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In response to a surge of recent work using SAEs to study model biology and to analyze circuits
that explain complex, multi-step behaviors, we train and release an open suite of JumpReLU sparse
autoencoders (SAEs) and skip-transcoders on all layers and sub-layers of Gemma 3 models at 270M,
1B, 4B, 12B, and 27B, as well as a set of multi-layer models to enable circuit-level analyses that span
across layers. In this way, we hope to not only enable interpretability research on the Gemma 3 model
series (more advanced than the previous Gemma 2 series) but also to enable analysis of multi-layer
representations and circuits, which allows the study of more complex and potentially harmful behaviors.
We are encouraged by the quality of open-source research enabled by our prior release, and aim to

further accelerate this work by releasing updated weights, evaluations, and tooling.
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1. Introduction

A growing body of work suggests many inter-
nal activations of language models can be well-
approximated by sparse, linear combinations of
dictionary vectors ((Elhage et al., 2022); (Gurnee
et al., 2023); (Mikolov et al., 2013); (Nanda
et al., 2023a); (Olah et al., 2020); (Park et al.,
2023)). Sparse autoencoders (SAEs) provide an
unsupervised route to discover such directions
and have repeatedly yielded causally relevant, in-
terpretable latents ((Bricken et al., 2023); (Cun-
ningham et al., 2023); (Gao et al., 2024); (Marks
et al., 2024); (Templeton et al., 2024)). Realiz-
ing this promise requires maturing the method-
ology, validating reliability, and scaling training
and evaluation to modern models, so SAEs can
support applications like detecting hallucinations,
debugging unexpected behaviors, and increasing
reliability and safety ((Hubinger, 2022); (Nanda,
2022); (Olah, 2021)).

Despite rapid progress, training comprehen-
sive, high-quality SAE suites remains costly com-
pared to techniques such as steering vectors ((Li
et al., 2023); (Turner et al., 2024)) or probing
(Belinkov, 2022). Much prior work has focused on
single-layer settings ((Engels et al., 2024); (Gao
et al., 2024); (Templeton et al., 2024)), leaving
open how best to scale to multilayer analyses and

circuit-style work.

Recent work from Anthropic on cross-layer
transcoders (CLTs) highlights the value of mod-
eling interactions among latents across layers,
rather than treating latents as isolated, single-
layer objects. Cross-layer approaches can synthe-
size information flowing through multiple trans-
former blocks, enabling new forms of understand-
ing and control for complex behaviors such as jail-
breaks and unfaithful chain-of-thought reasoning
(Lindsey et al., 2025). Together with transcoders
(Dunefsky et al., 2024) and multi-layer SAE mod-
els, this points toward circuit-level analyses that
capture multi-step computations spanning several
layers and modules.

To better enable this kind of analysis, we have
trained and released the weights of Gemma Scope
2: an open suite of models which builds on
our previous Gemma Scope release (Lieberum
et al., 2024). This new release includes SAEs
and transcoders for every layer and sublayer of
Gemma 3 270M, 1B, 4B, 12B, and 27B. We re-
lease these weights under a permissive CC-BY-4.0
license on HuggingFace to enable and acceler-
ate research by other members of the research
community.

Engineering challenges for this work were
greater than our previous Gemma Scope release,
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owing to not only the greater scope of single-
layer models in the release, but also the added
difficulty of training and evaluating multi-layer
models. Increasing the number of SAE layers
directly impacts compute and memory: input
batch sizes scale as O(layers), naive FLOPs scale
as O(layersz) (since the decoder is dense over
every pair of layers), and parameter counts also
scale as O(layers®). We mitigate the computa-
tional overhead by employing a variant of Leo
Gao’s sparse kernels so that effective FLOPs scale
approximately linearly, O(layers), and we ad-
dress the parameter scaling via extreme model
sharding—splitting decoder weights across many
devices—while using minimal data sharding to
avoid costly all-reduces. This setup allows com-
prehensive multi-layer training and evaluation
while maintaining practical throughput and sta-
bility.

In Section 2 we provide background on SAEs
and transcoders, covering the context relevant for
this updated release. Section 3 contains details
of our training procedure, hyperparameters and
computational infrastructure. We run extensive
evaluations on the trained SAEs in Section 4 and a
list of open problems that Gemma Scope 2 could
help tackle in Section 5.

2. Preliminaries

2.1. Sparse autoencoders

Given activations x € R" from a language model,
a sparse autoencoder (SAE) decomposes and re-
constructs the activations using a pair of encoder
and decoder functions ( f,% ) defined by:

ey
2

f(x) := 0 (WencX + benc)
)’\((f) = Wdecf + bdec-

These functions are trained to map X(f(x))
back to x, making them an autoencoder. Thus,
f(x) € RM is a set of linear weights that specify
how to combine the M > n columns of Wy.. to
reproduce x. The columns of Wy,., which we de-
note by d; fori = 1... M, represent the dictionary
of directions into which the SAE decomposes x.

