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Abstract

Sparse autoencoders (SAEs) are typically ap-
plied at the single layer they were trained on.
We ask whether a pretrained SAE’s per-prompt
feature activations persist when the same SAE
is applied to residuals at deeper layers of the
underlying language model, and whether the
resulting cross-layer signal is strong enough
to drive per-prompt FFN neuron pruning with-
out any training or calibration data. Testing
three SAE families on three roughly 8B-scale
language models, we find adjacent-layer carry-
through is high across families (0.72-0.82 at
Lg.+1) and its rate of decay differs qualita-
tively across sparsification mechanisms, with
JumpReL U still activating half the features 17
layers downstream while TopK degrades within
about five. We propose FARN (Feature and
Anchor-based Removal of Neurons), a training-
free per-prompt FFN pruner that scores each
downstream neuron on the SAE’s decoder
columns weighted by the current prompt’s ac-
tive features, plus a prompt-independent an-
chor from the decoder bias. On six multiple-
choice benchmarks, keeping roughly 17-20%
of FFN neurons per layer, FARN closes the gap
to an activation oracle (a baseline that peeks
at the true downstream activations to pick the
top-firing neurons) to within 1.5 percentage
points and outperforms random, magnitude,
and calibrated static-activation baselines on ev-
ery model.

1 Introduction

It has been shown that in modern LLMs, only a
small fraction of feed-forward neurons contribute
meaningfully to each FEN layer’s output for any
given token (Liu et al., 2023; Zhang et al., 2022).
Subsequently various pruning methods have ex-
ploited this, differing mainly in how the impor-
tant subset is identified. Some train a predictor
that forecasts activations from the current resid-
ual (Liu et al., 2023; Akhauri et al., 2024) or apply
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activation-magnitude statistics calibrated on a held-
out set (Lee et al., 2024). Others prune statically
using activation-weighted magnitude and Hessian-
based importance scores (Sun et al., 2024; Frantar
and Alistarh, 2023).

Sparse autoencoders (SAEs) have emerged as
a standard tool for identifying interpretable fea-
tures in the activations of transformer language
models (Bricken et al., 2023; Huben et al., 2024,
Templeton et al., 2024). Each SAE is trained on
the residuals at a single layer, so its indices stand
for features whose meaning comes from that layer.
Encoding a residual gives us a value for each in-
dex, and the few that are nonzero tell us which
semantic features are present at that layer and how
strongly. Separately, prior work has shown that
many layers of pretrained LLMs are functionally re-
dundant (Gromov et al., 2025; Men et al., 2025), an
observation that has been leveraged to train sparse
autoencoders shared across groups of adjacent lay-
ers (Ghilardi et al., 2025). Motivated by these two
threads, we ask what happens when an SAE trained
at layer L is applied to residuals at deeper layers
L' > L. We hypothesize that the features active at
L stay active at I’, and that this leaves enough sig-
nal to guide FFN neuron pruning there. We call this
feature persistence, and it is a claim about the per-
sistence of which indices fire and how strongly, not
about the semantic meaning of an index, since that
meaning is tied to the layer the SAE was trained
on. In the remainder of the paper, when we refer to
a feature we mean the index the SAE activates, not
the semantic feature it corresponds to. A method
that re-uses an off-the-shelf SAE would remain
calibration-free and training-free, and every prun-
ing decision it makes would be traceable to SAE
features that fired at the source layer. We test this
hypothesis on three modern ~8B-scale base lan-
guage models paired with three publicly released
SAEs from different sparsification variants (TopK,
modified-TopK, and JumpReL U; details in §4.1),
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and propose FARN, a novel FEN pruning method
that operationalizes the findings. Our contributions
are:

* We empirically characterize SAE feature per-
sistence across layers: Applying a single SAE
at layers deeper than its training layer, we
find adjacent-layer feature carry-through (the
fraction of features active at layer L that re-
main active when the same SAE is applied
to a deeper layer) is high across the three
SAE families we test (0.72—-0.82 at the ad-
jacent layer) and decays with depth at a rate
that differs qualitatively across sparsification
mechanisms. For instance, JumpReLU retains
half the features 17 layers downstream while
TopK-based SAEs retain the same fraction
only 4-5 layers downstream.

* We propose FARN (Feature and Anchor-
based Removal of Neurons), an SAE-feature-
based FFN pruning technique: FARN scores
each downstream neuron on features activated
in previous layers together with a feature-
invariant anchor term. On six multiple-choice
benchmarks, keeping roughly 17-20% of FFN
neurons per layer, FARN comes within 1.5
percentage points of an oracle baseline and is
competitive with weight-only and calibration-
based baselines.

