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Abstract

Sparse Autoencoders (SAEs) have been pro-
posed as an unsupervised approach to learn a
decomposition of a model’s latent space. This
enables useful applications such as steering—
influencing the output of a model towards a
desired concept–without requiring labeled data.
Current methods identify SAE features to steer
by analyzing the input tokens that activate them.
However, recent work has highlighted that acti-
vations alone do not fully describe the effect of
a feature on the model’s output. In this work,
we draw a distinction between two types of
features: input features, which mainly capture
patterns in the model’s input, and output fea-
tures, which have a human-understandable ef-
fect on the model’s output. We propose input
and output scores to characterize and locate
these types of features, and show that high val-
ues for both scores rarely co-occur in the same
features. These findings have practical impli-
cations: after filtering out features with low
output scores, we obtain 2–3x improvements
when steering with SAEs, making them com-
petitive with supervised methods.1

1 Introduction

Sparse autoencoders (SAEs) have shown promise
in extracting human-interpretable features from the
hidden states of language models (LMs) (Bricken
et al., 2023; Templeton et al., 2024). One appealing
usage of SAEs is to enable fine-grained interven-
tions such as generation steering (O’Brien et al.,
2024; Durmus et al., 2024; Marks et al., 2025).
However, selecting the right features for interven-
tion is an open problem. Current approaches typi-
cally select features to steer based on their activa-
tion patterns, i.e., the input texts that most strongly
activate a given feature (Huben et al., 2024). While

*Work partially done during an internship at Amazon.
1Our code is available at https://github.com/technion-cs-

nlp/saes-are-good-for-steering.

_apple
_Apple
apple

...
My

0.345
0.101
0.003

...
0.0001

Model Output

x10

Is this SAE feature useful for steering
towards the concept apple?

(1) Amplify
the feature 

(2) Calculate the
Output Score

(3) High output
scores indicate

high-quality
steering

Output Score = 0.345 

tokens = 
[_apple, _Apple, apple, ...]

In my experience,

my favorite
variety of apple is

Granny Smith

Then the man said:

Figure 1: Selecting features for steering. (1) Given a
concept to steer (”apple”), we amplify a candidate SAE
feature during a single forward pass of the model on a
neutral prompt. (2) We compute the feature’s output
score based on the rank and probability of representative
after intervention. (3) Features with high output scores
are more likely to be effective for steering.

input-based activations can reveal meaningful pat-
terns, recent work highlights a critical limitation: a
feature’s activations are not necessarily the same
as its causal effect on the model’s output (Durmus
et al., 2024; Paulo et al., 2024; Gur-Arieh et al.,
2025). As a result, the way features are selected
can lead to suboptimal steering, reducing its con-
sistency and reliability (Durmus et al., 2024).

In this work, we formalize two distinct roles that
features can play: input features, which capture
patterns within the model’s input, and output fea-
tures, whose main role is to directly influence the
tokens the model generates. To find them, we pro-
pose input scores and output scores. First, we
obtain a representative set of tokens for each fea-
ture by applying the logit lens to SAE weights;
this projects the weights directly into the vocabu-
lary space (nostalgebraist, 2020; Bloom and Lin,
2024). We define input features as having high
input scores—i.e., high overlap between their top-
activating tokens and top logit lens tokens. We de-
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Layer: 8 Feature 9508 

Top-5 Logit Lens Tokens: Input Score:

“She saw a woman in the distance, a
woman who was dressed in black
clothes.”

"She saw a teacher who was
responsible for teaching her son."

“She saw a school school school
school school school education
school school school school school
primary school school school school
school primary school”

[PRIMARY, _PRIMARY, _Primary, _primary, Primary]

0.822

Steering Factor Generated Text Effect

Low

Medium

High

No Steering Effect

No Steering Effect

Generated as if the
previous word was
“primary”

Output Score: 5*10-6

(a) Steering with an input feature.

Layer: 22 Feature 8827 

Top-5 Logit Lens Tokens: 

“She saw a woman in the distance, a
woman who was dressed in black
clothes.”

“She saw a girl in the crowd, her
hair a mess, but her hair was
hers”

[_hair, _Hair, _hairs, hair, Hair]

Steering Factor Generated Text Effect

Low

Optimal

High

Coherent
steered text

No Steering Effect

“She saw a hair hair hair hair
hair hair hair hair hair hair hair
hair hair hair hair hair hair hair
hair hair”

Repeated
generation of the
logit lens tokens 

Input Score: 0

Output Score: 0.808

(b) Steering with an output feature.

Figure 2: Examples of steering with input and output features. (a) An input feature, which activates strongly on
tokens like ”_primary” (leading to a high input score of 0.82), fails to steer generation meaningfully; with a high
steering factor, the model degenerates into repeating the token ”school”, as if continuing from the word ”primary”.
(b) An output feature, with an output score of 0.81, yields meaningful, coherent generations when steered at an
optimal steering factor.

fine output features as having high output scores—
i.e., intervening on the feature increases the prob-
ability of its top logit lens tokens in the final out-
put distribution. Notably, the input score can be
computed in parallel for all features over a general
dataset; the output score requires only one forward
pass and no concept-specific data. We quantita-
tively show that these roles rarely co-occur and
tend to emerge at different layers in the model.
Specifically, features in earlier layers primarily act
as detectors of input patterns, while features in later
layers are more likely to drive the model’s outputs,
consistent with prior analyses of LLM neuron func-
tionality (Lad et al., 2024; Marks et al., 2025).

