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Abstract

Language-model features can predict brain responses. Do the features that matter most
for this prediction also matter for predicting the model’s own hidden state? We compare
sparse-autoencoder (SAE) features using fMRI from 59 people listening to two narrations.
We select features and fit separate predictors of fMRI responses and the model’s final
hidden state on one narration, evaluate on the other, and repeat in reverse. We subtract
each feature’s contribution from the fixed predictions and compare the signed decreases
in held-out variance explained. Across six model–SAE pairs and both directions, mean
rank correlation is −.056, and no model passes both timing and feature-identity tests in
both directions. Simulations show why this null is inconclusive. At 256 features, known
positive correspondence is detected in only 1.6%–10.4% of replicates across 64 conditions
from two model families, including planted correlation .80. The false-positive fraction is
set to 5%. An exploratory sweep recovers median correspondence of .56 at 24 features and
.02 at 256, despite the same planted .80. Separate controls recover the fMRI predictor’s
planted ranking much better with Gaussian predictors of the same shape. These simulations
test reliance estimation with fixed predictor matrices, leaving the full transfer procedure’s
sensitivity unmeasured. The empirical null cannot rule out shared brain–model organization:
prediction and repeatability need a separate check that the analysis can recover known
feature agreement.

1 Introduction

Encoding models use the internal states of language models (LMs) to predict fMRI responses recorded while
people listen to stories (Huth et al., 2016; Wehbe et al., 2014; Jain & Huth, 2018; Toneva & Wehbe, 2019;
Schrimpf et al., 2021; Kumar et al., 2024). Sparse autoencoders (SAEs) decompose these dense residual-stream
vectors into sparsely active features (Cunningham et al., 2023; Lieberum et al., 2024; He et al., 2024). Recent
studies use these features to predict brain responses and map predictive accuracy across cortex (Lepori et al.,
2026; Guo et al., 2026). Related work aligns vision-model SAE units with voxels (Mao et al., 2025). These
results raise a further question: when the same SAE features predict both brain responses and an LM’s
hidden state, do the two fitted predictors rely on the same features?

We fit two regressions to the same feature bank: one predicts cortical blood-oxygen-level-dependent (BOLD)
responses, and the other predicts the LM’s hidden state. A feature can help one predictor and contribute little
to the other. For each feature, we subtract its fitted contribution from the fixed prediction and recompute
held-out R2

oos, which measures prediction relative to the training mean. The decrease in this score is the
feature’s reliance value. It is negative if subtracting the contribution improves prediction. The values form a
reliance profile. We compare their rankings between predictors. This calculation leaves brain activity and the
LM unchanged.

These rankings may be difficult to estimate even when the features predict the targets. Good predictions
can combine features whose individual contributions are hard to distinguish. A ranking that repeats across
participant groups may also reflect a stable property of the predictors or fitting procedure. We therefore
use simulations with known contributions to ask how well the fitted profiles recover each ranking and the
agreement between them.
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We select features from one Narratives narration (Nastase et al., 2021) and fit regressions to predict each
listener’s BOLD responses and the LM’s hidden state. We evaluate these regressions on the other narration
with the feature bank and regression parameters fixed. Reversing direction selects a new bank and fits new
regressions (Figure 1). The pretrained LM and SAE are unchanged.

Neither prediction target is used to select the bank. We standardize features to remove arbitrary differences
in their units and evaluate on another narration to test transfer beyond the selection text. Temporal and
feature-identity nulls test whether shared timing or layer composition can explain agreement between the
profiles.

The empirical comparison finds no consistent correspondence. Simulations show why that result is inconclusive:
with 256 features, the estimator detects planted correspondence in only 1.6%–10.4% of replicates across
the tested positive conditions. Smaller banks recover more cross-system correspondence, while separate
Gaussian-predictor controls recover individual rankings more accurately. We present the simulations first
because poor recovery limits what the empirical null can tell us about shared organization between brain and
model.

2 Related work

Encoding models and their evaluation. Encoding studies predict brain responses from stimulus features
(Huth et al., 2016; Wehbe et al., 2014; Jain & Huth, 2018). Studies using LM activations often call the
predictive correlation neural predictivity or brain alignment (Toneva & Wehbe, 2019; Schrimpf et al., 2021;
Caucheteux & King, 2022; Goldstein et al., 2022; Kumar et al., 2024). These scores can reflect acoustics,
story position, or temporal autocorrelation as well as linguistic content. Evaluation methods address these
confounds by holding out contiguous blocks, comparing predictions with stimulus-level baselines, and assigning
separate penalties to feature groups (Nunez-Elizalde et al., 2019; Dupré la Tour et al., 2022; Hadidi et al.,
2026). We adopt these methods when evaluating prediction and correspondence.

Sparse features. SAEs represent activations through sparse features and a learned decoder (Bricken et al.,
2023; Cunningham et al., 2023; Templeton et al., 2024; Lieberum et al., 2024; He et al., 2024). The dictionaries
used here all have JumpReLU-form encoders (Rajamanoharan et al., 2024). Llama Scope checkpoints were
trained as Top-K SAEs and released in a fixed-threshold JumpReLU form (He et al., 2024). The learned
features depend on the model, layer, dictionary width, and seed (Leask et al., 2025; Paulo & Belrose, 2025).
Feature splitting and absorption further complicate their interpretation (Chanin et al., 2025). Brain–SAE
studies use sparse features for interpretable encoding and cortical mapping (Lepori et al., 2026; Guo et al.,
2026; Mao et al., 2025). The closest study, Lepori et al. (2026), asks whether alignment reflects primary
rather than idiosyncratic variation in LM representations. Our comparison instead uses the feature-by-feature
losses of two separately fitted predictors, followed by tests of whether their rank agreement can be recovered
from known planted profiles.

Earlier work questions whether successful encoding identifies the underlying computation (Antonello & Huth,
2024; Tuckute et al., 2024). The model-reliance literature likewise distinguishes prediction from reliance on a
variable (Fisher et al., 2019). We apply that distinction to BOLD and LM predictors fitted with the same
SAE features, then test whether the analysis can recover known agreement between their reliance profiles.
The simulations specify ablation-loss rankings directly, because agreement between signed coefficients need
not produce agreement between ablation losses.