2 Related Work

Our work sits at the intersection of three lines of
research: cross-layer behavior of SAE features,
SAEs as downstream signals for practical tasks,
and FFEN pruning. This section places our contribu-
tion against each of these.

2.1 Cross-layer behavior of SAE features

Whether SAE features written into the residual
stream at one layer remain meaningful at deeper
layers has been approached in a few ways. Some
work jointly trains a single SAE on residuals from
multiple layers: Group-SAE (Ghilardi et al., 2025)
clusters layers by residual angular distance and
fits one SAE per cluster, while MLSAE (Law-
son et al., 2025) trains a single TopK SAE on
residuals from every Pythia layer. A second line
introduces new architectures with per-layer de-
coder heads: Sparse Crosscoders (Lindsey et al.,
2024) decompose residuals from several layers into

shared features with dedicated per-layer reconstruc-
tions. Crosscoders model cross-layer feature shar-
ing by design, whereas our work asks a question of
whether an unmodified single-layer SAE, one that
was never trained with cross-layer objectives, car-
ries usable cross-layer signal. A third line uses off-
the-shelf per-layer SAEs and learns a permutation-
based alignment between them. SAE Match (Bal-
agansky et al., 2025) does this on Gemma Scope
and reports feature persistence over roughly five
adjacent layers. Our setup differs in that we apply
a single unmodified SAE across all downstream
layers with no matching.

2.2 SAEs as downstream signals

This body of work uses SAEs not as objects of
study but as signals for downstream tasks: inter-
pretable, monosemantic features (Bricken et al.,
2023) usable for concept steering (Templeton et al.,
2024), and sparse feature circuits for causal anal-
ysis and editing (Marks et al., 2025), all treating
SAE features as actionable handles on model be-
havior. This established pattern of SAE-as-signal
also motivates our approach to ask whether SAE
features are meaningful enough to prune FFN com-
pute per prompt.

2.3 FFN pruning

Per-prompt FFN pruning is naturally motivated
by ReLU architectures where activation sparsity
is exact. Modern SwiGLU and GeGLU FFNs
do not produce exact zeros, and recent work re-
stores ReLU-style sparsity through activation re-
placement (Mirzadeh et al., 2024) or explicit spar-
sity regularization (Song et al., 2025). We take
modern SwiGLU/GeGLU FFNs as given and treat
per-prompt pruning as top-K magnitude selection
over their long-tailed activation distributions.
Existing methods in this regime fall broadly
into three families with three mask granularities.
Learned predictors (Liu et al., 2023; Akhauri et al.,
2024) train a small forecaster that recomputes the
mask at every decoding step from the current resid-
ual. Calibrated statistics (Lee et al., 2024) simi-
larly threshold per token using a magnitude pro-
file computed on a held-out corpus. Static impor-
tance methods (Sun et al., 2024; Frantar and Al-
istarh, 2023) compute a single mask offline using
activation-weighted magnitude and Hessian-based
importance scores, then reuse it across all inputs.
Between the per-token and static extremes lies a
middle ground where the mask is fixed at prefill
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and reused throughout decoding, giving per-prompt
sparsity without per-token overhead; this is where
FARN sits.

Most directly comparable to our setting
is the training-free, calibration-free subniche.
GLASS (Sattarifard et al., 2026) combines a lo-
cal activation-magnitude signal with a global prior
computed from self-generated activation statistics
via null-prompt stimulation, requiring no held-
out calibration corpus, and produces per-prompt
masks without either training a predictor or cu-
rating calibration data. We share this training-free,
calibration-free regime, but our pruning signal has a
different origin. We score each downstream neuron
by how strongly the SAE features that fired in ear-
lier layers (via their decoder directions) align with
that neuron’s gate/up projections, plus a feature-
invariant anchor term from the decoder bias. Be-
cause the score depends on which features fired,
the resulting masks are per-prompt, and each prun-
ing decision is traceable to specific, individually
interpretable SAE features at the source layer, a
property that activation-statistic priors cannot pro-
vide.