By calculating the input and output scores of
features extracted from Gemma-2 (2B and 9B)
(Team et al., 2024), we show that features with
high output scores are more effective for coherent
and high-quality steering. This yields a practical
feature selection method, illustrated in Figure 1:
starting with a (typically small) set of candidate
features for steering, our scores are computed over
this set to select a more effective subset. Figure 2
demonstrates the difference when steering with in-
put features vs. output features: steering with a
feature that has a high input score but low output
score fails to meaningfully influence the generation.
In contrast, steering using a feature with high out-
put score and low input score yields better steering,
as well as more fluent and semantically coherent
completions.

We demonstrate the effectiveness of these in-

sights on the recent AxBench (Wu et al., 2025), a
benchmark for evaluating steering methods. While
AxBench found SAEs to be poor for steering, our
feature selection results in a 2–3x improvement,
causing SAE steering (an unsupervised method)
to score significantly closer to supervised methods
like LoRA (Xu et al., 2024).

In summary, our contributions are threefold:

• We propose a taxonomy of features according
to whether they are more sensitive to analyz-
ing the input or affecting the output, and pro-
pose ways of categorizing features into these
different roles.

• We propose a practical method for finding
features effective for steering.

• Using our results, we engage with current de-
bates on the utility of SAEs for steering, and
characterize why these approaches did not find
strong results.

2 Preliminaries

2.1 Sparse Autoencoders

Sparse Autoencoders (SAEs) were recently pro-
posed as a method to address the problem of pol-
ysemanticity, where individual neurons entangle
multiple unrelated concepts, and where a single
concept may be distributed across many neurons
(Bricken et al., 2023). Given a hidden representa-
tion x ∈ Rn, an SAE consists of an encoder and a
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decoder, defined as:

a(x) := σ(Wencx+ benc), (1)

x̂(a) := Wdeca+ bdec. (2)

where Wenc,Wdec, benc, ddec are trainable parame-
ters of the SAE.

The encoder maps the latent x into a higher-
dimensional sparse vector a(x), or a for short,
which we refer to as the activations. The decoder
reconstructs x from a as a sparse linear combina-
tion of the learned features, given by the columns
of Wdec. Sparsity and non-negativity of the acti-
vations are enforced through the non-linearity σ,
often JumpReLU (Rajamanoharan et al., 2024),
and regularization.

2.2 The Logit Lens

The logit lens is a widely used interpretability tool
for analyzing the hidden representations of lan-
guage models (nostalgebraist, 2020). Given a hid-
den state x ∈ Rn at any layer of the model, the
logit lens passes x through the final layer norm, LN,
then projects x onto the vocabulary space by apply-
ing the unembedding matrix Wunembed ∈ Rn×|V|,
where V is the model’s vocabulary. This produces
a vector of predicted logits:

ℓ(x) := W⊤unembed(LN(x)). (3)

The resulting logits ℓ(x) can be interpreted as the
model’s token predictions. We denote the top-k
predicted tokens as ℓ(x)k.

Recent work has demonstrated that the logit lens
can be applied not only to hidden representations,
but also model weights (Dar et al., 2023), gradients
(Katz et al., 2024), and even in multi-modal settings
(Toker et al., 2024).

Bloom and Lin (2024) suggested applying the
logit lens to SAE feature weights as a way to in-
terpret their roles. To interpret an SAE feature
fi, corresponding to W i

dec, the i-th column in the
decoder matrix, we compute:

ℓ(fi) = W⊤unembed
(
LN

(
W i

dec
))

(4)

Following this body of work that views the logit
lens as informative explanations to models’ com-
putations and weights, we view ℓ(fi)k as a faithful
explanation of the feature’s role. We use k = 20,
and denote this list as ℓ for brevity.

2.3 Steering LMs
We define steering as influencing the output of an
LM towards a desired concept. Successful steering
should maintain the quality and coherency of the
generated text. In other words, we seek a minimal
change to a model’s computation that adds or sub-
tracts a concept’s influence. Steering can be done
by various methods, recently using SAEs (Durmus
et al., 2024; Wu et al., 2025).

Formally, given a model M and a prompt x, we
obtain a steered text ỹ by applying an intervention
Φ(·) on some intermediate representation h:

ỹ = Mh←Φ(h)(x) (5)

Similarly to Templeton et al. (2024), in order to
steer an LM towards a concept c encoded in an SAE
feature fi at layer l, we define Φ as follows: first,
we pass a prompt prefix p through the model. At
layer l, we pass the latent representation xl through
the SAE encoder to obtain the activations vector,
a. We record the max-activating feature, denoted
amax. Then, we obtain a new activation vector using
steering factor s:

ã =

{
aj j ̸= i

aj + s · amax j = i
(6)

We pass the steered activation vector through the
SAE decoder, to obtain Φ(xl) = Wdecã + bdec. ,
and continue as usual with the rest of the forward
pass.

Similarly to Aleksandar Makelov (2024), to eval-
uate steering success we measure the generation
success w.r.t. ℓk by calculating the number of ap-
pearances of any token in ℓk in the generated text.
Given a set of sentences S:

Gen Success@k(S) =
∑

s∈S |{t ∈ s | t ∈ ℓk}|
|S|

(7)
Additionally, we use perplexity measured using
Gemma-2-9B to quantify the generation coherence
of the entire generated text.

3 Feature Roles Across Layers

In this section, we explore how features specialize
across different layers by examining their relation-
ship to the model’s input and output tokens. We
first define input and output scores that measure the
relationship of a feature with the model’s inputs or
outputs. Then, we describe experiments that report
these scores across model layers.
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3.1 Input Features

An input feature is a feature whose behavior is
closely tied to the tokens that activate it. Intuitively,
if a feature consistently activates on a particular
set of tokens, and its logit lens representation re-
flects the same tokens, then it is likely capturing
information directly from the input.