3 Study design

3.1 Narrations and brain data

We use the Physical and Social audio runs from Narratives (OpenNeuro ds002345; Nastase et al. 2021;
OpenNeuro 2021). Both describe the same animation of geometric shapes: Physical describes their
movements, while Social presents them as characters with intentions (Nastase et al., 2021). This contrast
lets us test transfer between descriptions of a common stimulus with different vocabulary. Both recordings last
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1  Two narrations
Physical ↔ Social: same 59 listeners

Reverse direction: reselect the bank and refit the readouts

2  Select features from the source description only
256 features from six SAE layers; ranked by on/off variance

Selection uses no BOLD, LM target, or held-out text

3a  Fit BOLD readout
Ridge per listener; 200 parcels

Five lagged columns per feature

3b  Fit LM readout
Ridge to the final hidden state
Unlagged feature predictors

4  Transfer, ablate, and compare
Keep regression weights and scaling fixed on the other narration
Subtract feature contributions; compare signed loss rankings (ρ)

Temporal null
Shift both LM targets

Retune and refit: 199 draws

Identity null
Permute labels within layer

10,000 draws

Calibration
Plant correspondence

Measure detection

Figure 1: Feature selection and evaluation across narrations. We select features and fit the BOLD and LM
readouts on one narration, then evaluate them on the other with regression weights and scaling fixed. For
each feature, we subtract its contribution from the fixed predictions and recompute held-out R2

oos. Spearman
ρ compares the signed decreases between readouts. Reverse transfer selects a new bank and refits the readouts.
Both null tests must reject to support correspondence; simulations assess recovery of planted correspondence
with fixed predictor matrices.

about 458 seconds (7 minutes 38 seconds), including the opening jingle and silence. All 59 participants heard
both in counterbalanced order. After removing the shared jingle from the transcripts, their content-vocabulary
Jaccard overlap is .10 (Appendix A).

We extracted BOLD time series from fMRIPrep derivatives (Esteban et al., 2019) in MNI152NLin6Asym
space. We used the Schaefer-2018 atlas to group voxels into 200 cortical parcels spanning seven networks
(Schaefer et al., 2018). We removed 24 motion terms and six anatomical CompCor components by regression
(Behzadi et al., 2007), detrended the signals, and applied a 0.008-Hz high-pass filter. Each parcel was then
standardized within run using uncensored time points. Time points with excessive motion or signal change,
or non-steady-state signals, were excluded from fitting and evaluation (details in Appendix B). The retained
time grids contain 303 and 305 TRs, respectively, at 1.5 seconds per TR.

We test Gemma 2 2B and 9B with Gemma Scope, Llama 3.1 8B with Llama Scope, and Gemma 3 1B, 4B,
and 12B with Gemma Scope 2 (Gemma Team, 2024; Grattafiori et al., 2024; Gemma Team, 2025), each at six
residual-stream layers. Each model–direction pair is a cell: P→S means fitting on Physical and evaluating
on Social.
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3.2 Feature selection from the source description

We tokenize the transcript and process it in consecutive 1,024-token causal windows. At each selected
layer, the SAE encodes every token. We average each feature’s activations within each TR, placing the full
dictionary on the fMRI time grid. The LM target is the final hidden state averaged over the same tokens.
Predicting this target assesses an internal representation, not effects on next-token predictions.

Feature selection uses only source-description activations. A feature is eligible if it is active in at least five
source TRs and no more than 95% of them. Within each layer, we rank eligible features by their on/off
variance, p(1 − p), which is largest at p = .5. Here p is the fraction of source TRs with nonzero activation.
We interleave the six rankings to balance layer contributions. The main bank contains K = 256 features.
Nested banks of 64 to 1,024 test sensitivity to bank size. We select one bank per transfer direction and repeat
selection inside each training fold for within-description analyses. Selection uses no BOLD values, LM targets,
held-out text, or fitted results.

3.3 Fitting the BOLD and LM predictors

To predict BOLD responses up to six seconds after the words, we include five columns per feature, at lags
of 0 to 4 TRs. We fit one ridge regression per participant to all 200 parcels. At K = 256, this gives 1,280
predictor columns for about 300 time points and requires strong regularization. The LM regression uses
unlagged features because its target comes from the same tokens.

Both regression models are evaluated on five contiguous outer test blocks. A four-TR gap on each side of a
test block prevents overlap between training and test lagged predictors. BOLD cleaning and filtering use the
full run before splitting, so preprocessing is shared across within-description folds (Appendix B). Inner folds
select the ridge penalty from a fixed twelve-value grid. We standardize predictors and targets using training
rows only and select separate penalties to maximize Pearson r and out-of-sample R2

oos. The latter compares
predictions with the training mean. A negative value means they perform worse than that constant. As
specified before examining results, the prediction benchmark uses r-tuned models and the reliance analysis
uses R2

oos-tuned models.

3.4 Measuring reliance after transfer

For transfer, we refit each regression on the source description with its most frequently selected penalty and
apply its regression weights and scaling unchanged to the other description. We repeat in reverse. We then
subtract each feature’s contribution from the fixed prediction, including all five BOLD lags. This calculation,
which we call ablation, is equivalent to zeroing the feature’s standardized inputs at their training mean.
Reliance is the original minus adjusted R2

oos, averaged over target dimensions and, for BOLD, participants:

Ik = R2
oos(Y, Ŷ ) − R2

oos(Y, Ŷ (−k)). (1)

Here Ŷ (−k) is the prediction after subtracting feature k’s contribution. A negative Ik means this subtraction
improves prediction. We compare the two reliance profiles using Spearman correlation. The result describes
the fitted predictors (Fisher et al., 2019); it does not establish causal feature use by the brain or LM. Because
correlated features can substitute for one another, we also subtract the joint contributions of source-defined
clusters.

For one target, let e = y − ŷ be the prediction error and gk the contribution being subtracted. Expanding
the squared error gives the target’s ablation loss:

∆k = ∥gk∥2 + 2e⊤gk∑
t∈test(yt − ȳtrain)2 . (2)

The reported Ik averages these losses across target dimensions and, for BOLD, participants. The squared
contribution is nonnegative, but its cross-term with prediction error can make the loss negative. In a noiseless
planted predictor, the error is zero and only the squared contribution remains. This distinction explains why
calibration must control the loss rankings directly rather than coefficient signs.
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Coefficient magnitudes depend on predictor units, which can create apparent agreement when the two
regression models share activation scales. Standardization based on training data removes these arbitrary
units. Held-out ablation losses still depend on how often features activate, their correlations, distribution
shift, and estimation error (Section 4.4).

3.5 Testing against temporal and identity nulls

Shared narrative timing can produce positive correspondence without shared feature reliance. To test this
possibility, we circularly shift the LM targets 199 times. Source and held-out targets receive independent
offsets of at least ten TRs, drawn once per direction and bank size and shared across the six models. For each
draw, we reselect the penalty, refit and transfer the LM predictor, and compare its new reliance profile with
the fixed BOLD profile. This temporal null tests whether correct timing gives more agreement than shifted
timing. For each draw, we average the twelve cell correlations using the same shift index to form a pooled null.
We compare the observed mean with these 199 null means using p = (1 + #{ρnull ≥ ρobserved})/200. Sharing
offsets across models preserves their common retiming within each direction. We report raw per-cell p values
and assess multiple testing across the twelve primary temporal tests with Benjamini–Hochberg correction.

The identity null tests whether exact feature identities matter by shuffling LM feature labels within each
layer for 10,000 draws, preserving layer composition. Both null tests use the upper tail. Lower-tail results
are explicitly labelled. Evidence of correspondence requires passing both tests in both transfer directions.
The identity null need not be centered at zero because the permutations preserve between-layer structure.
Passing this test shows that exact feature pairing matters relative to those permutations. The decision rule
also requires positive correspondence and the temporal test.