We will refer to these learned directions as latents
to disambiguate between learned ’features’ and
the conceptual features which are hypothesized
to comprise the language model’s representation
vectors.

The decomposition f(x) is made non-negative
and sparse through the choice of activation func-
tion o and appropriate regularization, such that
f(x) typically has much fewer than n non-zero
entries. Initial work ((Bricken et al., 2023); (Cun-
ningham et al., 2023)) used a ReLU activation
function to enforce non-negativity, and an L1
penalty on the decomposition f(x) to encourage
sparsity. TopK SAEs (Gao et al., 2024) enforce
sparsity by zeroing all but the top K entries of
f(x), whereas the JumpReLU SAEs (Rajamanoha-
ran et al., 2024b) enforce sparsity by zeroing out
all entries of f(x) below a positive threshold. Both
TopK and JumpReLU SAEs allow for greater sep-
aration between the tasks of determining which
latents are active, and estimating their magni-
tudes.

2.2. Transcoders

Transcoders are closely related to SAEs but tar-
get a different objective: rather than sparsely
reconstructing their inputs, they are trained to
sparsely reconstruct the computation of an MLP
sublayer. Concretely, a transcoder takes as input
the pre-MLP residual stream (just after the pre-
MLP RMSNorm) and learns to approximate the
MLP’s output. This makes transcoders particu-
larly useful for circuit analysis: if we freeze (or
otherwise control) attention patterns, the direct
connections between two transcoder latents be-
come linear, so both upstream attributions to a
latent and downstream effects from that latent
can be analyzed with far fewer confounders.

Formally, letting x denote the pre-MLP resid-
ual and yyp(x) the MLP output, a standard
transcoder has encoder and decoder

frc(x) := 0(Wene X + benc)
S’TC(f) = Wdec f+ bdec s

and is trained to minimize a reconstruction loss
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Lrc = || ywe () - Jrc(fre ) |-

Skip transcoders Despite their nonlinearity, it
has been theorized that MLP sublayers exhibit
some degree of linear behavior (Dunefsky et al.,
2024). To capture such structure explicitly, we
follow the approach in the aforementioned work
and train skip transcoders that include an affine
skip connection from the input directly to the
output:

g’skip (f: X) 1= Wec f+ bdec + Wskip X.

Another motivation for this choice comes from
the phenomena of cross-layer superposition, as
described in e.g. Anthropic’s circuit tracing work
(Lindsey et al., 2024). This term describes when
a single feature is distributed over latents in sev-
eral layers, so just training SAEs on each layer
independently can give an incomplete picture.
In such cases, asking a transcoder to model this
component as a learned linear map Wy, is more
faithful and leads to cleaner attributions: the de-
coder Wy, focuses on genuinely new or nonlinear
structure, while the skip term captures direct lin-
ear carry-through of latents such as rotations or
other affine mappings.

2.3. JumpReLU SAEs

As in the previous release, we focus heavily on
JumpReLU SAEs as they have been shown to be a
slight Pareto improvement over other approaches,
and have additional beneficial properties for train-
ing which will be discussed later in this section.

JumpReLU activation The JumpReLU activa-
tion is a shifted Heaviside step function as a gating
mechanism together with a conventional ReLU:

o(z) =JumpReLUy(z) :=20 H(z-0). (3)

Here, 0 > 0 is the JumpReLU’s vector-valued
learnable threshold parameter, © denotes elemen-
twise multiplication, and H is the Heaviside step
function, which is 1 if its input is positive and 0

otherwise. Intuitively, the JumpReLU leaves the
pre-activations unchanged above the threshold,
but sets them to zero below the threshold, with a
different learned threshold per latent.

Loss function As loss function we use a
squared error reconstruction loss, and directly
regularize the number of active (non-zero) la-
tents using the LO penalty:

L= x = %(E@)3 + Al o, 4

where A is the sparsity penalty coefficient.
Since the LO penalty and JumpReLU activation
function are piecewise constant with respect to
threshold parameters 8, we use straight-through
estimators (STEs) to train 6, using the approach
described in (Rajamanoharan et al., 2024b). This
introduces an additional hyperparameter, the ker-
nel density estimator bandwidth e, which controls
the quality of the gradient estimates used to train
the threshold parameters 6.