Input Score. Given a large corpus, for each fea-
ture, let S denote a set of sentences where the fea-
ture activated strongly on some tokens in each sen-
tence. For each sentence, we find the maximally
activated token. Let T denote the set of top acti-
vated tokens across all sentences in S. The input
score is the fraction of the top activated tokens that
are found in ℓ, the top tokens when projecting the
feature with the logit lens:

Sin =
|{t ∈ T | t ∈ ℓ}|

|T | (8)

In practice, we use the pre-computed activations
from Neuronpedia (Lin, 2023) to obtain the sen-
tences S. We verify that S has at least 20 sentences
and take a maximum of 100 sentences per feature.

3.2 Output Features

Output features were first mentioned by Paulo et al.
(2024) as features whose effect on the model’s out-
put can be easily explained in natural language.
Natural language explanations predispose us to
errors in both precision and recall (Huang et al.,
2023); therefore, given a target concept, we quan-
tify steering quality as consistency between the set
of logit lens tokens and the set of tokens that the
steering operation promotes.

Output Score. To measure the effect of a feature
on the model’s output distribution, we perform an
intervention during a forward pass and evaluate the
change in the rank and probability assigned to to-
kens in ℓ. We first use a neutral prompt (x = ”In
my experience,”) to obtain the model’s prior distri-
bution over token ranks and probabilities. Then, we
intervene on the feature’s activation value using a
large steering factor (we use 10), as in Equation (6).

We record the ranks of the tokens in ℓ and their
probabilities; we denote the token with the highest
rank as ℓ∗, its rank as r(ℓ∗), and its probability as
p(ℓ∗). The output score is then the difference in
rank-weighted probabilities between the original

and counterfactual output distributions:

P (M) = (1− r(ℓ∗,M)

|V | )p(ℓ∗,M) (9)

Sout = P (Mh←Φ(h))− P (M) (10)

where V is the model’s vocabulary. If x is a neutral
prompt, then Sout ∝ P (Mh←Φ(h)), so we can
compute Sout quickly using a single forward pass
by only computing the rank-weighted probability
after the intervention. This score is robust to the
specific choice of neutral prompt; see details in
Appendix D.

3.3 Experimental Setup
We focus our analysis on Gemma-2 (2B and 9B)
using the Gemma-Scope 16K SAEs (Team et al.,
2024; Lieberum et al., 2024), Llama-3.1 8B with
Llama-Scope SAEs (Grattafiori et al., 2024; He
et al., 2024), and Pythia-70m (Biderman et al.,
2023; Huben et al., 2024). Our analysis spans 100
features randomly sampled from each layer. For
Pythia-70m we limited our sampling to features
with at least 10 recorded activations, since many
features do not have any recorded activations on
Neuronpedia.

3.4 Results
Figure 3 shows the distribution of input and output
scores across layers for Gemma-2-2B and Gemma-
2-9B. In early layers (0–50% of model depth), fea-
tures tend to have high input scores and near-zero
output scores, suggesting they are predominantly
input-aligned. Later layers (66–100% of model
depth) show an opposite trend: input scores drop
to near-zero, while output scores increase signifi-
cantly. These later-layer features no longer reflect
the tokens they are activated on, but instead align
with the tokens they promote in the model’s output,
indicating a shift toward output-aligned behavior.
Interestingly, middle layers exhibit low scores for
both metrics, suggesting that these features may
play intermediate roles that are neither purely input-
aligned nor strongly output-promoting.

For Llama-3.1 we do not observe any trend in
early layers of the model (Appendix B), likely due
to limitations of applying the logit lens to early
layer representations (nostalgebraist, 2020). At
around 50% of the model’s depth we begin to ob-
serve non-zero values for both scores, with low
values of input scores and increasingly growing
values of output scores as layers progress, as in the
Gemma-2 results.
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(a) Gemma-2-2B.

(b) Gemma-2-9B.

Figure 3: Input and output scores across layers in
Gemma-2-2B and Gemma-2-9B. The solid lines repre-
sent the median input score (blue) and output score (ma-
genta), while the shaded regions denote the interquartile
range (25th to 75th percentile), capturing the variability
across features within each layer. Early layers are char-
acterized by features with high input scores, while high
output scores emerge in later layers.

For Pythia, we observe a slightly different trend
(Appendix B). While output score gradually in-
creases around 50% of the model’s depth as ex-
pected, the input score is mainly zero for most of
the tested features. This may be due to the fact
that this model is significantly smaller compared to
the other models we examined (70 million parame-
ters compared to 2–9 billion), which may lead it to
parse and encode information differently within its
latent space.

Interestingly, and unlike Llama-3.1, early lay-
ers in both Gemma models and Pythia seem to
be interpretable with the logit lens. We find that
many features promote a coherent and human-
understandable set of tokens, as reflected by high
input scores as early as layers 0 and 1. (See Ap-
pendix C for examples.)

(a) Gemma-2-2B. (b) Gemma-2-9B.

Figure 4: Magenta indicates the mean generation suc-
cess@20 when filtering out features with output scores
below different thresholds. Green indicates the mean
generation success@20 after filtering randomly sam-
pled sets of features of the same size. Filtering results
in significant increase in generation success.

4 Identifying Features for Steering

The output score measures the alignment between
the effects of SAE features on the model’s output
distribution and the expected set of tokens—in our
case, their top logit lens tokens. In this section we
hypothesize that features with high output scores
are more effective for steering. To test this, we eval-
uate generation success when filtering out features
with low output scores at different thresholds.

4.1 Experimental Setup
We use 50 prompt prefixes and generate up to 20
tokens, obtaining 50 generated texts for each fea-
ture (more details in Appendix E). For each feature
we calculate the mean generation success across
the generated texts, and filter out steering factors
leading to generation success greater than 3. In-
tuitively, the generation success measures the rate
in which the model generates concept-related to-
kens. Based on early experiments, we find that 3
is a good upper value that balances steering and
coherence. We choose the optimal steering factor
as the one that maximizes Gen Success@20

Perplexity , where we
normalize both metrics to a 0–1 range by dividing
with the maximum value across all data samples.