3.6 Calibration with known feature reliance

The simulations combine Gemma 2 2B and Llama 3.1 8B, variance-selected and correlation-pruned banks,
and both transfer directions, giving eight designs. Each uses the held-out narration’s predictor matrix for
the source-selected bank at K = 256. BOLD predictors retain the five lags, participant-by-time rows, and
censoring pattern. LM predictors use TR-level rows without lags. The four-TR purge and feature groups are
also retained.

We plant agreement between the noiseless ablation-loss rankings that the analysis is intended to recover. For a
planted linear predictor, group k has loss proportional to β2

kck, where ck = ∥
∑

j∈Gk
x̃j∥2 and Gk contains the

group’s standardized predictor columns. We generate two positive loss profiles p, q with a chosen Spearman
correlation. For non-silent groups, setting

βk = sk

√
pk/ck, sk ∈ {−1, +1}, (3)

gives the BOLD predictor the desired loss ordering; we use q analogously for the LM predictor. Signs are
drawn independently for the two systems. Silent groups receive zero coefficients. Finite rank resolution
and ties can shift the realized correlation from its nominal value, so we record it in every replicate. This
construction replaces the first calibration’s signed coefficients, whose correlation did not specify agreement
between ablation losses (Appendix K).

Random loadings mix each signal into the target dimensions. We scale it to one or two times the mean per-
target standard deviation of the empirical residuals, then add recentered residual rows sampled independently
with replacement. Each system has one planted profile across target dimensions and, for BOLD, participants.
Within blocked folds of the resulting matrix, we retune and fit the regressions, subtract feature contributions,
and compare the recovered profiles.

For every design and signal scale, 500 replicates at nominal ρ = 0 set the reference distribution. We run 250
replicates at each positive level, ρ ∈ {.2, .4, .6, .8}, and count how often recovered correspondence exceeds the
reference distribution’s 95th percentile. The grid therefore contains 64 positive conditions and 16 reference
conditions. The empirical temporal and identity nulls are not used to make these detection decisions.

The calibration fixes the banks and fits within the held-out narration, without repeating feature selection or
transfer. Independent residual-row sampling removes temporal autocorrelation. Shared planted rankings and
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large signals are intended to favor recovery, but these choices do not establish an upper bound on the full
transfer test’s sensitivity.

3.7 Decision criteria and sensitivity checks

Sensitivity analyses vary bank size, correlation pruning, grouped ablation, token pooling, and participant
averaging. We also compare reliance profiles across participants and folds to assess reliability.

The prespecified rule requires the global correspondence statistic to pass both nulls, with positive correspon-
dence in both directions. The result must persist at three adjacent bank sizes including 256, occur in at least
two model families after correction, and agree between the variance-selected bank and a second construction.
Interpreting a null also requires at least 80% detection at planted ρ = .40 (Appendix H). After examining the
first results, we added a requirement that the bank improve held-out prediction beyond the stimulus baseline
(Section 4.3). This requirement was not prespecified.

4 Results

4.1 Detection stays below 11% at 256 features
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Figure 2: Recovery of planted correspondence. A: detection versus realized planted ρ for each design and
signal scale; dashed line: 80% criterion; dotted line: 5% false-positive fraction. B: recovered ρ by model family.
Lines show condition means, colored bands mean ± replicate SD, and gray bands the range of null 95th
percentiles. Solid/dotted curves in A–B use one/two residual SDs. C: exploratory bank-size sweep at planted
ρ = .80: median recovered ρ and interquartile range over designs and seeds. Transfer and within-description
labels identify the empirical predictor designs (Appendix K.1).

The corrected simulations test whether the fitted reliance profiles recover known correspondence (Figure 2A–
B). For each design and signal scale, detection requires a recovered correlation above the 95th percentile of
replicates with planted ρ = 0. This sets the false-positive fraction to 5%. This is not an independent estimate
of the empirical test’s error rate.

Detection ranges from 1.6% to 10.4% across 64 positive conditions: eight designs, two signal scales, and four
planted correlations. Mean detection is 6.0%. Even at planted ρ = .80, detection is only 4.0%–10.4%, well
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Table 1: Recovery in existing exploratory simulations. All entries are medians at one residual SD. In A, the
two columns share 24 replicates (eight source-selected designs, three seeds), with planted cross-system ρ = .80.
B uses a separate experiment with 32 replicates per condition (eight designs, four seeds). It measures each
system’s self-recovery; cross-system correspondence was not measured in B.

A. Paired bank-size experiment
K BOLD self-recovery Recovered correspondence

24 0.920 0.556
48 0.632 0.394
256 0.040 0.023

B. Predictor and noise controls at K = 256
Predictors / noise BOLD self-recovery LM self-recovery

SAE / empirical 0.060 0.140
SAE / white 0.062 0.122
Gaussian / empirical 0.998 0.302
Gaussian / white 0.999 0.322

below the 80% criterion. The recovered correlations barely change between planted ρ = 0 and .80: condition
means range from −.001 to .029 and from .004 to .039, respectively. These differences are small relative to
replicate standard deviations of .06–.10 and null thresholds of .11–.16 (Appendix K).

Poor detection persists despite large injected signals, with standard deviations equal to or twice those of the
empirical residuals. Doubling the signal does not consistently improve detection. These simulations assess
recovery with fixed empirical predictors and independently resampled residual rows, using fits within the
held-out narration. They leave the sensitivity of feature selection, transfer, and the joint null-testing rule
unmeasured.

4.2 Smaller banks improve recovery in exploratory simulations

We distinguish recovery of an individual ranking from recovery of agreement between two rankings. Self-
recovery is the correlation between a fitted reliance profile and its own planted ranking. Recovered correspon-
dence is the correlation between the two fitted profiles. A predictor can recover part of its own ranking while
agreement with the other predictor remains poorly estimated.

Table 1 compares these quantities in the same replicates of a bank-size sweep. With planted cross-system
ρ = .80, median BOLD self-recovery is .920 at K = 24 and .040 at K = 256. Recovered correspondence is
.556 and .023, respectively. At K = 48, self-recovery is .632 and recovered correspondence is .394. Each bank
is a random subset of the selected 256 features. These exploratory results use only three seeds per design and
do not establish a bank size at which the full transfer test has adequate power. Recovery also declines in the
separate within-description sweep (Figure 2C).

A separate control changes the predictor matrix or residual noise at K = 256 (Table 1B). With empirical
residual noise, replacing SAE predictors by independent Gaussian entries of the same shape raises median
BOLD self-recovery from .060 to .998. LM self-recovery remains lower, rising from .140 to .302. Replacing
residual noise with white noise while keeping the SAE predictors gives BOLD self-recovery of .062. The
fitting procedure and matrix dimensions are retained, but the Gaussian comparison also changes temporal
structure, repeated rows, and injected realizations. It cannot isolate feature correlation or establish a universal
sample-size requirement (Appendix K.1).

