT transcoders

Cross-layer transcoders are a modification to the per-layer transcoders, which we have been evaluating
in this work so far, which were introduced by Lindsey et al. [2025b], with the difference being that
each feature is decoded into multiple downstream layers and not just the MLP output at the source
layer. We can ask whether neuron-aligned features behave differently in this setting: if a feature’s
encoder lines up with an MLP neuron at the read layer, does its decoder also concentrate at that layer,
or does it spread further down the residual?

Setup. We use the two open-source CLTs from mntss: a 16-layer JumpReLU CLT on Llama 3.2
1B with 32,768 features per layer and a 26-layer ReLU CLT on Gemma 2 2B with 16,384 features
per layer.
Both of the transcoders read from hook_resid_mid26 and write into hook_mlp_out. However,
each MLP neuron is sensitive to directions in post-layernorm space. For this reason, we measure
cosine similarity against a neuron’s two effective encoder directions after multiplying elementwise
by the affine weight of the pre-MLP layernorm.

26The residual stream after attention, before the pre-MLP layernorm.
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Figure 41: Cross-layer decoder ratio and cosine similarity to the encoder of the closest neuron for
every CLT feature in four layers. Top row: Gemma 2 2B mntss CLT (ReLU, 16,384 features per
layer) at L = 0, 6, 12, 18. Bottom row: Llama 3.2 1B mntss CLT (JumpReLU, 32,768 features per
layer) at L = 0, 4, 8, 12. ρ is the Pearson correlation between encoder alignment and CLDR.

Cross-layer decoder ratio. For each feature, we measure the extent to which it uses the cross-layer
decoder, operationalized as the fraction of the L2 norm of its decoder that is written into future layers:

CLDR(f, L) =

∑
L′>L

∥∥(W (L)
dec )f,L′−L

∥∥2
2∑

L′≥L

∥∥(W (L)
dec )f,L′−L

∥∥2
2

Results. Figure 41 shows a scatter plot of encoder cosine similarity against cross-layer decoder ratio
for every feature at four read layers per model. Pearson correlations between alignment and CLDR
are reported in each panel, with it being negative for all layers. Generally, non-aligned features have
high CLDR (> 0.8), and in late layers there is a distinct group of encoder-aligned features which has
lower CLDR of around 0.5.

T Features not explained by neurons

Past work has shown that a polysemantic neuron’s high-magnitude activations can be seen as split-
ting into coherent clusters representing concepts [Dreyer et al., 2024, Kopf et al., 2025, Liu et al.,
2026], with K-means on activations of a neuron being a simple way to identify them. We further
hypothesize that each cluster is identifiable by a small set of co-activating neurons; this would imply
that common and interpretable features used in any given MLP’s computation can be represented as
sparse combinations of neurons.
Gurnee et al. [2023] shows that some features, like bigrams, are cleanly represented as sparse com-
binations of neuron activations. While it is likely many neurons firing together are how features
not aligned to individual neurons are represented, it is much more difficult to interpret these diffuse
firings; sparsity is a necessary prior for manual inspection of discovered features. Additionally, if
transcoder features correspond to combinations of neurons, the fact that transcoder circuits are more
compact at the same replacement score [Lindsey et al., 2025b] could be explained by them merging
multiple nodes in the neuron circuit into more meaningful units.
Below we step through one case study (§T.1) that motivates the hypothesis, then introduce two
transcoder training procedures that target the structure directly — NFT (§T.2) and SNRL (§T.3).
We then operationalize absorption and weight–activation coverage (§T.4) and compare the resulting
decompositions on cluster discriminability and few-neuron summarizability (§T.5).
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T.1 “Red” case study

We have found individual cases where some (TopK) transcoders have features in circuits in place of
multiple active neurons at that position, and their weights are close to combinations of the neurons’
weights.
We present a simple case study on the attribution graph of the sentence “Translation of the word
‘красное’27:” for Gemma 3 4B. The model predicts “red”, and we find weak evidence for features
on this prompt representing the concept “red” in superposition. On Layer 22:

1. Neuron 5039 (positive, Figure 42a), N7405+ (Figure 42b) and N10102+ (Figure 42c) all
activate on the token “красное”. Together, the first two write some direction relevant to
the prediction being “red” as shown by circuit edges and ablation experiments.