Quadratic LO penalty To target a specific ex-
pected sparsity, we also consider replacing the
linear LO term with a quadratic penalty around a
target number of active latents Lj:

2

Lauad = IXx=X(E()) 15+ 4 (L—*) (IEGllo - L3)*.
0

(5)

The factor L% scales gradients so that, when

IfX)|lo =~ 2LO6, the magnitude of the spar-
sity gradient roughly matches that of the linear
JumpReLU objective (Eq. (4)) at the same effec-
tive sparsity. This stabilizes training around the
target L5 while providing a smooth force toward
the desired activation frequency.

Direct frequency penalization One other ad-
vantage of JumpReLU SAEs is that we can di-
rectly target high-density latents by using their
frequency in our sparsity penalty. We do this by
using the STE approximation for LO, since the
frequency of a given latent is simply the aver-
age LO across a batch of data. This method was
described in (Rajamanoharan et al., 2024), but
we modify it slightly for the models trained in
this release: rather than replacing the sparsity
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penalty with one directly targeting frequency, we
use the quadratic LO penalty as our primary spar-
sity penalty but add a secondary penalty which
specifically targets high-frequency latents.

2.4 End-to-End SAEs

After training our JumpReLU SAEs with MSE as
our reconstruction loss, we finetune a select few
using the end-to-end finetuning method intro-
duced in (Braun et al., 2024) and further refined
in (Karvonen, 2025). These methods propagate
gradients through the base model during a short
finetuning phase, with the goal of learning latents
which are functionally important for the model’s
predictions rather than just for reconstructing ac-
tivations.

Concretely, we finetune our SAEs and
transcoders by optimizing the following finetun-
ing objective:

MSE + a B KL(p(x), p(X))
1+p '

where MSE denotes the SAE reconstruction loss,
KL(p(x), p(X)) is the KL divergence between the
base model’s distribution p(x) and the distribu-
tion with SAE reconstructions injected into the
model’s forward pass p(X), and B is a user-defined
hyperparameter (e.g. if B = O this reduces to reg-
ular MSE training). Following the general moti-
vation of KL-regularized E2E training in (Braun
et al., 2024; Karvonen, 2025), we use a dynami-
cally adjusted scaling factor

MSE
o= ——-:.
KL+ 10-8

6)

Lﬁnetune =

)

which is treated as a constant with respect to
gradients. This normalization ensures that g can
be interpreted as the intended relative weight of
the KL penalty compared to the reconstruction
error, independent of their absolute magnitudes.
This stabilizes training and simplifies hyperpa-
rameter selection across different layers, widths,
and sparsity targets.

2.5. Instruction-tuned (IT) SAEs

For instruction-tuned models, we depart from the
pretraining (PT) setup in two ways. First, rather

than sampling from the same pretraining distri-
bution, we construct training data from actual
model rollouts (specifically, we take open-source
datasets of user prompts and generate responses
from the corresponding Gemma models). Second,
we do not train IT SAEs from scratch: we initial-
ize from the corresponding PT SAEs and finetune
on the rollout-derived datasets. This approach is
consistent with prior DeepMind results indicating
that PT-to-IT transfer typically does not require re-
sampling a large fraction of latents, and preserves
both reconstruction quality and interpretability
of learned latents (cf. (Kissane et al., 2024b)).
In practice, initializing from PT SAEs accelerates
convergence, stabilizes sparsity calibration, and
yields IT SAEs that can be directly compared to
their PT counterparts for circuit-level analyses.

2.6 Multi-layer SAEs

We release two different types of multi-layer au-
toencoder models: weakly causal crosscoders
and cross-layer transcoders.

Weakly causal crosscoders Crosscoders were
first introduced in (Lindsey et al., 2024). They are
variants of regular sparse autoencoders which are
trained not on a single activation site but on the
concatenation of activations from multiple sites.
This could mean the concatenation of activations
from different base models, or from the same base
model at different layers. In this paper, we refer
only to the latter. Much like skip transcoders,
the motivation for these models is to recover fea-
tures which have been distributed across multiple
layers, due to linear components of MLP or at-
tention layers, or other effects. There are many
variants of multi-layer crosscoders, depending
on which layers are trained on and which archi-
tectural restrictions are imposed on the model.
In this paper we focus on crosscoders which are
only trained on a partial subset of layers rather
than the full model, and assume weak causality:
in other words, a latent’s encoder weights are
restricted to a single layer and its decoder may re-
construct activations from that layer or any future
layer. This ensures latents cannot use future-layer
information to encode past activations.

Cross-layer transcoders The cross-layer
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transcoder (CLT) architecture was introduced
in (Lindsey et al., 2024). Much like crosscoders
generalize SAEs by training on the concatenation
of multiple layers, cross-layer transcoders gener-
alize transcoders by training to reconstruct the
map from concatenated pre-MLP activations to
concatenated MLP outputs. Note that cross-layer
transcoders can also be combined with affine
skip connections in exactly the same way as skip
transcoders, with each affine skip connection
only mapping from a layer’s MLP input to that
same layer’s MLP output.