Recovery therefore varies with the bank size, predictor matrix, and target. The difference between BOLD and
LM self-recovery also shows why recovering one ranking is insufficient for a comparison that depends on both.
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4.3 Prediction improves on stimulus controls only within description

In the empirical transfer analysis, the selected features predict both targets. Across twelve model–direction
pairs, regressions tuned for r reach mean parcelwise BOLD r of .07–.09 and LM r of .30–.47. The BOLD
regressions used for reliance, tuned for R2

oos, explain less than 1% of held-out variance (.003–.008; Table 8).
Their median absolute single-feature ablation losses are 1–3 × 10−5 in R2

oos units across cells. In four cells,
most ablations improve prediction. The correspondence statistic therefore ranks small changes of both signs,
even when the overall prediction correlation is positive (Table 9).

We test added predictive value with a banded-ridge baseline. One block contains word and phoneme counts,
the audio envelope and its first difference, and story-position bases. A second contains mean and summed
token surprisal from the same LM. The full model adds the SAE bank as a third block. Each block has its
own penalty, with block weights chosen inside the same nested folds. Paired differences between the full
model and baseline are averaged across six models within each participant, then across participants. We
bootstrap the 59 participants for confidence intervals (details in Appendix G).

Adding SAE features improves within-description R2
oos for both narrations, with both intervals excluding

zero (Table 2). After transfer, mean changes in both metrics are negative. Three of the four transfer intervals
exclude zero. The added predictive value within a description therefore does not transfer with the fitted
readouts. Strong regularization may contribute: source-selected penalties and block weights can shrink the
1,280-column SAE block more than the smaller control blocks. This comparison cannot distinguish a lack of
additional information from difficulty estimating it.

Table 2: Change in prediction after adding the SAE block to the enhanced baseline at K = 256. Paired
differences are averaged across six models within each participant, then across 59 participants. We bootstrap
participants for the 95% intervals.

Regime Description or direction ∆r ∆R2
oos

Within Physical −.0001 [−.0045, .0049] .0010 [.0003, .0018]
Within Social .0047 [−.0007, .0104] .0034 [.0022, .0046]
Transfer Physical→Social −.0118 [−.0170, −.0069] −.0019 [−.0036, −.0004]
Transfer Social→Physical −.0108 [−.0163, −.0055] −.0006 [−.0027, .0015]

4.4 The empirical correspondence remains inconclusive

The twelve transfer correlations range from −.626 to .335, with a mean of −.056. Shifting the LM targets in
time produces means at least this high in 160 of 199 draws (p = .805). Only Gemma 2 9B P→S passes both
the temporal and feature-identity null tests at uncorrected p < .05. Its reverse direction does not. No model
therefore passes both tests in both directions (Figure 4D). The prespecified second bank construction, ranked
by source prevalence, also falls within its temporal null (mean ρ = −.093, p = .810; Table 3). Given the
limited simulation recovery, these failures cannot establish that brain and model lack shared organization.

Feature prevalence, or how often a feature activates, is positively associated with BOLD reliance in all twelve
cells. Its association with LM reliance varies by family and direction. Selection by p(1 − p) already favors
features of intermediate source prevalence. Adjusting for prevalence after examining the results raises mean
correspondence to +.109, but the matched temporal test gives p = .060, and no identity test was run for
this adjustment. Prevalence changes the sign of the mean comparison without establishing shared reliance.
Appendix I and Figure 4 give the full empirical results.

4.5 Bank changes do not resolve the empirical comparison

The empirical mean stays within its temporal null across all five nested bank sizes, including the smallest
bank of 64 features (Table 3). Prevalence ranking, correlation pruning, and grouped ablation give the same
qualitative result. Grouping is a limited change here: within-layer clustering at |ρ| = .80 leaves 239–254
groups from 256 features. It therefore does little to reduce the number of contributions being estimated.
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Table 3: Empirical correspondence under changes to the feature bank. Each row averages six models and two
directions. All p values use 199 pooled temporal-null draws that shift both source and held-out LM targets,
with offsets shared across models. Grouping subtracts every cluster member’s contribution; pruning keeps
one representative per cluster.

Sensitivity Setting Mean ρ ptemporal

Bank size K = 64 −.106 .825
K = 128 −.112 .885
K = 256 −.056 .805
K = 512 −.075 .755
K = 1024 −.063 .725

Bank ranking source prevalence, K = 256 −.093 .810
Grouping clusters at |ρ| = .80, K = 256 −.053 .760
Pruning representatives at |ρ| = .80, K = 256 −.055 .780

Across the 120-cell bank-size and bank-variant sweep, seven cells have uncorrected p < .05, but five involve the
same model and direction across nested variants. The smallest Benjamini–Hochberg q is .20. The empirical
result persists across bank choices, but remains inconclusive: the exploratory simulations use a different
fitting procedure and do not establish adequate sensitivity for these transfer tests.

4.6 Repeatability does not establish recovery

The transferred BOLD reliance profile repeats across participant groups, with a split-half correlation of .773,
but both groups could share the same ranking error. Repeatability alone cannot establish recovery. We have
no corresponding transfer reliability estimate for the LM profile.

Averaging BOLD across participants before fitting raises within-description prediction to r = .164–.267, and
three of twelve cells pass both null tests. These fits hold out time points from the same listeners and do not
test generalization to new listeners or transfer between narrations (Appendix J.1). They therefore do not
resolve the cross-description comparison.

5 Discussion

The feature banks predict both targets across narrations, and BOLD reliance profiles repeat across participant
groups. Yet simulations recover little known correspondence at the empirical bank size. Prediction and
repeatability therefore do not establish that these profiles measure shared reliance.

Smaller banks improve recovery in a sweep with few seeds; adequate transfer sensitivity remains untested.
Matrix dimensions alone do not explain BOLD self-recovery in the Gaussian controls. Stacking listeners
who hear the same narration repeats stimulus predictors without adding stimulus time points. Independent
Gaussian entries change this repetition, temporal structure, and feature correlations together. These controls
therefore cannot isolate the cause of poor recovery or define a universal sample-size requirement.

The first calibration specified agreement between signed coefficients, which did not control agreement between
noiseless ablation losses. The corrected calibration plants the loss rankings directly (Appendix K). Recovery
checks must test the quantity being interpreted: here, agreement between two fitted reliance profiles.

6 Limitations

The study covers two narrations, uses only the LM’s final hidden state as its model target, and calibrates
two model families. Next-token prediction could give different feature rankings. BOLD is a vascular signal
averaged within 200 parcels; the lag window ends near the hemodynamic peak, and individual reliance profiles
agree weakly across listeners. SAE features also depend on the model, layer, and release.
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In every cell, at least 84% of selected features remain active in more than 5% of held-out TRs (Appendix E),
although activation frequency and magnitude may change. Run order was counterbalanced but not modelled,
and fitting included the shared 26-TR opening jingle.

7 Conclusion

The cross-description analysis finds no consistent feature-reliance correspondence, but simulations recover
little known correspondence at the same bank size. Smaller banks recover more in exploratory tests. The
empirical null therefore cannot rule out shared brain–model organization. Before interpreting such a null, the
analysis needs to show that it can recover agreement between known feature-reliance profiles.