3 FARN

FARN assigns each FFN neuron at every down-
stream layer L' > Lg. two scores, a prompt-
conditional score derived from the SAE’s decoder
columns and a prompt-independent anchor score
derived from the SAE’s decoder bias. At inference,
the K-neuron budget is partitioned between the two
scores by a coefficient 5 € [0,1]. The top [SK |
neurons by anchor score and the top K — |SK |
(disjoint) neurons by prompt-conditional score are
selected, and their union forms the kept set for layer
L’. Figure 1 shows the overall pipeline.

Notation. We consider decoder-only transform-
ers whose feed-forward blocks use a gated linear
unit variant (Shazeer, 2020), element-wise multi-
plying a nonlinearly-activated gate against a linear
up-projection. At each block L, the FFN computes
wk.r

gate

FEN, (1) = Wsn (0 )© (W), (1)

where WgLate, Wu];, € RdmXdmosa WL ¢
Rwoaaxditn and ¢ is the gate activation (SiLU in
the SwiGLU variant used by Qwen and Llama,
GELU in the GeGLU variant used by Gemma).

Each neuron j owns one row of Wng and one of
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up» and one column of WE . We call the scalar

W) = o(Waaelisdr) - (Wiglidr) - @)
the intermediate output of neuron j at layer L: it
is the scalar coefficient that gets multiplied against
the j-th output column of W({gwn and added into
the residual stream. Pruning neuron j means forc-
ing h'[j] = 0, which skips its contribution to the
FFN’s output entirely and, in practice, lets an in-
ference engine avoid computing the corresponding
rows of ngite, WuLp and column of Wk for that
token.

A pretrained SAE at layer Ly, decomposes the

residual as

dfcat

TLyge A bdec + § Af Wi,
k=1

3)

where wy, = Wecl:, k] is the residual-space direc-
tion of feature k, Wyee € Rfmoder*dicar collects all
such directions, and bgec € R%med! s a learned bias.
Only a small subset S' C [dfeqt| of the coefficients
ay, is non-zero (typically |S| ~ 50-250 depending
on family); we write ag € R!S! for their values. For
readability we also abbreviate the gate and up read
directions of neuron j at layer L as gF = W[5, ]
and uf = Wlff,[j, .

The alignment matrix. We want a per-neuron
score that attributes each SAE feature & to the
neurons at downstream layer L’ most responsible
for realizing its contribution. Feature-attribution
methods answer questions of this shape either by
integrating gradients along an input path (Sun-
dararajan et al., 2017) or by linearizing causal
interventions (Nanda, 2023; Marks et al., 2025),
both of which require running the model on real
inputs. A closely related weight-space line applies
fixed projections between component matrices to
attribute residual-space directions to downstream
computation. The logit lens (nostalgebraist, 2020)
reads any intermediate residual through the unem-
bedding, with subsequent refinements such as the
tuned lens (Belrose et al., 2025), and this discipline
has since been used to characterize both individ-
ual FFN neurons (Gurnee et al., 2024) and SAE
features (Bloom and Lin, 2024) via alignments
with Wy, We adopt the same weight-space disci-
pline but change the target. Rather than projecting
through the unembedding to read what a compo-
nent predicts, we project SAE decoder columns



(1) Source layer & SAE

(2) Alignment & Anchor

(3) Ranking & Pruning

Precomputed once for each layer
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Figure 1: FARN inference pipeline. (1) The residual at source layer Ly, is encoded by a SAE, yielding a sparse

set of active features. (2) For every downstream layer L’, an alignment matrix AL and an anchor vector ¢

L are

precomputed. (3) Alignment & anchor scores rank neurons at downstream layers, and the top-K are kept.

through the downstream FFN’s gate and up ma-
trices to read which neurons will fire on a given
feature. If feature k is active with strength ay,
its first-order contribution to neuron j’s gate pre-
activation is ay, (g-L/ wy,) and to its up projection
is ag (ujL' %). Since h”'[j] multiplies o of the
gate against the up projection, feature k’s sensi-
tivity to the intermediate scales, to first order, as
] gjL’ “wg |- ]uf’ -wy|, and a neuron responds strongly
to feature k only when both its gate and up rows
are aligned with wg. Factoring out the prompt-
dependent ag, the purely geometric per-feature at-
tribution is the alignment matrix

A5 k) = | cwi|, @)

a data-free, per—feature attribution score deriv-
able from weight geometry alone. The prompt-
conditional score used at inference reweights these
entries by the active aj, values, defined in the selec-
tion rule below. Absolute values collapse the sign,
treating gate and up symmetrically as a linearized
alignment proxy that does not model o’s nonlin-
earity or possible suppression of features that align
negatively with the gate.

cwg] - fuf

The anchor score. The decoder bias bge. is a
fixed direction in residual space that the SAE
learned as the baseline residual it reconstructs to
when no feature is active. Applying the same
product-of-absolutes construction gives a prompt-
independent per-neuron score:

CL/[j] = |gjL/ ) bdec‘ : ‘UJL/ : bdec‘- (%)
L/

c™ ranks neurons by how strongly they respond to
the SAE’s baseline residual direction alone, with-
out any prompt-specific feature.