2. None of the three cleanly encode a “red” feature: N5039+ activates on tokens “red” and
“transparent” (see Figure 45 and Figure 42a); N7405+ activates on various color tokens
and the token “color” (Figure 42b), while N10102+ activates on tokens that sound alike —
“ted”, “teddy”, “red” (Figure 42b).

3. In Gemmascopes, only neuron features related to these three neurons appear in the pruned
attribution graph (Figure 44). Some are more specific in high activations than their corre-
sponding neurons, appearing to respond more commonly to the token “red”.

4. In our k = 64 TopK transcoder,28 there exist multiple features in the pruned circuit that only
have the token “red” in maximum activations (Figure 43). Only one of them is a neuron
feature (for N10102+), and the other two are weakly aligned to N5039+.

5. We take high activations of N5039+, apply UMAP to them, then scatter the tokens these
activations correspond to in Figure 45. We take the 4 features with more than 50 activations
among the 4096 highest for the neuron for which the neuron has the highest cosine similar-
ity to their encoder, then color the words according to which of the features activates (see
legend). Both of the non-neuron features cluster the neuron’s polysemantic activations into
interpretable units (see Figure 19 for a more clear definition).

6. We have shown that these two features, F28197 and 29081, cluster the original neuron,
N5039+. We can also show that their weights correspond to a combination of a small set of
neurons: specifically, the decoders can be reconstructed in the following way using OMP
with K = 4 neurons:

• F28197 ≈ 0.68N5039+ + 0.38N7405+ + 0.15N10100+ + 0.09N4137+, cosine
similarity 0.85 (vs 0.73 from N5039+ alone).

• F29081 ≈ 0.49N5039+ +0.40N7405+ +0.21N10102+ +0.18N10100+, cosine
similarity 0.78 (vs 0.58 from N5039+ alone).

These features are the combinations of a “red” neuron, a “color” neuron to disambiguate, and
the lower-activating neurons from Figure 42: 10102 (red/ted), 4137 (R), 10100 (rid/rig/rip).
The base set of neurons is very close for these features, so it is not surprising they represent
similar concepts.

7. These features are examples of few-neuron combinations creating cluster in neurons’ acti-
vations. The point about clustering may be debated, as both features activate at once and
contribute — they may co-activate on a manifold — but it is evidence that some features
in transcoders represent crisp monosemantic concepts by combining multiple polysemantic
neurons.

T.2 Neuron Feature Transcoders: transcoders that cluster neurons by construction

In regular transcoders, each neuron and sign only gets approximately one neuron feature (Figure 19);
however, this may be due to the fact that “true” neuron features are hidden by the initialization (Sec-
tion 3.5). We train transcoders which explicitly force active features to correspond to top K neurons:
each feature has a “parent” neuron and activates only when that neuron is in the top K.29 In other

27“Red” in Russian.
28This is an older transcoder and not the one used in the sweeps. It is trained on a different hookpoint.
29With the neuron top K being a separate hyperparameter from the final transcoder TopK, set to twice the sparsity in our

experiments.
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(a) Neuron 5039+ (b) Neuron 7405+

(c) Neuron 10102+ (d) Neurons 4137+, 10100+

Figure 42: “Red” case study on Gemma 3 4B L22. Top: attribution graph for “Translation of the word
красное:” (predicting “Red”/“red”), with N5039 highlighted. Bottom: max-activating contexts
for selected MLP neurons, with activations N7405+ = 8.00, N5039+ = 5.31, N10102+ = 1.40,
N4137+ = 0.9, N10100+ = 0.86.

words, each neuron has G = 16 features, and these features can only activate when the neuron is
active. Specifically, we select r = 4 highest activating features belonging to the neuron for the final
TopK selection.
Neuron Feature Transcoders (NFTs) train well. While they increase FVU, it is only by 0.026 on
the specific setting we tested, and they still have significantly lower FVU than sparsified MLPs in a
comparable setting. This provides evidence that transcoder features can be seen as clustering neuron
activations into more interpretable regions and provides a possible mechanism by which transcoders
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(a) Attribution graph. (b) F138722 (N10102, e = 0.82, d =
0.93).

(c) F28197 (N5039, e = 0.60, d = 0.77). (d) F29081 (N5039, e = 0.43, d = 0.61).