Reproducibility statement

The appendix documents the data, models, analysis, and calibration. The code release contains the analysis
specification, code, eight corrected calibration aggregates, the superseded first grid with its defect notice, and
exploratory simulation scripts and outputs. It provides deterministic reports and checksum catalogs. The
192 calibration shards are retained with SHA-256 digests but are not redistributed. The released aggregates
support checking reported detection rates, not individual shard contents.

The accompanying supplementary archive includes the saved sign and penalty diagnostics, bank-size and
predictor-control outputs, and code to reproduce the numerical summaries in Table 1 and Appendix K
without running simulations. Diagnostic R2

oos values are replicate-level means over folds. Individual fold
scores were not saved in that diagnostic file. Fold-specific penalty choices are included.

Code:

https://github.com/daMS2005/sparse-feature-correspondence
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A Stimuli, cohort, and BOLD targets

A.1 Dataset and stimulus selection

We use the Narratives naturalistic-language fMRI dataset (OpenNeuro ds002345; Nastase et al. 2021),
specifically the audio-only shapesphysical and shapessocial runs. Each of the 59 participants heard both
narrations in counterbalanced order. Both audio files contain 21,961,728 samples at 48,000 Hz: 457.536
seconds, including the opening jingle and silence. Thus 7.6 minutes describes the full recording, not the
narration alone. The runs share TR, scanner, and acquisition parameters. Transfer tests generalization
between these two stimuli. It does not establish generalization across narrative domains.

We obtain word timings from a Whisper transcription aligned to the audio, with a stimulus-onset correction
of 4.5 seconds. The words of the shared opening jingle occupy the first 26 TRs of both runs, which we retain
in fitting, ablation, and the nulls. Although the source dataset counterbalanced run order, we do not model
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each participant’s order. The content-vocabulary overlap reported in the main text is the Jaccard index of
word types after removing stop words: .13 for the full transcripts and .10 after removing the jingle. Shared
words mainly describe spatial and temporal relations (“around”, “towards”, “slowly”, “two”).

Table 4: Evaluation cohorts. The full row count is the number of participants multiplied by the number of
story TRs. Flagged rows remain on the saved timing grid but are excluded as responses during fitting.

Description TR (s) TRs Participants Full rows Flagged Retained

Physical 1.5 303 59 17,877 487 17,390
Social 1.5 305 59 17,995 488 17,507

Each primary BOLD target contains 200 cortical parcels, and the primary analyses require all 59 eligible
participants (Table 4). The Physical target combines derivatives for 47 participants with derivatives
recovered separately for 12 others. We checked that each participant/run key was unique, each array had the
expected 303 rows and identical parcel labels, all values were finite, and every file had a recorded hash.

A.2 What a BOLD target represents

The BOLD target is averaged within cortical parcels. BOLD reflects vascular changes coupled to aggregate
neural activity and blurs events over time (Chen & Glover, 2015). The predictions therefore concern this
measured response rather than neuronal firing.

B fMRI preprocessing and target construction

For each participant-run, Nilearn’s NiftiLabelsMasker (Abraham et al., 2014) extracts parcel time series
from fMRIPrep derivatives in MNI152NLin6Asym space (Esteban et al., 2019), using the Schaefer-2018 200-
parcel, seven-network cortical atlas (Schaefer et al., 2018). Extraction applies no standardization, detrending,
smoothing, or filtering. Cleaning follows as a separate step. Both descriptions retain all 200 parcel labels.

We clean the time series using 24 motion regressors (six rigid-body estimates, their derivatives, squares, and
squared derivatives) and the first six anatomical CompCor components (Behzadi et al., 2007). Cleaning
includes detrending, standardized confounds, and a 0.008-Hz high-pass filter, with no low-pass filter or
global-signal regressor. We then standardize each parcel within each run using only uncensored TRs,

zs,t,p = ys,t,p − µ
(U)
s,p

σ
(U)
s,p

, (4)

where U denotes uncensored TRs. Cleaning and filtering use the full retained run grid, including flagged
time points. Only the subsequent run-wise scaling uses uncensored TRs. These operations precede the fold
split. The separate scaling applied during ridge fitting uses only the training fold.

A TR is flagged when framewise displacement exceeds 0.5 mm, standardized DVARS exceeds 1.5, or an
fMRIPrep non-steady-state indicator is active (Power et al., 2012; Afyouni & Nichols, 2018). We omit flagged
rows only when building a design matrix, so earlier uncensored stimulus lags remain valid predictors for later
responses. No censored target contributes to any loss or metric.

C Transcript, token, and TR alignment

We assign each word to the TR containing its midpoint after the onset correction. For onset oi and offset
di, the assignment is ti = ⌊((oi + di)/2 + δonset)/1.5⌋. An out-of-range index stops validation rather than
being clipped. We tokenize the transcript separately for each base model without special tokens, then group
subword tokens back into words. Any mismatch between these reconstructed words and the timing table or
TR-aligned transcript stops the analysis.

We run the model on consecutive, non-overlapping causal windows of at most 1,024 tokens, with context
limited to each window. At each selected layer, the corresponding SAE encodes the residual stream in

14



Table 5: Model and SAE configurations. Each model’s feature bank draws from the six depth-spaced
residual-stream layers listed here.

Model Model ID SAE release Dictionary
per layer

Layers

Gemma 2 2B google/gemma-2-2b Gemma Scope PT residual
canonical

16,384 4, 8, 13, 17, 22, 25

Gemma 2 9B google/gemma-2-9b Gemma Scope PT residual
canonical

16,384 7, 13, 21, 27, 36, 40

Llama 3.1 8B meta-llama/Llama-
3.1-8B

Llama Scope LXR 32,768 5, 10, 16, 21, 27, 31

Gemma 3 1B google/gemma-3-1b-
pt

Gemma Scope 2 residual,
big-L0

16,384 4, 8, 13, 17, 22, 25

Gemma 3 4B google/gemma-3-4b-
pt

Gemma Scope 2 residual,
big-L0

16,384 5, 10, 17, 22, 29, 33

Gemma 3 12B google/gemma-3-
12b-pt

Gemma Scope 2 residual,
big-L0

16,384 7, 15, 24, 31, 41, 47

its released JumpReLU form (Llama Scope publishes JumpReLU-form parameters derived from its TopK
training). The TR predictor for feature k is its mean non-negative activation over all tokens assigned to that
TR, including tokens at which it is silent,

xt,k = 1
|Bt|

∑
i∈Bt

max(ai,k, 0), (5)

with empty bins set to zero.

We store this representation for every dictionary feature, allowing later feature selection without either
target. The LM target averages the final hidden state before the unembedding over the same tokens,
ht = |Bt|−1 ∑

i∈Bt
hfinal

i . Mean and summed next-token surprisal and dense layer means are also stored for
the control analyses. The sensitivity analysis uses maximum, sum, and active-token-count pooling, which
require token-level records. These were produced by a separate outcome-blind extraction over the union of
the selected banks.