The ranking. At inference on a new prompt, we
forward the model up to layer Ly and encode
the residual through the SAE to obtain the active-
feature vector ag. Given a target sparsity budget K
(neurons kept per layer) and a mixing coefficient
B € [0, 1], FARN scores every FFN neuron at every
downstream layer L’ and selects

= A", k] ax, ©)

kes
’Cﬂchor = top-(| 8K |) neurons by c (7)
/Csae top-(K — | SK |) neurons by s (8)

The two sets are chosen disjoint, with the SAE-
scored neurons drawn from the neurons not already
in L' . The final kept set is K" = KL U
ICSLae, all other neurons at L’ have their intermediate
output set to zero. The anchor half of KL acts as a
prompt-independent set of universally-live neurons
that respond to the SAE’s baseline direction; the
SAE half is a prompt-conditional set of neurons
selected specifically for the features currently ac-
tive. The mixing coefficient 3 trades off between
the two, and its optimum is studied empirically in
Section 5.2.

4 Experimental Setup
4.1 Models and SAEs

We evaluate on three modern base LLMs, each
paired with a publicly released SAE from a dif-
ferent sparsification family: Qwen3-8B (Yang
et al.,, 2025) with a TopK SAE from Qwen-
Scope (Gao et al., 2025; Deng et al., 2026), Llama-
3.1-8B (Grattafiori et al., 2024) with a modified-
TopK SAE from Llama Scope (He et al., 2024),
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and Gemma-2-9b (Gemma Team et al., 2024) with
a JumpReLU SAE from Gemma Scope (Raja-
manoharan et al., 2024; Lieberum et al., 2024).
Qwen and Llama use the SwiGLU FFN variant;
Gemma uses GeGLU. Every SAE is applied at
layer Lg.=24 and used without any retraining,
fine-tuning, or per-layer adaptation. We choose
Ly.=24 because a shallower source layer would
prune the early FFN blocks, where a mask error car-
ries through more of the network that follows, and
a deeper one would leave too few FEN layers below
it for pruning to have any effect. At layer 24, 17 of
Gemma’s 42 FFN layers remain available to prune,
11 of Qwen’s 36, and 7 of Llama’s 32, which is
40%, 31%, and 22% of each network. We use the
same layer for all three models so that the family
comparison is not confounded with source depth.
We do not sweep Ly, so its effect on FARN’s
accuracy remains open. Persistence and FARN
scoring experiments (§4.2, §4.3) sample prompts
from wikitext-103 (Merity et al., 2017), truncated
to at most 512 tokens each.

4.2 Question 1: Feature persistence

We measure whether the SAE’s active feature set
at L. survives when the same SAE is applied at
deeper layers. (We compare activation patterns, not
semantic feature meanings.)

Setup. For each model, we forward n=>500 wiki-
text prompts and, at each layer L' > Lg., cap-
ture the residual at the last 8 non-pad token posi-
tions, yielding 4000 (prompt, position) samples per
(model, layer). We encode each captured residual
through the layer-Lg.. SAE, obtaining the sparse
activation vector ajs. Persistence is the extent to
which ay resembles ar, .

Metrics and rationale.
ties per (model, layer):

We report three quanti-

* Carry rate = | Sgc N Sr/|/| S|, the fraction
of features active at L, that remain active at
L.

¢ Pearson(a) on Sy, for features active at
Ly, correlation of their activation strengths
at L. versus L. Answers whether persist-
ing features preserve their magnitude, not
just their identity; FARN’s score s¥o=
S AL [j, k] ay, is linear in the ay, values, so
magnitude drift attenuates the score directly.

» FVU at L/, fraction of variance unexplained
when the layer-Lg. SAE reconstructs 7.
Measures whether the SAE’s decoder basis
still covers the deeper residual as a whole,
independent of which specific features fire.
Reconstruction fidelity is a separate property
from identification fidelity, and comparing
the two lets us diagnose whether an SAE has
stopped reconstructing but is still identifying
(or vice versa).