3. Training details

For this release, we largely kept to the same train-
ing methodology as (Lieberum et al., 2024). In
particular, the topology and sharding configu-
ration for our single-layer models was identical
to the description given in the original Gemma
Scope technical report, as is our shuffling method.
In this report, we will only discuss an attribute
of our training in detail when it differs from our
methodology in the original release.

3.1. Data

We train SAEs on the activations of Gemma 3 mod-
els generated using text data from the same dis-
tribution as the pretraining text data for Gemma
3 (Gemma Team, 2025). For the instruction-
tuned models, we finetuned our SAEs using chat
data: the user prompts were taken from the open-
source datasets OpenAssistant/oasstl (Kopf et al.,
2023) and LMSYS-Chat-1M (Zheng et al., 2023).

During training, activation vectors are normal-
ized by a fixed scalar to have unit mean squared
norm. This allows more reliable transfer of hyper-
parameters between layers and sites, as the raw
activation norms can vary over multiple orders of
magnitude, changing the scale of the reconstruc-
tion loss in Eq. (4). Once training is complete,
we rescale the trained SAE parameters so that no
input normalization is required for inference (see
Appendix A in (Lieberum et al., 2024) for more
details). This process is similar for multi-layer
models; the only difference is that we normalize
each layer separately. This increases stability of

training especially when we initialize our multi-
layer models from the concatenated weights of
single-layer models (see Section 3.3).
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Figure 1 | Illustration of the three locations per
layer where SAEs are trained: attention head out-
puts, MLP outputs, and post-MLP residual stream.

Location As in the previous Gemma Scope re-
lease, we train SAEs on three locations per layer.
We train on the attention head outputs before the
final linear transformation Wy, and RMSNorm has
been applied (Kissane et al., 2024a), on the MLP
outputs after the RMSNorm has been applied and
on the post MLP residual stream. For the attention
output SAEs, we concatenate the outputs of the
individual attention heads and learn a joint SAE
for the full set of heads. We zero-index the layers,
so layer O refers to the first transformer block after
the embedding layer. We also train a full suite of
skip transcoders on every layer. This is illustrated
in Fig. 1. Additionally, for each model we train a
partial weakly causal crosscoder on 4 layers cho-
sen at fixed-depth percentiles (25%, 50%, 65%
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Gemma 3 Model SAE Type Layers SAE Widths LOs
SAE @ All {16k, 256k} {10, 100}
SAE ¢ {5, 9, 12, 15} {16k, 64k, 256k, 1m} {10, 50, 150}
transcoder ® Al {16k, 256k} {10, 100}
transcoder ¢ {5, 9, 12, 15} {16k, 64k, 256k} {10, 50, 150}
crosscoder € {5,9, 12, 15} {64k, 256k, 512k, 1m} {50, 150}
CLT bc All {256k, 512k} {50, 150}
SAE @ All {16k, 256k} {10, 100}
SAE 3¢ {7,13,17,22} {16k, 64k, 256k, 1m} {10, 50, 150}
transcoder *  All {16k, 256k} {10, 100}
transcoder ¢ {7, 13, 17, 22} {16k, 64k, 256k} {10, 50, 150}
crosscoder © {7,13,17, 22} {64k, 256k, 512k, 1m} {50, 150}
CLT b All {256k, 512k} {50, 150}
SAE @ All {16k, 256k} {10, 100}
SAE ¢ {9,17, 22,29} {16k, 64k, 256k, Im} {10, 50, 150}
transcoder ®  All {16k, 256k} {10, 100}
transcoder ¢ {9, 17, 22, 29} {16k, 64k, 256k} {10, 50, 150}
crosscoder € {9,17, 22, 29} {64k, 256k, 512k, 1m} {50, 150}
SAE @ All {16k, 256k} {10, 100}
SAE ¢ {12, 24, 31, 41} {16k, 64k, 256k, 1m} {10, 50, 150}
transcoder ®  All {16k, 256k} {10, 100}
transcoder ¢ {12, 24, 31,41} {16k, 64k, 256k} {10, 50, 150}
crosscoder © {12, 24, 31,41} {64k, 256k, 512k, Im} {50, 150}
SAE @ All {16k, 256k} {10, 100}
SAE 3¢ {16, 31, 40, 53} {16k, 64k, 256k, Im} {10, 50, 150}
transcoder *  All {16k, 256k} {10, 100}
transcoder ¢ {16, 31, 40, 53} {16k, 64k, 256k} {10, 50, 150}
crosscoder © {16, 31, 40, 53} {64k, 256k, 512k, Im} {50, 150}

Table 1 | Overview of the SAEs & variants that were trained for different Gemma 3 models. The layers
column indicates either multiple different releases for the single-layer models, or multiple layers
trained on simultaneously for the multi-layer models. # Each SAE corresponds to an SAE trained on 3
different sites: attention output, MLP output and post-MLP residual. Only the residual stream SAEs
have a 1m-width model released.  Each transcoder and CLT corresponds to a sweep over 2 different
configs: with and without affine skip connections. ¢ These variants also include random seeds for
exactly one of the combinations of SAE width & LO. Every model listed in this table comes with a
finetuned variant for the instruction-tuned version of the corresponding Gemma 3 model.