4.2 Qualitative Results
Figure 2 demonstrates steering with two features
from Gemma-2-2B: one having a high input score
and low output score (an input feature), and the
other, an output feature, having a high output score
and low input score. Steering using the input fea-
ture fails to meaningfully influence the generation.
When using a high steering factor, this results in
repeatedly generating tokens related to the feature’s
activation, as if continuing from the word ”pri-
mary”. In contrast, steering using a feature with
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(a) Gemma-2-2B. (b) Gemma-2-9B.

Figure 5: Even in later layers of the model (16–25 for
Gemma-2-2B and 24–41 for Gemma-2-9B), filtering
features with low output scores increases mean genera-
tion success. Magenta: filtering by output scores. Green:
filtering random sets of features of the same size.

high output score and low input score using an op-
timal steering factor yields fluent and semantically
coherent completions. Additional examples are
shown in Appendix E.

4.3 Quantitative Results

Figure 4 shows the mean generation success @ 20
of steered generations when filtering out features
with output scores below varying thresholds (ma-
genta) on Gemma-2-2B and Gemma-2-9B. As the
threshold increases, performance improves steadily,
indicating that features with higher output scores
consistently lead to more successful steering. We
observe an increase in the mean generation suc-
cess score from around 0.5− 0.6 for both models
without any filtering, to 1.1–1.4 using a threshold
of 0.9. A threshold of 0.01 is sufficient for filter-
ing out about 60% of the features, increasing the
mean generation success by around 0.4 points. We
compare this against a random baseline (green): fil-
tering randomly sampled subsets of features of the
same size does not lead to any significant improve-
ments (results are average of 10 random samples
per subset size). Llama-3.1 and Pythia show similar
trends; see Appendix B.

The results in Section 3 suggest that features
with high output scores occur predominantly in
later layers. Figure 5 shows the generation suc-
cess when filtering based on the output score, eval-
uated only on features from later layers of the
model: 16–25 for Gemma-2-2B and 24–41 for
Gemma-2-9B. Taking only features from later lay-
ers, Gemma-2-2B and Gemma-2-9B achieve gen-
eration success scores of about 0.8. By considering
only top-scoring features, the mean generation suc-
cess increases to around 1.1–1.4 for both models.
These results show that even within these later lay-
ers, the output score is a useful tool for filtering out

Gemma-2-9B-it

L20 L31

Our results SAE(Sout≥0.1) 0.546 0.470
SAE(Sout≥0.01) 0.338 0.454
SAE(Sout≥0.001) 0.373 0.415
SAE(Sout≥0.0001) 0.325 0.401
SAE(No Filter) 0.293 0.387

AxBench
reported
results
(Wu et al. 2025)

Prompt 1.075 1.072
LoReFT 0.777 0.764
LoRA 0.602 0.580

ReFT-r1 0.630 0.401
DiffMean 0.322 0.158
SAE 0.191 0.140
SAE-A 0.186 0.143

Table 1: Results on the Concept500 dataset from
AxBench on instruction-tuned Gemma-2-9B. (Top)
Results when steering with SAEs after filtering out fea-
tures with Sout lower than different thresholds. (Bot-
tom) Results reported by Wu et al. (2025). Bold indi-
cates the best score, underline indicates the best score
among representation-based methods. Grey indicates
non-representation-based methods. After filtering based
on output scores, SAEs achieve the best score among
representation-based methods at L31, and reach 90.7%
of the best method’s performance at L20.

features that lead to poor steering results.

4.4 Evaluation on AxBench

AxBench was recently proposed as a dataset to
evaluate steering methods (Wu et al., 2025). They
compare steering with SAE features to other meth-
ods (including supervised methods), and find SAE
features relatively ineffective. However, we believe
this is partially due to a non-principled selection of
SAE features; we propose to remedy this using the
output score.

We evaluate our findings on instruction-tuned
Gemma-2-9B using the Concept500 dataset of Wu
et al. (2025), which includes 1000 ⟨concept, SAE
feature⟩ pairs from layers 20 and 31 of the model.
As in AxBench, we randomly sample 10 instruc-
tions for each concept-feature pair from instruction
datasets aligned with the concept’s genre. Five
are used to select the optimal steering factor (as
detailed in Section 4.1), and the remaining five
are used exclusively for evaluation. We evaluate
the steered texts using the metrics defined by Wu
et al.: (1) the concept score measures if the con-
cept was incorporated in the generated text; (2) the
fluency score measures the coherency of the text;
and (3) the instruct score measures the alignment
of the generated text with the given instructions.
For each feature, we compute the harmonic mean
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(a) Gemma-2-2B. (b) Gemma-2-9B.

Figure 6: Relationship between input and output
scores for features in Gemma-2-2B and Gemma-2-
9B. Most features lie near the axes, indicating that most
features are either input or output features—though a
few are both.

of the three metrics. See Appendix F for additional
details on the steering setup, metrics, and baseline
methods.

We report the mean score on layers 20 and 31 of
instruction-tuned Gemma-2-9B (Table 1). We find
a nearly threefold improvement in SAE steering
scores relative to Wu et al.. Note that our replica-
tion of their experimental setting (without filtering)
yields higher scores for SAEs; this can be a result
of different sampled instructions per feature,2 or
possibly due to evaluation instability introduced
by the use of an external LLM. With output score
filtering, SAE features top steering performance
among the representation-based methods at L31;
for L20, they get 90.7% of the performance of the
best method. This is in contrast with the results of
Wu et al., where SAEs significantly underperforms
ReFT-r1, a weakly supervised method they propose
as a competitive alternative to prompting. These re-
sults demonstrates that with effective feature selec-
tion SAEs are comparable with existing methods,
including supervised or weakly-supervised meth-
ods which require concept-specific datasets.