Carry and Pearson describe whether the SAE fires
the same features at the same magnitudes as at
Lg; FVU describes whether the SAE reconstructs
the residual well enough for the model to use it
downstream. FARN’s per-prompt score depends on
the former (the SAE encoder’s activation pattern)
and does not use reconstructions at all, so the two
sets of metrics report on independent axes of SAE
behaviour.

4.3 Question 2: FARN’s pruning signal and
downstream performance

If features persist, we still need to check two things
about FARN itself: does its score actually predict
which neurons fire, and does pruning on it preserve
model behaviour on real tasks? We test the first
geometrically (Q2a) and the second functionally

(Q2b).

Q2a: does the score predict actual firing? Us-
ing the same 4000 (prompt, position) samples
per (model, layer), we compute the FARN score
s [4] for every FFN neuron at every downstream
layer, and separately the actual intermediate out-
put magnitude |~ [5]| from the clean forward pass.
Magnitude is the pruning-relevant target because
pruning zeros a neuron’s contribution to the resid-
ual. We measure the agreement between the two
rankings using two metrics. Spearman rank cor-
relation (p) over all dg, neurons quantifies how
well FARN’s predicted ranking matches the actual
magnitude ranking. Top-K overlap, defined as
ltop-K (s"") N top-K (|h*'|)|/ K, is the fraction of
the K neurons FARN would keep that are among
the K hardest-firing; this is the pruning-relevant
quantity we emphasize, since p can be inflated by
the dense tail of small-magnitude neurons.

Q2a ablations. We further sweep two knobs
whose defaults FARN needs to justify. The K-
sweep varies K € {500, 1000, 2500, 5000, 7500}
at $=0.5, and reports top-K overlap at each K;
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(a) Feature identification persistence
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Figure 2: SAE feature persistence across depth for three sparsification families. (a) Carry rate: fraction of features
active at Ly, that remain active at L’. (b) Pearson correlation of activation magnitudes over Sg.. JumpReLU
(Gemma) sustains identification and magnitude far into depth; TopK (Qwen) decays sharply after ~5 layers;
modified-TopK (Llama) shows identity decay with preserved magnitudes.

this shows whether the score is sharpest at small
K, i.e. whether the neurons the score ranks highest
really are the ones most likely to fire. The 3-sweep
varies 5 € {0.25,0.5,0.75} at K=2500, and re-
ports top-K overlap for the mixed selection; this
probes whether the optimal budget split between
anchor and SAE score is empirically consistent
with the FARN default.

Q2b: does pruning preserve task performance?
We evaluate FARN pruning on six standard English
multiple-choice benchmarks: MMLU (Hendrycks
etal., 2021), HellaSwag (Zellers et al., 2019), ARC-
Easy, ARC-Challenge (Clark et al., 2018), Wino-
Grande (Sakaguchi et al., 2021), and PIQA (Bisk
et al.,, 2020). These are a widely used evalua-
tion suite for base LLMs and cover reasoning,
commonsense, and factual recall. We use the
Im-eval-harness (Gao et al., 2024) with a limit
of 300 examples per task and zero-shot prompt-
ing. For each model we compare FARN (5=0.5,
K=2500) against four baselines, all evaluated at
the same budget K =2500, plus the unpruned upper
bound:

* No pruning: the full model, kept as an upper
bound on accuracy.

* Random pruning: at every layer, keep a ran-
dom subset of K neurons and zero the rest.
Prompt-independent; a lower bound.

e Magnitude pruning: for each neuron j
at layer L', compute the combined weight
magnitude [ W [j, ]2 - [WE 1, ] a3 keep

the K largest.
independent.

Weight-only and prompt-

* Static activation-frequency (calibrated):
compute the mean absolute intermediate out-
put |hL'[f]| for each neuron over a cali-
bration set of held-out prompts; keep the
K most-frequently-active neurons. Prompt-
independent, but uses calibration data.

* Per-prompt activation (activation oracle):
at inference, run the FFN in full and rank
neurons by their actual intermediate output
|h%'[]| on the current prompt; keep the top
K. We call this an oracle because it has direct
access to the exact quantity FARN predicts
from proxies, so no method that must commit
to a mask before running the FFN can beat
it at reproducing FFN(L’)’s per-layer output.
It is not a competitive pruner because it must
run the full gate and up projections to compute
|h%'[f]| and only saves work on Wown, and
its per-layer optimality does not directly trans-
late to downstream task accuracy, since top-K
by |h| ignores the Wyown column norms and
interactions with subsequent layers.