Gemma Scope 2 - Technical Paper

and 85% of the way through the model), and for
the two smaller models (270M, 1B) we also train
cross-layer transcoders.

3.2. Hyperparameters

Optimization We use the same bandwidth ¢ =
0.001 and learning rate n = 7 x 107> across
all training runs. We use a cosine learning rate
warmup from 0.1n to n over the first 1,000 train-
ing steps. We train with the Adam optimizer
(Kingma and Ba, 2017) with (81, B2) = (0,0.999),
¢ = 1078 and a batch size of 4,096. We use a
quadratic LO penalty, and combine this with a
linear warmup for the sparsity coefficient from 0
to A over the first 50,000 training steps.

During training, we parameterize the SAE us-
ing a pre-encoder bias (Bricken et al., 2023), sub-
tracting bge. from activations before the encoder.
However, after training is complete, we fold in
this bias into the encoder parameters, so that
no pre-encoder bias needs to be applied during
inference. Throughout training, we restrict the
columns of Wye. to have unit norm by renormal-
izing after every update. We also project out the
part of the gradients parallel to these columns
before computing the Adam update, as described
in (Bricken et al., 2023).

Initialization We initialize the JumpReLU
threshold as the vector 8 = {0.001}". We ini-
tialize Wy, using He-uniform (He et al., 2015)
initialization and rescale each latent vector to be
unit norm. Wep is initialized as the transpose of
Wec , but they are not tied afterwards ((Conerly
et al., 2024); (Gao et al., 2024)). The biases bge.
and by, are initialized to zero vectors. For multi-
layer models we initialize using the parameters
of the corresponding single-layer models, as we
discuss in Section 3.3.

3.3 Multi-layer model initialization

Despite these improvements, multi-layer models
are still much more costly than single-layer mod-
els to train. To overcome these issues, we initial-
ize our multi-layer models using our single-layer
models as a starting point.

One possible method we explored was to ini-

tialize our multi-layer models by simply concate-
nating single-layer models. Motivated by the fact
that we were using Matryoshka training for our
SAEs, we would choose prefixes of latents from
each single-layer SAE to include in the multi-layer
model. The problem we ran into was redundant
latents: this method would pick latents on dif-
ferent layers which represented more or less the
same concept. To fix this, we developed a novel
initialization strategy which works as follows: we
iterate through SAEs (starting from the earliest
layers), choosing prefixes of latents from each
SAE. For each latent we choose, we mark off each
of the latents in later-layer SAEs which have the
maximum similarity to this latent (as measured
by the dot product between the early-layer de-
coder and later-layer encoder). In this way, we
get much better global coverage, because at each
layer we will avoid choosing latents which were
too similar to one that we already chose in a pre-
vious layer.

Generally for our multi-layer models we tar-
get smaller LO values than we would get from
this initialization strategy, but we also want the
finetuning process to be stable. To fix this, we
initially set the target LO value high (based on
the sum of the single-layer LO values of all the
latents we’ve chosen in our initialization strategy)
and then decay it over 50,000 steps to our target
value for the multi-layer model. We do this for
both the weakly causal crosscoders and the CLTs.

4. Evaluation

In this section we evaluate the trained SAEs from
various different angles. We note however that
as of now there is no consensus on what consti-
tutes a reliable metric for the quality of a sparse
autoencoder or its learned latents and that this
is an ongoing area of research and debate ((Gao
et al., 2024); (Karvonen et al., 2024); (Makelov
et al., 2024)).

Unless otherwise noted, all evaluations are on
sequences from the same distribution as the SAE
training data, i.e. the pretraining distribution of
Gemma 3.
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4.1. Evaluating the sparsity-fidelity trade-off

Methodology For a fixed dictionary size, we
trained SAEs of varying levels of sparsity by
sweeping the LO target value L§. We then plot
curves showing the level of reconstruction fidelity
attainable at a given level of sparsity.