Figure 43: “Red” case study, k = 64 TopK transcoder. Attribution graph shows two mildly (light
orange; encoder alignment, from 0 to 1, is represented as color, from white to orange) neuron-aligned
features and one strongly neuron-aligned feature (F138722). N10102, the neuron it is aligned to,
activates on “red”/“ted” (§44d). The other two features are weakly aligned to neuron 5039, and both
activate only on the token “red”. Figure 45 shows that they both cluster the neuron.

can have lower FVU. As expected, because of matching neuron directions, they slightly outperform
a neuron-initialized transcoder on KL despite having higher FVU.
NFTs produce more neuron features. As described in Figure 23, when considering the effective
encoder30 and decoders of NFTs, 44% of features in the dictionary and 63% in activations have
decoders aligned with neurons (> 0.6 similarity), and virtually all features have encoders strongly
aligned with neurons, leading to slightly stronger alignment than for NI.

T.3 Aligning features to sparse neuron combinations (SNRL)

We additionally hypothesize that the encoder and decoder directions transcoders learn can be ex-
plained as sparse combinations of MLP neuron directions plus uninterpretable noise. To test and
exploit this, we start with a NI transcoder initialization and add a training-time loss, which we call
the Sparse Neuron Reconstruction Loss (SNRL), that aligns each feature’s encoder and decoder
with a sparse approximation in the basis of neuron encoders and decoders.

30After picking the 4 feature activations for each of the neurons, we add the linearized activation of the neuron, the projection
of the input x onto the Wup ±Wgate, with a learnable scaling factor, which makes the effective encoder weight the original
weight with the projection added. .
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(a) F5871 (N7405, e = 0.88, d = 0.96). (b) F9690 (N10102, e = 0.91, d = 0.94).

(c) F11271 (N5039, e = 0.93, d = 0.98). (d) Neuron 10102+

Figure 44: “Red” case study, Gemmascope transcoder. Attribution graph shows three neuron-aligned
features in dark orange. One feature is aligned to a color neuron, 7405. Another is aligned to N10102,
a “red”/“ted” neuron, the activations of which are shown in the bottom right. The third one is a neuron
feature for N5039 and shows the same polysemanticity between “red” and “transparent”.

LetW (j)
enc ,W

(j)
dec ∈ Rd be the encoder and decoder of transcoder feature j, and letN enc

i = W
(i)
up ±W (i)

gate

and N dec
i = W

(i)
down denote the (sign-split) input and output directions of MLP neuron i. Per training

step, for each feature j, we:

1. Compute cosine similarities of feature j with every neuron, on both sides: senc
ji =

cos(W (j)
enc , N

enc
i ) and sdec

ji = cos(W (j)
dec , N

dec
i ).

2. Pick the top kn=4 neurons by combined encoder-decoder similarity: Sj =
arg top-kn

(
|senc

ji | + |sdec
ji |

)
. The same neuron set is used for encoder and decoder recon-

struction.
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Figure 45: UMAP of the max-activating contexts of N5039+ (Gemma 3 4B, L22). Activations
are colored according to the feature in the k = 64 transcoder which activates most strongly on
them. Distinct clusters reveal polysemanticity: the neuron fires on red, transparent/clear/clarity,
display/displaying, visibility/visible, appear(ing), redirect, and others. The features find interpretable
monosemantic clusters: one “red” feature activates more specifically than the other: feature 29081
(purple) activates only on the token “red”. There exists a distinct “transparency (communication)
and fairness” (green, with some exceptions) feature and an “appearance, transparency (optical) and
visibility” (red) feature.

3. Compute the cosine similarity between each feature row and its similarity-weighted recon-
struction from Sj :31

cenc
j = cos

(
W (j)

enc ,
∑
i∈Sj

senc
ji N enc

i

)
, (2)

cdec
j = cos

(
W

(j)
dec ,

∑
i∈Sj

sdec
ji N dec

i

)
. (3)

31This is not the L2-optimal reconstruction, but is used over a pseudoinverse for efficiency reasons.
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4. Add a term to the training objective that maximizes them:32

LSNRL = −λ
∑
j

(
cenc
j + cdec

j

)
. (4)

Like NFT, SNRL significantly increases the alignment of both encoders and decoders, and makes
67% of features have encoder and decoder similarity> 0.6. However, it comes with a tradeoff of FVU
which is 0.018 higher than the baseline, and higher KL divergence. However, despite that, the average
Jacobian cosine similarity is higher than for the baseline and approaches the neuron initialization.
Overall, like NFT, SNRL can move features closer to their top-1 closest neurons; qualitatively, we
find many cases where the other 3 neurons are semantically relevant and describe the cluster the
features belong to, but our automated evaluations do not capture this.