We do not directly compare against DejaVu- or
ShadowLLM-style trained predictors. Those meth-
ods train a per-layer forecaster on labelled activa-
tions from the base model and therefore inhabit
a strictly stronger data regime than ours, so a
same-budget comparison would not be an apples-
to-apples test of the pruning signal itself.
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Figure 3: FARN pruning signal quality across three models at Ly, =24. (a, b) Vary downstream layer L’ at K=2500,
B=0.5. (a) Spearman p between predicted and actual neuron ranking. (b) Top-K overlap with the top-K firing
neurons (dashed = random baseline K /d,). (c) K-sweep at 3=0.5, averaged over downstream layers. (d) S-sweep
at K=2500, at two downstream layers per model (solid = Lg.+1, dashed = deepest measured). Optimum [

increases with depth in every family.

5 Results

5.1 Feature persistence

Figure 2 summarises persistence across depth for
all three SAE families. Adjacent-layer carry-
through is high across families: at Ly.+1, carry
rate ranges from 0.72 (Gemma) to 0.82 (Qwen),
with Llama at 0.81; Pearson(a) is above 0.93 in
all three cases. The SAE at L, transfers to the
very next layer with almost no loss, regardless of
sparsification mechanism.

Extended-depth carry rates diverge qualita-
tively across families. JumpReLU (Gemma) re-
tains half the features 17 layers past Lg.; TopK
(Qwen) drops below half within 5; modified-TopK
(Llama) shows the fastest identity decay but pre-
serves activation magnitudes (Pearson stays above
0.6 through L+6). These trajectories bound the
depth over which FARN’s SAE-derived pruning
signal remains useful, and imply that work need-
ing cross-layer feature attribution gets further with
a JumpReLU checkpoint than with a comparable
TopK one.

Reconstruction fidelity decays faster than

identification. FVU stays near its in-domain Lg
value one layer past Ly across all families, but
grows with depth. Qwen’s FVU stays between 0.4
and 0.7 across intermediate depths before jumping
to 0.87 at its final layer, Llama’s grows monotoni-
cally from 0.55 to 2.30 over 7 layers, and Gemma’s
blows up from 1.45 in-domain to 24.05 at L=41
(Appendix C). By the deepest layers on each model,
identification signal outlasts reconstruction fidelity.

On Gemma we also observe that carry rate and
FVU move somewhat independently across depth:
on the three JumpReLU L checkpoints we test (34,
61, 114), identification stays roughly Lg-invariant
while reconstruction FVU grows with depth and
worsens sharply with lower Ly. We do not draw
a general claim from this since we do not sweep
Ly on TopK or modified-TopK families; the cor-
responding curves are in Appendix B. We also
measured ACE, the increase in next-token cross-
entropy when the SAE reconstruction is spliced
into the forward pass at L', across all three fam-
ilies; the picture matches FVU, with functional
reconstruction loss nontrivial from Lg,.+1 onward
and growing with depth in a family-dependent way
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(Appendix D).

5.2 FARN’s pruning signal

Figure 3 combines the four measurements FARN’s
pruning signal must pass. Panels (a) and (b) vary
depth at the default K=2500, 5=0.5. Spearman
p is positive at every layer of Llama and Gemma
and at all but the deepest layer of Qwen, with
values ranging from —0.03 (Qwen’s final layer,
where the SAE feature signal collapses) up to 0.35
(Llama’s deepest layer). Top-K overlap sits com-
fortably above the random baseline (0.20 for
Qwen; 0.17 for Llama and Gemma) at every depth,
with headline overlap values roughly 0.30-0.51.
On Llama, both metrics counterintuitively rise with
depth despite persistence collapsing (carry rate
reaches 0.06 at L=31); we suspect this reflects
the deep-layer FFN concentrating its firing on a
smaller set of neurons, making the top-K ranking
easier to hit for any reasonable score.