D Models and SAE releases

We use model-matched residual-stream dictionaries from Gemma Scope and Llama Scope (Gemma Team,
2024; Grattafiori et al., 2024; Lieberum et al., 2024; He et al., 2024), with Gemma Scope 2 releases for the
listed Gemma 3 checkpoints (McDougall et al., 2025). We load the official parameter files directly and check
each layer’s encoder against the reference implementation. Feature indices apply only within a model, layer,
and release. Matching indices do not identify shared features across models. Gemma 2 and Llama 3.1 form
the confirmatory set, and Gemma 3 is a prespecified replication extension.

E Source-description feature banks

For Physical→Social, we select the feature bank from the Physical predictor matrix before reading
Social. The reverse direction uses a separately selected Social bank. Within-description analyses instead
rebuild the bank from each fold’s purged outer-training TRs, excluding held-out TRs from selection.

To select a bank, we exclude features active in fewer than five source TRs or more than 95% of source
TRs. We rank eligible features within each layer by Vk = pk(1 − pk), where pk is feature k’s fraction of
source TRs with nonzero activation. This score does not favour activation magnitude. Ties are broken by
positive-activation RMS and then feature index. We interleave the six layer rankings round-robin, distributing
the K features as evenly as possible across the six layers when enough are eligible. This defines nested banks
at K ∈ {64, 128, 256, 512, 1024}. A bank ranked by activation prevalence provides a sensitivity analysis.
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Table 6: Eligible features and retained clusters for each source bank. Feature counts follow the layer order in
Table 5. The last column counts complete-linkage clusters in the K = 256, |ρ| = .80 bank.

Model Source Eligible features by layer Clusters

Gemma 2 2B Physical 3488/1874/2053/1624/1612/119 246
Social 3981/2120/1969/1762/1959/115 254

Gemma 2 9B Physical 2178/2643/1928/1811/938/1253 250
Social 2567/3249/2221/1995/1024/1368 254

Llama 3.1 8B Physical 1479/1373/1398/1250/1216/11805 240
Social 1701/1507/1515/1627/1693/18553 249

Gemma 3 1B Physical 3840/4300/4315/3704/2365/45 239
Social 4395/5088/5179/4787/3275/46 241

Gemma 3 4B Physical 3248/3005/2507/3029/2847/34 248
Social 3626/3386/2836/3814/3817/34 249

Gemma 3 12B Physical 2865/2618/1832/1898/1939/32 244
Social 3356/3009/1858/2127/2488/32 244

For correlation-pruned banks, we use complete-linkage clustering within each layer, based on absolute
Spearman correlation at thresholds .70, .80, and .90. Each cluster is represented by its highest-ranked feature.
The exact cluster memberships over the K = 256 variance bank define the groups for grouped ablation.

Four models fill the balanced layer allocation (Table 6). For Gemma 3 4B and 12B, the deepest sampled
layer has only 34 and 32 eligible features against a quota of 43 at K = 256, so the other layers supply the
remaining features. At K = 1024, the deepest layer runs out of eligible features for Gemma 2 2B and all
three Gemma 3 models (Table 7). Llama 3.1 8B has the opposite pattern: its deepest layer has 11,805 and
18,553 eligible features, against roughly 1,500 elsewhere. The number of features shuffled within each layer
therefore varies across models and bank sizes.

Table 7: Selected features per layer in the source-selected variance banks, following the layer order in Table 5.
Model Source Per-layer count, K = 256 Per-layer count, K = 1024

Gemma 2 2B Physical 43/43/43/43/42/42 181/181/181/181/181/119
Gemma 2 2B Social 43/43/43/43/42/42 182/182/182/182/181/115
Gemma 2 9B Physical 43/43/43/43/42/42 171/171/171/171/170/170
Gemma 2 9B Social 43/43/43/43/42/42 171/171/171/171/170/170
Llama 3.1 8B Physical 43/43/43/43/42/42 171/171/171/171/170/170
Llama 3.1 8B Social 43/43/43/43/42/42 171/171/171/171/170/170
Gemma 3 1B Physical 43/43/43/43/42/42 196/196/196/196/195/45
Gemma 3 1B Social 43/43/43/43/42/42 196/196/196/195/195/46
Gemma 3 4B Physical 45/45/44/44/44/34 198/198/198/198/198/34
Gemma 3 4B Social 45/45/44/44/44/34 198/198/198/198/198/34
Gemma 3 12B Physical 45/45/45/45/44/32 199/199/198/198/198/32
Gemma 3 12B Social 45/45/45/45/44/32 199/199/198/198/198/32

Most selected features remain active in the held-out description. Across the twelve K = 256 cells, median
activation prevalence ranges from .38–.50 on the source description and .23–.51 on the held-out description.
The median ratio of held-out to source activation standard deviation is .81–.96. Between 84.8% (Llama 3.1 8B,
Social→Physical) and 96.9% of features are active in more than 5% of held-out TRs; at most 2% are
silent throughout the held-out description in any cell.

An earlier bank, selected by reciprocal-rank aggregation over five other Narratives stories, is retained only as
a control and does not enter any reported result.

F Prediction models and scaling

For K features, the BOLD predictor uses the current and four preceding TRs, x̃t = [xt, xt−1, . . . , xt−4] ∈ R5K ,
with all five columns of each SAE feature forming one group. The predictor of the LM hidden state uses the
unlagged xt ∈ RK . We fit ridge regression (Hoerl & Kennard, 1970) in dual form, standardizing predictors and
targets using only training-row statistics and replacing zero training scales with one. We return predictions
to target units before scoring. Predictors are standardized but not high-pass filtered. The BOLD target is
filtered as described in Appendix B.
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We select a separate penalty from {10−1, 100, . . . , 1010} for Pearson r and for out-of-sample

R2
oos = 1 −

∑
i∈te(yi − ŷi)2∑
i∈te(yi − ȳtr)2 (6)

The denominator uses the training mean, so R2
oos can be negative. Figure 4A reports Pearson r from the

r-tuned models. Table 8 reports R2
oos from the regressions used for the primary reliance profiles. In each

transfer cell, 16 to 33 of 59 participants’ r-tuned BOLD models select the largest penalty in the grid. Their
predictions approach the training mean, with held-out R2

oos near zero. The cell means across all participants
range from −.44 to −.10.

Within-description evaluation. We evaluate each participant’s predictor in five contiguous outer test
blocks. Training excludes four TRs on either side of each test block, preventing training and test responses
from sharing a lagged predictor. Inner folds split the remaining training rows into contiguous blocks, apply
the same exclusion, and select the penalty (Varoquaux et al., 2017). We rebuild the feature bank in each
fold and compute correspondence as the mean of the five fold-level Spearman correlations. We never average
profiles by position across different feature identities.

Cross-description transfer. We choose the penalty most often selected across the five source folds, fit
the final predictor on all source TRs, and apply it with the same scaling to the other description. Both
descriptions use the same 59 participants. Transferred BOLD prediction reaches r = .068–.092 for r-tuned
models and R2

oos = .003–.008 for R2
oos-tuned models. Predictors of the LM hidden state reach r = .302–.475

and R2
oos = .134–.271.

The transferred BOLD r values exceed the within-description fold values of .023–.062, but the procedures differ:
transfer trains on a full description and tests on all retained TRs of the other, whereas each within-description
fold trains on four-fifths of a description, with purged boundaries and a fold-specific bank. The purge does
not remove dependence from whole-run BOLD preprocessing (Appendix B).