5 The Relationship Between Input and
Output Scores

We next examine how input and output scores in-
teract. Figure 3 suggests that high input and output
scores are rarely observed in the same layers, but
do they sometimes co-occur in the same features?

Figure 6 visualizes the relationship between the
two scores: Indeed, most samples cluster near the
axes, exhibiting either a high output score with
a near-zero input score, or vice-versa. However,

2Wu et al. (2025) sample 10 instructions per feature from
pre-existing datasets, but do not release these instructions. We
sample 10 instructions from the same datasets, which may be
different compared to the sample of Wu et al..

there do exist hybrid features: features with both
high input and high output scores.

Figure 7 illustrates generation results when steer-
ing with hybrid features from Gemma-2-2B. Gener-
ated tokens that also appear in the feature’s top-20
logit lens tokens are highlighted in magenta. These
are often not the top-ranked tokens under the logit
lens, but they tend to rank moderately high and
collocate with the top tokens (highlighted in blue).
For instance, for feature 6820 in layer 18, “con-
tact” is the top logit lens token, but the output text
repeatedly includes “lenses”, a token that appears
further down the list but that is semantically and
syntactically related.

We verify this intuition by quantifying collo-
cation patterns between generated tokens and top
logit lens tokens using their pointwise mutual infor-
mation (PMI)3. A PMI of zero indicates that two
tokens co-occur no more frequently than chance,
and negative and positive scores indicate lower- or
higher-than-chance co-occurrence, respectively.

Features with high output score (Sout ≥ 0.1) and
low input score (Sin < 0.1) have a negative PMI
value on average (Figure 8). This can be attributed
to the high generation success of these features, i.e.,
that the top logit lens token is equal to the generated
token. In most cases, two instances of the same
token are not likely to consecutively co-occur, thus
obtaining a low PMI score.

Importantly, features that have a high input score
(Sin ≥ 0.1) tend to generate tokens with signifi-
cantly higher PMI relative to their top logit lens
tokens, regardless of their output score values. This
suggests that hybrid features may be less favorable
for steering, despite their high output score.

6 Related Work

6.1 Stages of Processing in LMs

The different stages of processing within NLP mod-
els have long been studied (Belinkov et al., 2017;
Zhang and Bowman, 2018; Liu et al., 2019; Brun-
ner et al., 2020). In transformer-based LMs, a
large body of work shows that different properties
emerge in different layers. Early layers focus on
syntactic tasks such as POS, while semantic infor-
mation appears in later layers (Tenney et al., 2019;
Elazar et al., 2021; Geva et al., 2021). More recent
work has demonstrated that intermediate layers are

3We use the pre-computed PMI over the webtext corpus in
NLTK (Bird and Loper, 2004), and only include token pairs
that have this pre-computed score (100–200 pairs per model).
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Figure 7: Generation results when steering with features that have both high input and high output scores in
Gemma-2-2B. The top logit lens tokens (left; top-1 in blue) do not appear directly in the generated text (right). The
steered tokens (magenta), appearing lower in the logit lens ranking, often have strong collocational associations
with the top logit lens tokens.

(a) Gemma-2-2B. (b) Gemma-2-9B.

Figure 8: Pointwise Mutual Information (PMI) between
generated tokens and top-1 logit lens tokens, grouped by
input/output score thresholds. Features with high output
scores and low input scores (magenta) tend to have neg-
ative PMI values, likely due to exact token repetition
during generation, which indicates successful steering.
In contrast, features with high input scores (blue) con-
sistently yield higher PMI values, indicating stronger
collocational relationships with their top tokens.

responsible for retrieving factual knowledge and
enriching latent representations (Meng et al., 2022;
Geva et al., 2023; Hernandez et al., 2024; Arad
et al., 2024).

Another line of work has focused on so-called
prediction neurons, which increase the probability
of coherent sets of tokens. This work character-
izes prediction neurons by properties of their logit
lens distribution (Gurnee et al., 2024; Lad et al.,
2024; Bloom and Lin, 2024). In contrast, our out-
put score directly measures the causal effect of a
feature on predicting a pre-defined set of tokens via
counterfactual interventions. Relatedly, Lad et al.
(2024) have shown that neurons in early layers pay
more attention to input tokens in their proximity
compared to later layers, while prediction neurons

emerge later, after about 50% of the model depth,
in line with our findings on SAEs.

A closely related line of work aims to explain
SAE features in natural language—for instance, by
feeding inputs and activations into an external LLM
(Bills et al., 2023; Huben et al., 2024). However,
this method results in errors in both precision and
recall (Huang et al., 2023), and negatively (albeit
weakly) correlates with their causal role on average
(Paulo et al., 2024). Gur-Arieh et al. (2025) suggest
that SAE features are better explained in terms of
their activations and their effect on the output(as
quantified by projecting features into vocabulary
space). In this work, our aim is not to explain
features, but rather categorize them with respect
to their usefulness for steering. Additionally, we
differentiate between two key feature roles (often
mutually exclusive); this helps explain these prior
findings and failure cases.

6.2 Steering LMs

Many approaches exist for precisely influencing
the outputs generated by LMs (Zou et al., 2023).
These include prompt engineering (Wu et al., 2025;
Taveekitworachai et al., 2024), steering vectors
(Subramani et al., 2022; Teehan et al., 2022; Liu
et al., 2023) or inference-time interventions on ac-
tivations (Turner et al., 2023; van der Weij et al.,
2024; Rimsky et al., 2024). Steering was shown to
be useful not only for directing generated content
to a specific topic or concept, but also for style
transfer (Lai et al., 2024), mitigating hallucinations
(Li et al., 2023a; Simhi et al., 2024), and debiasing
(Li et al., 2025).