Metrics We use the mean LO-norm of latent ac-
tivations, Ex||f(x)||o, as a measure of sparsity. To
measure reconstruction fidelity, our primary met-
rics are delta LM loss which is the increase in the
cross-entropy loss experienced by the LM when
we splice the SAE into the LM’s forward pass, and
fraction of variance unexplained (FVU), also
called the normalized loss (Gao et al., 2024) -
as a measure of reconstruction fidelity. FVU is
mean reconstruction 10ss Lyeconstruct Of @ SAE nor-
malized by the reconstruction loss obtained by
always predicting the dataset mean. Note that
FVU is purely a measure of the SAE’s ability to
reconstruct the input activations, not taking into
account the causal effect of any error on the down-
stream loss.

All metrics were computed on 2,048 sequences
of length 1,024, after masking out special tokens
(pad, start and end of sequence) when aggregat-
ing the results.

Results The sparsity-fidelity trade-off for SAEs
in the middle of each Gemma model is illustrated
in Figure 7. As in the previous release, we found
delta loss to be consistently higher for residual
stream SAEs compared to MLP and attention
SAEs, whereas FVU is roughly comparable across
sites.

4.2. Latent firing frequency

Fig. 2 shows the distribution of latent activation
frequencies for the latents in the residual stream
SAEs across model sizes and depths. This was
computed across a set of 50,000 sequences of
length 1,024 after masking out special tokens.
With an aggressive version of the dense latent
penalization we discussed in Section 2.3, we find
that we can entirely eliminate latents with fre-
quency greater than 10%.
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Figure 2 | Feature activation frequency distribu-
tions for residual post-MLP SAEs across model
sizes and depths; most latents remain low fre-
quency with long-tailed densities.
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4.3 Interpretability of latents

We evaluate interpretability using an automated
interpretability system rather than human raters.
The method involves binary classification: we
present sequences where a particular latent fires
and sequences where it doesn’t, and ask a model
to generate an explanation for this feature. Next,
we present this explanation along with a ran-
domly ordered list of sequences (some of which
cause the feature to fire, some of which don’t)
and ask the model to classify which ones fire.
Our findings are broadly consistent with a snippet
we published earlier this year: lower-frequency
latents tend to be more interpretable. Figure 3
shows the distribution of interpretability scores
for the latents in residual stream SAEs trained on
Gemma V3 1B PT, at four different layers.
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Figure 3 | Automated interpretability scores as
a function of feature activation frequency across
model sizes and depths, for Gemma V3 1B PT
SAEs trained on the residual stream. Higher-
frequency features are slightly less interpretable.

4.4. Affine skip connections in transcoders

By giving us more learnable parameters and the
ability to model the linear parts of MLP layers
without dedicating transcoder latents to it, affine

skip connections can improve our performance
in both the single and multi-layer setting. This is
shown in Figure 4, where we compare the effect
of adding affine skip connections to transcoders
and CLTs respectively on the model FVU.

Skip Connection Effect: Transcoders Skip Connection Effect: CLT

Layer 7
Layer 13 L
Layer 17
Layer 22
L | === Affine: False
"] — Affine: True

FVU

10 100 200 10 100 200

50 50
LO Sparsity LO Sparsity

Figure 4 | Effect of affine skip connections
on reconstruction quality: FVU versus LO for
transcoders and CLTs, showing improved trade-
offs with skip connections.

We can also measure the usefulness of affine
skip connections another way. In (Lindsey et al.,
2025), the authors show that the circuit-tracing al-
gorithm can be applied to cross-layer transcoders
(CLTs) to generate graphs of latents which fire on
a particular prompt, and then prune that graph to
leave only latents which are important for a partic-
ular token prediction. The authors also compare
this to the graphs generated from a suite of single-
layer transcoders. We compare our trained CLTs
and transcoders by generating attribution graphs
for each of them, and generally find the same
results as the authors: CLTs generate graphs with
higher sparsity, as measured both by the number
of nodes and edges in the graph. Figure 5 visual-
izes this by showing the number of latent nodes
required to reach a given fraction of total circuit
influence (measured using Anthropic’s influence
metric). Not only do we see CLTs outperforming
transcoders (since any given prefix of nodes leads
to a greater total influence), but we also see affine
skip connections outperform for both transcoders
and CLTs.