G Controls

We compare a baseline with two predictor blocks against a model that adds the SAE bank as a third block. The
first block contains word and phoneme counts, audio-envelope RMS and its first difference, and story-position
ramp bases with plateaus from 3 to 51 TRs. The second contains mean and summed model-specific token
surprisal per TR. Banded ridge assigns each block an independent penalty (Nunez-Elizalde et al., 2019;
Dupré la Tour et al., 2022). A fixed random search chooses block weights within the same nested folds. We
measure each participant’s improvement from adding the SAE block, using paired sign-flip tests and bootstrap
intervals. Benjamini–Hochberg correction covers the six models within each story or transfer direction.

Table 2 in the main text reports the paired increments and participant-bootstrap intervals.

Representation controls are dense residual-stream layer means and 99 random feature banks. The random
banks match the selected bank on layer, activity-prevalence decile, and log-variance decile. Their results are
included in the release but do not support any primary claim.

H Reliance and nulls

Reliance. We subtract each feature group’s contribution from the fitted regression prediction, keeping the
weights fixed. This is equivalent to setting the group’s standardized held-out inputs to zero, their training
mean. Reliance is the original R2

oos minus the adjusted R2
oos, averaged over target dimensions. Negative values

mean the adjustment improves prediction. For transfer, BOLD reliance is averaged over participants; within
a description, it is computed per fold. We compare the paired BOLD and LM reliance profiles primarily
with Spearman correlation, and record Pearson correlation and top-12.5% overlap as sensitivity checks. For
grouped reliance, we subtract the combined contribution of all features in a source-defined cluster, including
every lag of every member for BOLD. Conditions with fewer than three groups are reported as unresolved.
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Temporal null. We circularly shift the source and held-out LM targets by independent fixed offsets, each
at least ten TRs from the original alignment. We draw offsets without replacement and never give the two
targets the same signed offset. For each of 199 shift pairs, we select the penalty again, fit the LM predictor,
transfer it, and ablate its features. We compare the resulting reliance profile with the fixed observed BOLD
profile. Figure 3 shows the twelve per-cell distributions. For within-description analyses, we shift the single
LM target and refit every fold.

We draw offsets once per direction and bank size and share them across the six models. Pooled statistics
average null draws with the same shift index across cells. Shared offsets coordinate retiming across models
within each direction and do not affect per-cell p values. Pooling nulls also share offsets across models, but
shift only source LM targets. Primary nulls shift both source and held-out targets (Tables 3 and 13). With
199 shifts, the smallest one-sided p is .005.

Identity null. We shuffle the LM reliance profile’s feature labels within each sampled layer for 10,000
draws. This preserves layer allocation but breaks exact feature pairing. Preserved between-layer structure can
shift the null mean from zero: it ranges from −.35 to +.02 across cells (Table 10). Even a negative observed
ρ can therefore pass this test. Passing shows that feature labels matter, but does not rule out agreement
caused by shared timing.

The temporal null’s minimum p = .005 limits multiple-testing correction. For ties at this minimum, two cells
out of twelve or twelve out of 120 suffice for Benjamini–Hochberg q ≤ .05; thirteen out of 120 suffice for strict
q < .05. These are sufficient counts for tied minimum p values, not necessary counts when other small p
values also contribute to the correction. We correct across the twelve primary cells and treat the 120-cell
sweep as a robustness analysis.

Decision rule. The prespecified rule requires the global cross-description statistic to pass both null tests
and be positive in both directions. It must persist at three adjacent bank sizes including 256, appear in
at least two model families after correction, and agree between the variance-selected bank and a second
construction. To interpret a non-significant result, conditional and grouped analyses must also remain null
across bank size, selection, and pooling choices, with 80% detection at planted ρ = .40. Otherwise, a small
effect cannot be distinguished from insufficient sensitivity. After examining the first results, we added a
requirement that the bank improve held-out prediction beyond the stimulus baseline in the evaluation setting
under study. This requirement was not prespecified.
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Figure 3: Temporal null distributions at K = 256. Each panel shows 199 correlations after retiming the
LM targets and retuning the predictor for one model and direction. The vertical line marks the observed
correlation (blue for Gemma 2, magenta for Llama 3.1, orange for Gemma 3).

I Detailed empirical results

I.1 SAE features do not improve BOLD prediction under transfer

Source-selected features predict both targets in twelve transfer cells. Predictors tuned for r reach mean
parcelwise BOLD r of .07–.09 and LM r of .30–.47 (Figure 4A). Table 8 reports prediction from the
regressions used to measure reliance. Their BOLD predictors explain less than one percent of held-out
variance (R2

oos = .003–.008), limiting the precision of hundreds of feature-ablation losses. Appendix F reports
the negative R2

oos of the r-tuned predictors and compares transfer with within-description evaluation.
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Table 8: Prediction and correspondence at K = 256. BOLD and LM columns give held-out R2
oos from the

R2
oos-tuned regressions used to measure reliance; Spearman ρ compares their reliance profiles. Temporal

p values use 199 retimed refits; identity p values use 10,000 within-layer permutations (null centres in
Table 10). The final two columns give post-hoc prevalence-adjusted correspondence and its matched temporal
p (Section 4.4). All p values are one-sided.

Model Direction R2
oos ρ ptemporal pidentity ρ |prev. pmatched

BOLD LM

Gemma 2 2B P→S .0045 .237 .246 .130 < .001 .277 .040
Gemma 2 2B S→P .0067 .191 .132 .335 .029 .153 .290
Gemma 2 9B P→S .0068 .271 .335 .010 < .001 .195 .005
Gemma 2 9B S→P .0084 .203 −.067 .840 .836 .031 .510
Llama 3.1 8B P→S .0034 .233 .125 .410 .004 .121 .340
Llama 3.1 8B S→P .0046 .209 −.089 .710 .864 −.124 .760
Gemma 3 1B P→S .0072 .158 −.431 .935 .965 −.002 .610
Gemma 3 1B S→P .0067 .157 −.187 .825 .128 .070 .485
Gemma 3 4B P→S .0080 .134 −.626 1.000 1.000 −.032 .660
Gemma 3 4B S→P .0081 .150 −.073 .590 .012 .208 .020
Gemma 3 12B P→S .0069 .210 −.118 .840 .051 .190 .060
Gemma 3 12B S→P .0073 .162 .075 .075 < .001 .216 .005

All twelve mean .0065 .193 −.056 .805 – .109 .060

To test whether the SAE features improve prediction beyond simpler stimulus features, we add them to a
banded-ridge model alongside lexical, acoustic, positional, and surprisal covariates. Surprisal measures how
unexpected a token is under the LM. Averaging across models and participants, adding the SAE features
within a description increases R2

oos by .0010 for Physical (95% participant-bootstrap interval [.0003, .0018])
and .0034 for Social ([.0022, .0046]). Changes in r are indistinguishable from zero in both descriptions
([−.0045, .0049] and [−.0007, .0104]).