While most work in this area steers via interven-
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tions on full hidden states, earlier work attempted to
influence model behavior by intervening on small
sets of neurons (Bau et al., 2019). However, the
polysemanticity of neurons makes them poor can-
didates for effective steering (Bricken et al., 2023).
In contrast, SAEs were shown to result in mean-
ingful steering towards human-understandable con-
cepts; a famous example involved steering toward
responses related to the Golden Gate Bridge (Tem-
pleton et al., 2024), and another involved amplify-
ing or mitigating social and political biases (Dur-
mus et al., 2024; Marks et al., 2025). Recently,
Wu et al. (2025) evaluated SAE steering against
many methods, including supervised methods such
as full fine-tuning, prompting, and difference-in-
means (Larsen et al., 2016). They found that even
these simple baselines outperform SAEs. However,
our work shows that most of the gap can be closed
via more careful choice of SAE features. Typical
work chooses features for steering based on natu-
ral language explanations generated based on each
feature’s activation patterns (Huben et al., 2024;
Durmus et al., 2024); our findings instead suggest
that influence on output is a better proxy for steer-
ing efficacy, and that input activations have little
predictive power for finding good steering features.

7 Conclusions

We have formalized and analyzed two roles demon-
strated by sparse autoencoder (SAE) features. We
have defined the notion of an input score, which
captures the alignment of a feature’s activations
with its top logit lens tokens, and an output score,
which quantifies the alignment of the top logit lens
tokens with the feature’s effect on the model’s gen-
erations. We demonstrate that features with high
output scores are significantly more effective for
steering, whereas features with high input scores
are relatively ineffective, even when they appear
relevant to the steering concept.

Limitations

While our work provides an efficient framework for
identifying and leveraging output features for gen-
eration steering, several limitations remain. First,
our analysis is restricted to features extracted from
the residual stream, and does not account for fea-
tures derived from other components such as at-
tention or MLP layers. As a result, our taxonomy
may not capture the full range of functional roles
present across the model.

Additionally, our method focuses on steering us-
ing a single SAE feature. In practice, interactions
between features may lead to better and more com-
plex effects on generation (Wattenberg and Viégas,
2024; Singhvi et al., 2025). Understanding how
multiple features combine or interfere remains an
open challenge.

Ethical Considerations

Our work suggests a framework that improves
one’s ability to choose meaningful SAE features
for steering LMs. While steering can support posi-
tive use cases such as controllable text generation,
personalization, and bias mitigation, it can also
introduce risks that must be considered. In partic-
ular, steering methods can be used to manipulate
model outputs in ways that circumvent safety mech-
anisms or amplify harmful content. Additionally,
our methods rely on pre-trained models that may
contain biases or harmful associations. Although
our framework can help isolate and suppress such
patterns, it can also be misused to reinforce them.
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A Additional Steering Examples

Tables 2, 3, and 4 show examples of steering
Gemma-2-2B, Pythia, and Llama-3.1, respectively.
Features with high output scores result in meaning-
ful steering, while features with high input score
and low output score do not have any visible effect
on the generated text.

B Results on Llama-3.1-8B and
Pythia-70m

Figure 9 demonstrates the distributions of scores
across layers for Llama-3.1 and Pythia.

Figure 10 shows the mean generation success @
20 of steered generations when filtering out features
with output scores below varying thresholds (ma-
genta) on Llama-3.1 and Pythia. Similarly to the
Gemma models, as the threshold increases, perfor-
mance improves steadily, indicating that features
with higher output scores consistently lead to more
successful steering.

C Identifying Input Features

Appendix C shows examples of features from lay-
ers 0 and 1 having high input scores. For each fea-
ture, the table includes it’s top-5 logit lens tokens
as well as examples for input texts that activated
this feature. The tokens where the feature activated
most strongly are marked using an underline.

D Neutral Prompt Selection

Our output score relies on the use of a single neutral
prompt as a prefix to the model’s generation. To
evaluate the robustness of our score to the specific
choice or neutral prompt we randomly selected
10 features from each layer of Gemma-2-2B (240
features overall) and computed their output scores
using all 50 of the neutral prompts in Table 6. We
find that the correlation between the output score
computed with the original prompt and the mean

score is 0.9557, which is extremely high and indi-
cates that the exact choice of the prompt has almost
no impact on the results.

E Steering Details

For our main experiments, we test steering factor
values s ∈ {0.2, 0.4, 0.8, 1.2, 1.6, 2.0, 3.0, 4.0,
6.0, 8.0, 10.0, 20.0}. We generate 20 tokens using
a temperature of 0.7 after each of the prefixes listed
in Table 6.

F AxBench Details

Model Instructions. Each concept in the Con-
cept500 dataset is annotated as either ”text”,
”math”, or ”code”. Following their setup we ran-
domly sample 10 instructions per concept from
instruction datasets that match the concept genre:
Free Dolly dataset for text instructions (Conover
et al., 2023), GSM8K for math (Cobbe et al., 2021),
and Alpaca-Eval for code (Li et al., 2023b).

Steering Details. We generate up to 128
tokens per instruction, with a tempera-
ture of 0.7, using steering factor values of
{0.4, 0.8, 1.2, 1.6, 2.0, 3.0, 4.0, 6.0, 8.0, 10.0, 20.0,
40.0, 60.0, 100.0}. For each concept, five instruc-
tions are used to choose the optimal steering factor
(as described in 4.1), and the rest are used for
evaluation.