T.4 Testing the clustering hypothesis: basic metrics

To compare how cleanly different transcoders fit the neuron clustering hypothesis, we need to evaluate
whether features cluster a neuron in the first place. NFT with r = 1 enforces clustering, and there
are three conditions, not mutually exclusive, to fulfill:

Absorption. 33 Each feature only fires when its parent neuron fires (activates above some threshold;
ideally, the number of active neurons and features is comparable). This can be seen as precision for
prediction of the neuron activation with the feature.

Coverage. The features which belong to a neuron together make up all of the activations for the
neuron. Anecdotally, in practice, coverage is difficult to achieve for neurons because some of the
activations do not belong to a specific theme that can be grouped into a cluster, and transcoders do
not tend to activate on all examples in the cluster.

Exclusivity. For a given neuron, only one of its child features activates. This is broken by r > 1
in NFT, and can be taken care of by picking on each token only the cluster with the highest activa-
tion. If exclusivity is violated, the clustering becomes more like a sparse encoding, which is still an
interesting object to study, but is outside of the scope of this work.

Cluster assignment. Before these properties can be evaluated, we must tackle the problem of as-
signing features to clusters. In architectures other than NFT, there is no explicit grouping of features
into clusters. However, in NI and its descendant SNRL, due to features not moving far from initial-
ization, there exists an assignment to neurons by the closest encoder weight, which is also fixed at
initialization.
This approach, in which we assign all the features to the neuron to which they have closest encoder,
can be extended to other transcoders. Whether this is valid is what we test by evaluating absorption.

Procedure. We compute absorption for every feature that fires at least 10 times on the 10M token
cache we use for sort evals. We use a conservative K = 128 as the threshold for “active” on the
neuron side. We measure two statistics for absorption: p1, which we have described above, the
probability that the neuron is in the active set when a feature activates, and p2:4, a related quantity
which is the probability that any of the second through fourth closest neurons activates. The first
measures clustering directly; the second evaluates the hypothesis that features are combinations of
multiple neurons — specifically, that the feature is specified as a cluster of its top neuron that is also
selective for another neuron. This implies both neurons would commonly activate when the feature
is active; alternatively, even if the feature is some different logical combination of neuron activations
and not an AND with one neuron (for example, in the case that it’s an OR), we would still see a
nontrivial probability of the neuron being active.

Results. Table 12 reports p1 and p2:4 for our trained transcoders. Surprisingly, we find that the
baseline and Gemmascope have strong absorption by both the top 1 and next 3 neurons, much higher

32λ = 0.05 for our experiments.
33This is distinct from feature absorption as defined in [Chanin et al., 2025]. However, we can see clustering as feature

absorption of the strongest neuron feature by features defining other clusters.
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than chance (∼ 0.01,Kneurons/Nneurons), and our interventions do not improve absorption significantly.
SNRL even appears to hurt absorption by neurons 2 : 4, meaning its few-neuron alignment may act to
move the feature closer to its top neuron and away from the other 3. NFT is a notable outlier because
of the architectural constraint that forces perfect top-1 absorption.

Transcoder p1 p2:4

Our transcoders
Baseline k=64 — —
Baseline k=32 0.64 0.77
NI k=32 0.66 0.70
NFT k=32, G=16, r=4 1.00 0.66
SNRL k=32 0.71 0.57

Gemmascope
Gemmascope L0-small 0.63 0.75

Table 12: Absorption evaluation for different transcoder-based clustering methods on Gemma 3 4B
L22, with top K=128 neurons considered active and 10M SmolLM2 tokens. p1 is the probability
the feature’s top-1 weight-aligned neuron is in the active set; p2:4 the same for the next three weight-
aligned neurons.