4.5. Initializing multi-layer models from
trained single-layer models

We initialize multi-layer models using weights
from trained single-layer models and gradually
decay the target 1.0. This reduces wall-clock
training time because single-layer models train
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Figure 5 | Cumulative influence graph for CLTs vs
transcoders for Gemma V3 1B IT, on the prompt
"The National Data Authority (N".

and parallelize more efficiently than randomly-
initialized multi-layer models. Figure 6 shows
the average cosine similarity between decoder
weights and their initialized values during the
course of training, for a crosscoder which was ini-
tialized from several single-layer SAEs. Although
the cosine similarity does come down by the end
of training, it still remains fairly high, suggesting
that the initialized features from single-layer mod-
els are good approximations to what the multi-
layer model eventually needs to learn.
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Figure 6 | Training dynamics for weakly causal
crosscoders initialized from single-layer SAEs.
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Higher LOs (and wider SAEs) lead to better performance, without having a significant impact on
latent interpretability.
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5. Open problems that Gemma Scope
2 may help tackle

As for the original Gemma Scope release, we'’re ex-
cited to help the broader safety and interpretabil-
ity communities advance our understanding of
interpretability, and how it can be used to make
models safer. In this section we provide a list
of open problems we’re particularly excited to
see on. The list reflects how our own views on
sparse autoencoder research (and interpretability
more broadly) have changed over the past year
as well as the kinds of research this release is
especially well suited for. For example, we’re in-
terested in large-scale circuit analysis as well as
using sparse autoencoders for real-world tasks
such as debugging strange model behaviors, but
we're less excited about fundamental research
into new SAE architectures.

Deepening our understanding of SAEs

1. Comparisons of residual stream SAE features
across layers, e.g. are there persistent fea-
tures that one can "match up" across adjacent
layers? How can multi-layer models help us
understand this?

2. Better understanding the phenomenon of
"feature splitting" (Bricken et al., 2023)
where high-level features in a small SAE
break apart into several finer-grained fea-
tures in a wider SAE. Do Matryoshka SAEs
help resolve this?

3. We know that SAEs introduce error, and com-
pletely miss out on some features that are
captured by wider SAEs ((Bussmann et al.,
2024); (Templeton et al., 2024)). Can we
quantify and easily measure "how much"
they miss and how much this matters in prac-
tice?

4. How are circuits connecting up superposed
features represented in the weights? How do
models deal with the interference between
features (Nanda et al., 2023b)?

Using SAEs for real-world applications
and understanding model behavior

1. Detecting or fixing jailbreaks, and under-
standing the mechanisms by which jailbreaks
succeed or fail.

2. Helping find new jailbreaks/red-teaming
models (Ziegler et al., 2022).

3. Understanding real-world failures in model
reasoning and alignment, such as hallucina-
tions, unfaithful chain of thought, and emer-
gent misalignment in finetuned or in-context
learning scenarios.

4. Comparing steering vectors (Turner et al.,
2024) to SAE feature steering (Conmy and
Nanda, 2024) or clamping (Templeton et al.,
2024) for controlling model behavior.

5. Can SAEs be used to improve interpretabil-
ity techniques, like steering vectors, such as
by removing irrelevant features (Conmy and
Nanda, 2024)?

6. Using SAEs to identify and remove spurious
correlations or discover causal structures in
model reasoning (Marks et al., 2024).

7. Auditing games: can we use SAEs to ver-
ify whether models are reasoning faithfully,
planning deceptively, or pursuing hidden
goals?

Red-teaming SAEs

1. Can we find downstream tasks where SAEs
can be measured against simple baselines
(either black-box or simpler white-box meth-
ods)? How do they perform?

2. How robust are claims about the inter-
pretability of SAE features (Huang et al.,
2023)?

3. Can we find the "dark matter" of truly non-
linear features?

4. Do SAEs learn spurious compositions of inde-
pendent features to improve sparsity as has
been shown to happen in toy models (Anders
et al., 2024), and can we fix this?

12
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Scalable circuit analysis: What interest-
ing circuits can we find in these mod-
els?

1. What'’s the learned algorithm for addition
(Stolfo et al., 2023) in Gemma 3 4B? Does it
resemble that found by (Lindsey et al., 2025)
o

2. How can we practically extend the SAE fea-
ture circuit finding algorithm in (Marks et al.,
2024) to larger models?

3. Can we use single-layer transcoders (Dunef-
sky et al., 2024) to find input independent,
weights-based circuits?

Using SAEs as a tool to answer existing
questions in interpretability

1. What does finetuning do to a model’s inter-
nals (Jain et al., 2024)? Can SAEs detect
the traces left by finetuning (Minder et al.,
2025)?

2. What is actually going on when a model uses
chain of thought? What changes when the
chain of thought is unfaithful?

3. Is in-context learning true learning, or just
promoting existing circuits ((Hendel et al.,
2023); (Todd et al., 2024))?

4. Can we find any "macroscopic structure" in
language models, e.g. families of features
that work together to perform specialised
roles, like organs in biological organisms?
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A. Matryoshka Frequencies

We can analyze the effect of the Matryoshka loss
function on our features. Based on this penalty,
we would expect that the features with the small-
est indices are generally the more important ones
for reconstructing the model’s activations. Since a
latent’s contribution to loss can be decomposed as
the product of its firing frequency and average loss
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Figure 8 | Matryoshka feature frequencies for
SAEs trained on Gemma V3 1B PT, residual
stream. Solid line lies above diagonal (indicating
earlier features have higher frequency), but be-
low dotted line (indicating that the Matryoshka
loss isn’t so strong that it makes the SAEs strictly
order their latents by frequency).

contribution when it fires, we would also expect
early latents to have higher frequencies. This is
borne out in Figure 8, which shows the early fea-
tures having significantly higher frequency than
the later features.