Metrics. We evaluate the steered texts using the
metrics defined by Wu et al.: (1) the concept score
(cs) measures if the concept was incorporated in
the generated text, (2) the fluency score (fs) mea-
sures the coherency of the text, and (3) the instruct
score (is) measures the alignment of the generated
text with the given instructions. For each metric
(m ∈ {cs, fs, is}) and steered text s, an external
rater returns a discrete score of either 0, 1, or 2:
m(s) ∈ {0, 1, 2}. As the external LLM rater, we
use Claude 3.7 sonnet (2025-02-19) (Anthropic,
2024). The prompts for all metrics are given in
Tables 7, 8, and9.

For each concept c, we compute each metric
over the five test instructions and take the mean:
m(c) =

∑
s∈S m(s)

|S| . The overall score of a con-
cept is the harmonic mean of the three scores:
(cs(c), fs(c), is(c)).

The cost of obtaining this score for the tested
features was 65 USD.

Baseline Methods. Table 1 shows the reported re-
sults of steering using various methods, as achieved
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Layer Feature
Input
Score

Output
Score

Top-5 Logit Lens Tokens
Optimal
Steering
Factor

Generated Text

11 10662 0.756 0
[’_engineers’, ’_engineer’,
’_engineering’, ’Engineers’,
’_Engineering’]

0.2

Funny thing is, I bought my
first pair of these shoes
(the black leather) over 20
years ago when

13 11961 0.778 0
[’_machines’, ’Machines’,
’machines’, ’ Machines’,
’_machine’]

0.2
A friend of mine once said, "I
always wanted to be an architect."

16 731 0.8 0
[’_exposure’, ’exposure’,
’_Exposure’, ’Exposed’,
’_Exposed’]

0.2
Findings show that children in the
United States are eating more breakfast
foods, but less fruit and vegetables.

18 9085 0.023 0.142
[’ activism’, ’ activists’,
’ activist’, ’ protest’, ’
protesting’]

6.0

I once heard that the biggest
and most powerful
movement for human civil activism
and peace movement, is an
movement for peace movement

19 10015 0.023 0.734
[’_profile’, ’_Profile’,
’Profile’, ’profile’,
’_PROFILE’]

4.0

Findings show that a profile
picture in your profile is helpful
and makes it more likely
that people will add you as a

19 10204 0 0.451
[’_crime’, ’_corruption’,
’_violence’, ’_fraud’,
’_crimes’]

1.6
Then the man said: "If I commit murder,
the crime will be on my conscience."

Table 2: Examples of steering with features with different output and input score values in Gemma-2-2B.

Layer Feature
Input
Score

Output
Score

Top-5 Logit Lens Tokens
Optimal
Steering
Factor

Generated Text

4 7772 0 0.794
[’_Firefox’, ’_Chrome’,
’_browser’, ’_Mozilla’,
’_browsers’]

1.2

Findings show that a
site may play a key role
in the development of a
web browser.

5 21568 0 0.474
[’_Barack’, ’_Obama’,
’_Donald’, ’_Trump’,
’_Bush’]

0.8

The legend goes that the guy
was a great- Barack Obama,
he’d probably be the biggest
supporter of Barack Obama ever

Table 3: Examples of steering with features with different output and input score values in Pythia-70m.
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Layer Feature
Input
Score

Output
Score

Top-5 Logit Lens Tokens
Optimal
Steering
Factor

Generated Text

2 25580 0.436 0
[’_sources’, ’_SOUR’,
’sources’, ’iped’,
’/source’]

0.8

That reminds me of the time
when I was in a public of knowledge
for the answer of information that said
the information was said that said

20 17816 0 0.669
[’_visa’, ’_immigration’,
’_Immigration’, ’_visas’,
’_Visa’]

1.6
I believe that the H-1B visa program
is an important tool for employers
to access the best talent to fill

26 21627 0 0.665
[’_disability’, ’_disabled’,
’_Disability’, ’_disable’,
’_Disabled’]

1.2
Findings show that the mainstream
media has a strong impact on public
opinion on disability.

Table 4: Examples of steering with features with different output and input score values in Llama-3.1-8B.

(a) Llama-3.1-8B. (b) Pythia-70m.

Figure 9: Input and output scores across layers in Llama-3.1-8B and Pythia-70m. The solid lines represent the
median input score (blue) and output score (magenta), while the shaded regions denote the interquartile range (25th
to 75th percentile), capturing the variability across features within each layer. In these models we observe that high
output scores emerge in later layers, while input score is mostly zero across all layers.

(a) Llama-3.1-8B. (b) Pythia-70m.

Figure 10: Magenta indicates the mean generation success@20 when filtering out features with output scores below
different thresholds. Green indicates the mean generation success@20 after filtering randomly sampled sets of
features of the same size. Filtering results in significant increase in generation success.
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Layer Feature Input Score Top-5 Logit Lens Tokens Activated Text

0 725 0.822 [’_she’, ’_It’,
’_we’, ’she’, ’_OHA’]

... euphoria and uncertainty. He asked himself, “ ...

... She also recalls the expeditions ...

... with a win. He said he’s ...

0 14772 0.889 [’inning’, ’inb’, ’inl’,
’IN’, ’inare’]

... deposition of both elastin and fib rillin ...

... I. Manin, Three-dimensional ...

... ,k\in {1,\dots ...

1 4413 0.844 [’cleared’, ’cle’, ’ clearing’,
’ clearance’, ’ cleaned’]

... set. Once we cleared all the debris, ...

... clearing room for a future ...

... If this were only cleared away," They said ...

1 3110 0.867 [’_deltas’, ’Delta’,
’DeltaTime’, \Delta, ’eltas’]

... large potential difference ($\Delta$ V = ...

... atmospheric thickness, $\Delta z_eff$, ...

... finite temperature bias $\Delta T$ generates a ...