T.5 Cluster discriminability evaluations

The fact that a neuron can be decomposed into clusters does not imply the clusters are coherent or even
distinguishable by humans. We therefore test whether the clusters are distinct concepts by asking a
Claude Sonnet judge to discriminate between them. We describe the methodology in Appendix D.4;
in brief, we conduct two evaluations:

• Cluster match accuracy. Given the top-10 max-activating contexts from cluster A and
cluster B (of one neuron), as well as a held-out query, the judge picks A or B. The number
we report is the accuracy in distinguishing between random pairs.

• Top neuron match accuracy. A similar evaluation, but instead of seeing activations from
clusters A and B directly, the judge sees aggregated activations from the 4 neurons closest
to the cluster, other than the neuron being evaluated. The judge picks which neuron pool
the cluster’s panel firings correspond to.

Methods. We evaluate the clustering methods on the same set of 50 randomly chosen neurons. In
addition to transcoders, as a baseline, we evaluate cosine K-means with 16 clusters on the dense MLP
post-activations. The neuron being evaluated and the eight globally densest neurons are masked out
so cluster weights are more interpretable.

Results. We find that all clustering methods get similarly good performance at distinguishing clus-
ters when shown activations of the clusters (Table 14). However, on matching with top neurons,
surprisingly, baselines which do not take sparse combinations of neurons into account at all — K-
means and the baseline — achieve the highest accuracy. This result is somewhat surprising and
deserves further scrutiny; however, it does demonstrate that dense k-means finds structure that can
be explained by just a handful of neurons. Out of the remaining methods, SNRL and neuron init have
the highest matching accuracy; NFT has the lowest performance.

U Scientific artifacts

U.1 Released artifacts

We release the TopK transcoders trained for this paper (Appendix C) under the MIT License.

33Full sweep results in Appendix J.
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Transcoder FVU ↓ KL ↓ Jac. faith. ↑
Our transcoders
Baseline k=64 0.166 0.77 0.276
Baseline k=32 0.195 1.29 0.225
NI k=32 0.209 1.16 0.238
NFT k=32, G=16, r=4 0.221 1.15 0.230
SNRL k=32 0.213 1.38 0.232

Gemmascope‡
Gemmascope L0-small 0.156 4.59 0.202
Gemmascope L0-big 0.106 1.23 0.296

Table 13: Reconstruction quality and Jacobian faithfulness on Gemma 3 4B layer 22. FVU and KL
are over 1M held-out SmolLM2 tokens. “Jac. faith.” is the cosine similarity between the MLP Jaco-
bian and the transcoder Jacobian, divided by Layernorm for the Gemmascopes: the post-LN scaling
factor (1+wln) is removed so the comparison lives in pre-LN MLP-output space. FVU, however, is
measured against a different target for our transcoders and Gemmascopes.

Clustering CM acc ↑ TNM acc ↑
Our transcoders
Baseline k=32 0.937± 0.005 0.731± 0.030
NI k=32 0.918± 0.008 0.629± 0.031
NFT k=32, G=16, r=4 0.918± 0.010 0.598± 0.033
SNRL k=32 0.927± 0.008 0.657± 0.030

Gemmascope
Gemmascope L0-small 0.870± 0.016 0.694± 0.035
Gemmascope L0-big 0.793± 0.019 0.645± 0.040

Baseline
k-means (K=16) 0.933± 0.006 0.764± 0.027

Table 14: Within-cluster sort eval results on 50 random Gemma 3 4B L22 neurons (judge: Claude
Sonnet 4.6, 60 trials per neuron). Up to 10 neurons per transcoder produced too few viable clusters
and were dropped (more for Gemmascope, which has sparser per-panel cluster coverage). CM acc =
Cluster match accuracy (SE over panels), TNM acc = Top-neuron match accuracy (binomial SE over
panel-cluster pairs).

U.2 Models
• Gemma 3 1B/4B/12B/27B pretrained and Gemma 2 2B: Gemma Terms of Use.
• Llama 3.1 8B and Llama 3.2 1B: Llama 3.1/3.2 Community License.
• Qwen 3 1.7B/4B/8B/14B: Apache 2.0.

U.3 Transcoders
• Gemmascope 2 for Gemma 3 [McDougall et al., 2025]: CC-BY-4.0.
• LXTC-8x / LXTC-32x for Llama 3.1 8B [He et al., 2024]: Apache 2.0.
• mwhanna Qwen 3 transcoders: MIT.
• mntss cross-layer transcoders for Gemma 2 2B and Llama 3.2 1B: used in this work with

the permission of the author.