Panels (c) and (d) vary K and 5. Because FARN
operates at downstream layers L' > L., both
sweeps have to pick specific L’ choices; panel (c)
averages the K -sweep over all downstream layers,
and panel (d) traces the 5-sweep at two represen-
tative L' per model, the near-source layer Lg.+1
(solid, L=25) and each model’s deepest measured
layer (dashed). The K-sweep shows the signal is
sharpest at the top of the ranking; at K=500 (top
4% of neurons), overlap is several times above the
random baseline on every model, and as K grows
toward dg, overlap trivially approaches 1, so the
informative regime is small i, exactly the pruning-
relevant regime. The S-sweep reveals a pattern
common to all three families, optimal 3 increases
with depth, from SAE-heavy near L. (best at
(5=0.25) to anchor-heavier at the deepest layers,
consistent with the SAE feature signal weakening
at depth and the prompt-independent anchor taking
over. The effect is most dramatic on Qwen (op-
timum shifts from 5=0.25 at L=25 to §=0.75 at
L=35), and mildest on Gemma, whose JumpReLU
signal barely weakens. The default 3=0.5 is a com-
promise that never trails the depth-optimal choice
by more than a few points. Comparing 5=0.5 di-
rectly against the SAE-only (5=0) and anchor-only
(8=1) endpoints across all depths further shows
that the mix protects against both failure modes:
the SAE-only endpoint collapses toward random
at Qwen’s deepest layers, and the anchor-only end-
point consistently lags near L. on every model
(Appendix A).

5.3 Downstream pruning

Table 1 reports zero-shot accuracy on six MC
benchmarks with K'=2500 neurons kept per FFN
layer (roughly 17-20% retention). FARN matches
the activation oracle within 1.5 percentage
points (pp) across all three models: the gap is
1.5 pp on Qwen, —0.5 pp on Llama (FARN slightly
exceeds the oracle), and 1.3 pp on Gemma. Since
the oracle uses the model’s own downstream acti-
vations at each pruned layer to pick the true top- K
firing neurons, it is the natural ceiling for reproduc-
ing the FFN’s per-layer output. It is not a strict up-
per bound on downstream accuracy, as the —0.5 pp
Llama result illustrates: top-K by |h/| is not equiva-
lent to top-K by contribution to the residual down-
stream. Closing the gap to 1.5 pp with a purely
weight-space, training-free score is our headline
outcome.

FARN also beats the training-free /
calibration-based baselines by wider mar-
gins. Against random pruning, the improvement
is 10.7-22.2 pp; against magnitude-based static
pruning, 2.5-23.2pp; against calibrated static-
activation pruning, 0.9—4.2pp. The gap over
calibrated static activation is narrowest on Llama,
where the model’s activation patterns are stable
enough that a corpus-averaged prior is competitive,
and widest on Qwen. On Gemma, magnitude-
based pruning collapses (accuracy drops from
0.724 to 0.403), but FARN’s SAE-feature pruning
preserves 88% of unpruned accuracy.

Calibration-dependent baselines can also suffer
under domain shift, since their pruning signal is
computed on one distribution and applied on an-
other. FARN has nothing to calibrate. The align-
ment matrix and anchor come from weights and
SAE decoders, and per-prompt selection depends
only on which SAE features fire at L on the cur-
rent prompt, so this failure mode does not apply by
construction.

6 Conclusion

We show that a single SAE trained at one layer of
a modern LLM continues to fire a substantial frac-
tion of the same features when applied to residuals
at layers well past its training point, with the rate
of decay differing qualitatively across sparsifica-
tion mechanisms. This cross-layer signal is strong
enough to drive a training-free per-prompt FFN
pruner (FARN) whose pruning decisions come
within 1.5 percentage points of an activation oracle
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Method Qwen3-8B Llama-3.1-8B Gemma-2-9b
Acc A Acc A Acc A
No pruning (upper bound) 0.677 — 0.677 — 0.724 —
Random 0500 —17.7 0534 —143 0413 -31.1
Magnitude 0.545 -—-132 0616 —6.1 0403 -—32.1
Static activation (calibrated) 0575 —103 0.632 —45 059 —12.8
Per-prompt activation (oracle) 0.632 —4.5 0.636 —4.1 0.648 —7.6
FARN, SAE-only (5=0) 0.608 —-69 0629 —48 0610 -—114
FARN (ours, 5=0.5) 0617 —-6.0 0641 -36 0.635 -89

Table 1: Zero-shot accuracy on six MC benchmarks (MMLU, HellaSwag, ARC-Easy, ARC-Challenge, WinoGrande,
PIQA; 300 examples each), averaged over tasks. Kept-neuron budget K =2500. Accuracy drop (A) is in percentage
points versus the no-pruning upper bound. FARN closes the gap to the activation oracle to within 1.5 pp on all three
models and beats every training-free or calibration-based baseline. The SAE-only row (5=0) shows that the anchor
contributes 0.9-2.5 pp on top of the SAE-alignment signal.

and outperform magnitude, random, and calibrated
static-activation baselines. Every FARN pruning
decision remains traceable to specific SAE fea-
tures at the source layer, a property that activation-
statistic priors and trained predictors do not afford.