Table 5: Examples of features with high input scores in early layers. Activated token are marked with an underline.

”Findings show that” ”It’s no surprise that” ”It’s been a long time since”
”I once heard that” ”Have you ever noticed that” ”In my experience,”
”Then the man said:” ”I couldn’t believe when” ”The craziest part was when”
”I believe that” ”The first thing I heard was” ”If you think about it,”
”The news mentioned” ”Let me tell you a story about” ”I was shocked to learn that”
”She saw a” ”Someone once told me that” ”For some reason,”
”It is observed that” ”It might sound strange, but” ”I can’t help but wonder if”
”Studies indicate that” ”They always warned me that” ”It makes sense that”
”According to reports,” ”Nobody expected that” ”At first, I didn’t believe that”
”Research suggests that” ”Funny thing is,” ”That reminds me of the time when”
”It has been noted that” ”I never thought I’d say this, but” ”It all comes down to”
”I remember when” ”What surprised me most was” ”One time, I saw that”
”It all started when” ”The other day, I overheard that” ”I was just thinking about how”
”The legend goes that” ”Back in the day,” ”Imagine a world where”
”If I recall correctly,” ”You won’t believe what happened when” ”They never expected that”
”People often say that” ”A friend of mine once said,” ”I always knew that”
”Once upon a time,” ”I just found out that”

Table 6: Neutral prefixes used for generation for main steering experiments.
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by Wu et al. (2025). We provide additional details
on each of these methods:

• Prompt. Given a concept, an external LLM
generates a steering prompt. This prompt is
then pre-pended to the actual instructions.

• LoRA. A parameter-efficient finetuning
method (Xu et al., 2024), trained to minimize
the language modeling loss on a set of positive
examples that contain the concept.

• LoReFT. Low-rank representation finetuning
(Wu et al., 2024), with the same objective as
LoRA.

• ReFT-r1. A weakly supervised approach
based on Wu et al. (2024) (Wu et al., 2025).
ReFT-r1 jointly learns concept detection and
steering on supervised data by combining the
training objectives of linear probing and su-
pervised steering.

• Difference-in-means. Difference-in-means
(DiffMean) (Larsen et al., 2016) uses the
difference between averaged representations
from two classes of inputs as a steering vector.

• SAE-A. SAEs with AUROC selection (Wu
et al., 2025). For each feature, its max-pooled
activations are computed over a set of posi-
tive training examples. Top-scoring features,
based on the AUROC over the dataset given
true labels, are used for steering.

License. AxBench and Alpaca-Eval are pub-
lished under an Apache license. GSM8K is pub-
lished under MIT license. Dolly is published under
Creative Commons Attribution Share Alike 3.0 li-
cense. All artifacts are used in compliance with
their license.

G Computational Requirements

The experiments in this work were conducted using
an NVIDIA A40 node with 8 48GB GPUs. The
complete set of experiments, including initial ex-
ploration, consumed 300-500 GPU hours.

Computing the output score for a single fea-
ture takes 6 seconds on average on a single A40
48GB GPU. Computing the input scores given pre-
computed activations takes negligible time.
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Concept Score

[System]
Please act as an impartial judge and evaluate whether the specified concept is presented in the
sentence fragment provided below. Focus solely on whether the concept is clearly incorporated,
without regard for grammar or logical coherence. Begin your evaluation by providing a short
explanation of whether the concept is clearly incorporated. Point out references to the concept
in the fragment, noting any minimal or awkward incorporations.
After providing your explanation, rate the concept’s relevance on a scale
from 0 to 2, where 0 indicates the concept is not present at all, 1 indicates the concept is somewhat
present but minimally or awkwardly incorporated, and 2 indicates the concept is more fully
and effectively incorporated, with stronger and more natural integration.
Provide your rating using this exact format: “Rating: [[score]]”.

[Concept Start]
[Concept goes here]
[Concept End]
[Sentence Fragment Start]
[Sentence goes here]
[Sentence Fragment End]

Table 7: Prompt used to compute the concept score.

Instruct Score

[System]
Please act as an impartial judge and evaluate whether the sentence fragment provided below
is related to the instruction. Focus solely on the degree of relatedness in terms of
topic, regardless of grammar, coherence, or informativeness. Begin your evaluation by
providing a brief explanation of whether the sentence is related to the instruction, and
point out references related to the instruction. After providing your explanation, rate
the instruction relevance on a scale from 0 to 2, where 0 indicates the sentence is unrelated
to the instruction, 1 indicates it is somewhat related but only minimally or indirectly
relevant in terms of topic, and 2 indicates it is more clearly and directly
related to the instruction.
Provide your rating using this exact format: “Rating: [[score]]”.

[Instruction Start]
[Instruction goes here]
[Instruction End]
[Sentence Fragment Start]
[Sentence goes here]
[Sentence Fragment End]

Table 8: Prompt used to compute the instruct score.
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Fluency Score

[System]
Please act as an impartial judge and evaluate the fluency of the sentence fragment provided
below. Focus solely on fluency, disregarding its completeness, relevance, coherence with any
broader context, or informativeness. Begin your evaluation by briefly describing the fluency
of the sentence, noting any unnatural phrasing, awkward transitions, grammatical errors, or
repetitive structures that may hinder readability. After providing your explanation, rate the
sentence’s fluency on a scale from 0 to 2, where 0 indicates the sentence is not fluent and
highly unnatural (e.g., incomprehensible or repetitive), 1 indicates it is somewhat fluent but
contains noticeable errors or awkward phrasing,
and 2 indicates the sentence is fluent and almost perfect.
Provide your rating using this exact format: “Rating: [[score]]”.

[Sentence Fragment Start]
[Sentence goes here]
[Sentence Fragment End]

Table 9: Prompt used to compute the fluency score.
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