U.4 Datasets
• FineWeb [Penedo et al., 2024]: ODC-BY 1.0.
• SmolLM2 training corpus [Ben Allal et al., 2025]: ODC-BY 1.0 and others.
• LMSYS-Chat-1M [Zheng et al., 2023], used for activation caches: LMSYS-Chat-1M

Dataset License.
• Pile-10k, the first 10k examples of the Pile [Gao et al., 2020]: BigScience BLOOM RAIL

1.0.
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• Sparse probing datasets [Kantamneni et al., 2025]: while the codebase is MIT, the data used
has different licenses, described on the Hugging Face pages for individual datasets.

• Pride and Prejudice [Austen, 1813]: public domain.

U.5 Software

We used Python 3.13, CUDA 12.8, NCCL 2.27.5, and PyTorch 2.10. Table 15 lists open source
libraries and tools used in the work.

Tool License

sparsify34 MIT
circuit-tracer [Hanna et al., 2025] MIT
sae-probes MIT
nnsight MIT
transformers, datasets, accelerate Apache 2.0
vllm, safetensors, huggingface-hub, ftfy Apache 2.0
numpy, scipy, scikit-learn, joblib BSD-3-Clause
PyTorch, torchao BSD-3-Clause
einops, tqdm, wandb, faiss, triton MIT
matplotlib Matplotlib35

anthropic MIT
Table 15: Open source libraries and tools used.

V Compute

All experiments were conducted on a private compute cluster on NVIDIA H200 141GB GPUs. We
provide compute usage estimates; most are overestimates and may include experiments that were not
part of the results presented in the paper or were run suboptimally.

V.1 Transcoder training

Training our TopK transcoders on single layers with most configurations takes ∼ 3 hours per run
on one H200. The training runs and sweeps on Gemma 3 4B L22 took ∼ 300 H200-hours. We
additionally train five transcoders on all layers of Gemma 3 4B, totalling ∼ 140 H200-hours. The
JumpReLU pipeline sweeps total 225–350 H200-hours.

V.2 Evaluation
• Sparse probing (Appendix E.1): activation caching took∼75 H200-hours; training probes

took several thousand CPU-hours.
• Bigram probing (Appendix E.2): ∼30 H200-hours.
• Linebreaking probing (Appendix K): under 2 H200-hours total for collecting the residual

stream activations.
• Sort eval (Appendix D.3): activation caching on 10M tokens of SmolLM2 took∼40 H200-

hours; Claude judging consumes 50–80 thousand judge calls on the configurations whose
numbers appear in the paper.

• Circuit attribution (Appendix L): ∼ 65 H200-hours across the transcoders we attribute
on.

• Jacobian alignment (§3.4, Appendix F.1): under 10 H200-hours.
• Distress case study (Appendix N): ∼9 H200-hours (one circuit on the computed steering

vector — ∼ 3 H200-hours, caching of maximum activations for neurons — ∼ 6 H200-
hours).

34Upstream for our TopK pipeline.
35PSF-based, BSD-compatible.
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• Absorption (§T.4) and cluster sort eval (§T.5): caches are built from other steps and the
evaluations can be done on CPU. Sonnet judging across the seven clusterings uses ∼ 23
thousand calls — ∼ 21k for cluster matching (60 trials × 50 panels × 7 clusterings) and
∼1.5k for the top neuron matching.

V.3 Hyperparameter search

We searched for optimal learning rates manually and used the same learning rates for all experi-
ments. We varied width M , sparsity k (or JumpReLU L0), and seed; the configurations used are
in Appendix C. The sparse probing evaluation sweeps the value of the L1 penalty internally (Ap-
pendix D.1).

V.4 Total

Summing the entries above, the GPU budget for the experiments whose numbers appear in the paper
is on the order of 1000–1200 H200-hours, dominated by transcoder training and by sparse prob-
ing’s activation caching. Sparse-probing probe fits after caching add several thousand CPU-hours
separately. Exploratory runs that did not produce reported numbers are not included.

W AI assistance

The authors used AI assistants (Claude Code) during this work for writing assistance (the final version
has been rewritten and checked for mistakes), code authoring, and code review. We inspected por-
tions of the implementation code, checked hyperparameters and investigated and reran experiments
selectively (when results were not consistent with past experiments).
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