Limitations

We evaluate three ~8B-scale base models spanning
three SAE families; scaling behaviour and family-
dependent trajectories at 70B and above are open.
Downstream numbers are reported at a single spar-
sity budget (K=2500) and a single source layer
(Lgre=24). We do sweep K for the top-K overlap
in Figure 3(c), but the corresponding downstream
accuracy-versus-K curve and an Ly, sweep are
natural follow-ups that more aggressive sparsity
or different source layers could reshape. Persis-
tence is measured through activation patterns, not
the semantic content of the features that fire, so
whether persisting features also persist in meaning
is a separate question we do not test.
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A FARN component ablation

Figure 4 isolates the two components of FARN’s
pruning signal, showing top-K overlap at K=2500
for the SAE-only endpoint (8=0), the anchor-
only endpoint (5=1), and the default mixed selec-
tion (5=0.5) at every downstream layer for each
model. The mixed selection is either the winner or
a safe near-winner at every depth. The SAE-only
endpoint collapses toward the random baseline at
Qwen’s deepest layers, and the anchor-only end-
point consistently lags near L. across all three
models. The mix therefore protects against both
failure modes: it inherits the SAE signal where
features are still identifiable, and falls back to the
prompt-independent anchor when they are not.

B Gemma-2-9b [, sweep: carry rate and
FvVU

Figure 5 shows carry rate and FVU on Gemma-
2-9b with the pretrained Gemma Scope SAE at
Ly.=24, for three JumpReLU Lj checkpoints
(Lo € {34,61,114}). Carry rate is nearly Lg-
invariant; FVU separates cleanly and grows with
depth. We do not sweep L on the other SAE fami-
lies.

C Reconstruction FVU across depth

Table 2 reports the fraction of variance unexplained
(FVU) when the layer-Lg. SAE reconstructs the
residual at each downstream layer L', at four depth
checkpoints per model. The in-domain FVU at
Ly differs across families, reflecting the different
SAE architectures rather than any cross-layer effect.
From Lg.+1 onward, FVU grows with depth in a
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Figure 4: Top-K overlap at K=2500 for the three FARN variants across downstream layers, one panel per model.
Mixed (8=0.5, solid teal) is the FARN default. SAE-only (=0, dashed red) and anchor-only (=1, dotted grey)
are the two endpoints. Dotted horizontal line marks the random baseline K /d,.
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Figure 5: Gemma-2-9b feature persistence and reconstruction fidelity across three JumpReLU L checkpoints (34,
61, 114). (a) Carry rate is nearly identical across the three L settings. (b) FVU separates cleanly, growing with

depth and worsening at lower Ly.

family-dependent way, with Gemma’s rise the most
dramatic.

Model 24 25 30 Deepest
Qwen3-8B 0.70 0.62 0.52 0.87
Llama-3.1-8B 0.43 0.55 1.37 230
Gemma-2-9b 145 150 3.11 24.05

Table 2: FVU at four depths per model, with the SAE
taken from Lg,.=24. Column headings are layer indices.
The deepest measured layer is 35 for Qwen, 31 for
Llama and 41 for Gemma. Standard errors are < (.15
and are omitted for readability.

D Reconstruction ACE across depth

As a functional check on reconstruction fidelity
we also measured ACE, the increase in next-token
cross-entropy loss when the layer-Lg,. SAE’s re-
construction of the residual is spliced back into the
forward pass at each downstream L', on the first

Model 25 30

Qwen3-8B +1.83 +1.86 +11.24
Llama-3.1-8B  +1.64 +3.97 +8.06
Gemma-2-9b +2.49 +1.86 +4.95

Deepest

Table 3: ACE (nats) at three depths per model, with the
SAE taken from Ly .=24. Column headings are layer
indices. The deepest measured layer is 35 for Qwen,
31 for Llama and 41 for Gemma. Standard errors are
< 0.09 nats and are omitted for readability.

100 wikitext prompts. Table 3 reports ACE at three
depth offsets per model.

ACE at Lg.+1 is already 1.6-2.5 nats across
every family, so the SAE reconstruction is not func-
tionally interchangeable with the true residual even
one layer past L. Depth trajectories track FVU,
with Gemma rising modestly, Llama monotonically,
and Qwen staying flat until its final layers, where it
blows up.
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