B. Sparse Kernels

We experimented with training BatchTopK SAEs,
and used sparse kernels to implement this train-
ing. Although we ended up including only
JumpReLU SAEs in our final release, and didn’t
find it beneficial to extend the sparse kernel
methodology to JumpReLU SAEs at the scale we
were training at, we include the theory and im-
plementation details here in case they are of use
to anyone who might train their own, particularly
if using JAX and not working inside an existing
training framwork.

B.1. TopK and BatchTopK SAEs

TopK SAEs enforce sparsity by selecting exactly
the K most active latents per token, zeroing all
others. Using the same notation as Section 2.1,
let

fTopK(x) := TopKy (Wenc X + benc) - (8)

BatchTopK extends this across a batch while
keeping a fixed total number of active latents.
For inputs {x;}, ;, define pre-activations z, :=
Wenc Xp + bene. BatchTopK selects the K B largest
entries across {z }le and zeros out the rest:

{f,}7_; := BatchTopKg ({zp}p_,) ,
2y := Wene Xp + Denc. ©))
Both approaches use the same linear decoder
and reconstruction as Eq. (2), typically optimiz-
ing only the reconstruction loss

Lreconstruct := [[X — ﬁ(f(x))”%; (10)

since sparsity is enforced by the hard TopK con-
straints rather than an ¢p/¢; penalty. These meth-
ods provide TPU benefits similar to JumpReLU’s
sparse regimes: knowing the exact number of
active latents (per token for TopK, per batch for
BatchTopK) allows JIT compilation of sparse ker-
nels with predictable shapes and memory traffic.

Crucially, BatchTopK can be converted to a
JumpReLU parameterization at inference by se-
lecting per-latent thresholds 6 that match the
empirical activation quantiles observed during
training, yielding

fir(x) := JumpReLUy(Wenc X + benc),  (11)
with thresholds chosen so that active sets
closely match those induced by BatchTopK. In
practice, we generally use JumpReLU for single-
layer SAEs. For multi-layer SAEs and transcoders,
we typically train with BatchTopK (to realize TPU
efficiency from sparse kernels) and convert to
JumpRelLU for inference, which is a favorable
trade-off for large-scale circuit analyses.
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B.2. Sparse Kernel Implementation

We implement sparse decoding in a JAX-friendly
way, adapting the sparse kernel ideas of Gao et
al. to our multi-layer models. During training we
use only model parallelism, sharding along the
latent dimension.

Sharding and activation selection Let acti-
vations have shape (B, L;,, F) for batch size B,
input layers Li,, and latents per layer F. With
S shards over the latent axis, each shard holds
(B, Lin, F/S). For TopK (target total K active la-
tents across all layers), each shard independently
selects K/(Li,S) per example from its last dimen-
sion. For BatchTopK, each shard selects (K B)/S
across the shard. We return sparse tensors (values
and indices), which remain sharded over latents
(uniform by construction) but not over batch.

Sparse decoder The decoder has shape
(Lin, F, Lout; dmode1) and is sharded on its latent
axis. For each shard we gather decoder vec-
tors at the sparse indices and sum within each
(batch, layer) group, producing per-shard out-
puts of shape (B, Lout, dmodel)- Summing across
shards yields the final output.

Why stack by layer? Enforcing uniformity
over the flattened (B, Li,-F) axis would implicitly
impose a uniform activation budget across layers,
which is undesirable. Multi-layer model training
should allocate activations non-uniformly across
depth (empirically we see allocations rise through
the network and drop near the end). Enforcing
uniformity only across the latent axis within a
layer is a much weaker constraint. One residual
limitation is that latents in different shards never
compete in the TopK, so cross-shard suppression
is reduced. If this proves costly, an alternative is
to broadcast the global sparse set to all shards
and apply a per-shard mask before decoding. This
restores cross-shard competition at the price of
Sx more indexed gathers (costly in JAX), but en-
coder/other costs may still dominate end-to-end
time.

Approximate TopK We use JAX’s approximate
TopK with a recall parameter r € [0, 1], which
returns a set whose expected overlap with the
true TopK is > r. Values r € [0.75,0.975] worked
well. We note a minor implementation issue in

the reference formula for the internal candidate
size, which slightly overestimates it, leading to
higher-than-requested recall and modestly higher
runtime; this does not affect results materially.
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