After transfer, adding the SAE features reduces mean prediction: ∆r = −.012 and −.011 in the two directions,
and ∆R2

oos = −.002 and −.001. Three of the four intervals lie entirely below zero (Appendix G). The features
therefore show no added predictive value under this transfer procedure. Penalties and block weights chosen
on the source can shrink the 1,280-column SAE block more than the smaller control blocks. This analysis
cannot distinguish a lack of additional information from difficulty estimating it.

I.2 Correspondence varies with model family and feature prevalence

At K = 256, the twelve reliance correlations range from −.626 to .335, with a mean of −.056 (Figure 4B).
Their signs vary across model families and transfer directions. These correlations describe predictors whose
SAE features do not improve transferred BOLD prediction beyond the stimulus baseline.

In the confirmatory set, Gemma 2 and Llama 3.1, mean correspondence is +.114, with four of six cells positive.
This mean is not unusually high relative to the pooled temporal null (p = .160; Appendix H). The Gemma 3
extension has a mean of −.227, with five of six cells negative. Its mean is unusually low under its pooled null
(p = .030 in the lower tail). Removing the two Gemma 3 4B cells changes the all-condition mean to +.002.

Feature prevalence is the fraction of held-out TRs in which a feature is active. It correlates positively with
BOLD reliance in all twelve cells (ρ = .025–.868). LM associations are near zero in Llama, range from −.761
to .291 in Gemma 2 (including −.383 for 2B S→P), and are negative throughout Gemma 3 (−.729 to −.283).
Selection by p(1 − p) already depends on source prevalence and may contribute to these held-out associations.
Gemma 3’s identity-null means are also negative (−.15 to −.35; Table 10). These systems use a different
SAE release. In the 4B and 12B models, the deepest sampled layer has too few eligible features to fill its
allocation (Appendix E).
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Adjusting for prevalence raises mean correspondence to +.109 (range −.12 to .28; Table 8, Figure 4E). We
remove prevalence’s association with both observed reliance profiles and every temporal-null profile before
computing correspondence. The matched pooled null has a 95% interval of [−.121, .125], with p = .06. Four
cells have matched-null p < .05: Gemma 2 2B and Gemma 2 9B P→S, and Gemma 3 4B and 12B S→P. No
model passes in both directions. This post-hoc adjustment used only K = 256 and was not tested against the
identity null. It shows that prevalence affects the comparison, but does not establish shared reliance.

Correspondence also changes with predictor tuning and token pooling. Predictors tuned for r give a mean
of +.097, but have no matched temporal null and predict worse than the training mean in R2

oos terms
(Appendix I). We therefore report their reliance profiles descriptively. Replacing mean activation within
each TR with the maximum, sum, or active-token count raises the BOLD profile’s mean correlation with
prevalence from .53 to .71, while the LM profile’s falls from −.29 to −.40. Mean correspondence becomes
−.102, −.189, and −.207, respectively (Figure 4F). Jointly ablating correlated features gives a mean of −.053.
Few features merge at |r| = .80, leaving 239–254 groups from 256 features.

I.3 No model passes both null tests in both directions

Shifting the LM targets in time produces mean correlations at least as high as the observed mean (−.056)
in 160 of 199 draws (p = .805; Figure 4C). For each draw, we average correlations across the twelve model–
direction pairs using the same shift index. These null means average .011, with a 95% interval of [−.214, .157].
The observed correspondence therefore provides no evidence of stronger agreement than this timing control.
Grouped ablation gives p = .760. Across the 120-cell bank-size and bank-variant sweep, seven cells have
uncorrected p < .05. Five involve the same model and direction across nested variants. The smallest
Benjamini–Hochberg q is .20. We treat this sweep as a robustness analysis (Appendix H).

Six of twelve cells pass the identity null. One, Gemma 3 4B S→P, has a negative observed ρ but a still more
negative null mean (Appendix H). Only Gemma 2 9B P→S passes both null tests (ρ = .335, pidentity < .001,
ptemporal = .010). Its reverse direction does not (ρ = −.067, pidentity = .836, ptemporal = .840). No model
therefore meets the requirement in both directions (Figure 4D).

Transfer directions use different feature banks, sharing 87–117 of 256 features per direction (Jaccard overlap:
20–30%). Restricting the comparison to shared features gives positive correlations in both directions for
Gemma 2, near-zero correlations for Llama 3.1 8B, and negative correlations in both directions for every
Gemma 3 model (Table 12). This descriptive analysis has no matched null, but suggests that bank composition
contributes to the Gemma 2 9B reversal.

I.4 Sensitivity and reliability analyses

Changing the feature-bank size does not change the main finding. Across five nested banks, mean correspon-
dence ranges from −.112 to −.056 and falls within the pooled temporal-null interval at every size. Ranking
features by source prevalence instead gives mean ρ = −.093 (p = .810) at K = 256. Pruning correlated
features gives a mean of −.055 (p = .780). Alternative token-pooling estimates also fall within the primary
K = 256 null interval. Their own nulls shift only source LM targets and test a different hypothesis (Figure 4F,
Table 13).

Inter-subject correlation (Nastase et al., 2019) measures response agreement across listeners. Its median
is .16 and .20 for the two descriptions. Median between-listener correlations of reliance are .08 within a
description and .31 under transfer (Appendix J). The underlying procedures differ, so these values do not
directly compare reliability. The average BOLD transfer profile has a split-half correlation of .77. Agreement
between participant groups does not show whether the ranking is accurate, and we have no corresponding
transfer reliability estimate for the LM profile.

Averaging BOLD across participants before fitting raises mean-fold prediction to r = .164–.267. In this
analysis, three of twelve within-description cells pass both null tests. These evaluations hold out time points
but use the same listeners for training and testing, so they do not show whether the result generalizes to new
listeners (Appendix J.1).
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Table 9: Correspondence within each sampled layer (L1 shallowest to L6 deepest, in the order of Table 5),
the median absolute BOLD ablation loss, and the fraction of features whose ablation reduces held-out R2

oos.
Model Dir. L1 L2 L3 L4 L5 L6 median |Ik| Ik > 0

Gemma 2 2B P→S .228 .272 −.029 .317 .406 .426 1.7 × 10−5 0.50
Gemma 2 2B S→P .187 .252 .117 −.174 .080 .229 2.7 × 10−5 0.37
Gemma 2 9B P→S .393 .433 .590 .119 .315 .544 1.8 × 10−5 0.64
Gemma 2 9B S→P −.034 .136 −.191 −.167 −.073 −.086 2.2 × 10−5 0.33
Llama 3.1 8B P→S .121 .345 .086 −.239 .090 .386 1.0 × 10−5 0.64
Llama 3.1 8B S→P .249 .059 −.126 −.384 −.216 .410 1.3 × 10−5 0.86
Gemma 3 1B P→S −.085 −.039 −.248 −.152 .005 −.782 1.7 × 10−5 0.57
Gemma 3 1B S→P .299 .179 −.123 .111 .032 .509 2.4 × 10−5 0.41
Gemma 3 4B P→S −.412 −.627 −.503 −.289 −.440 −.616 1.1 × 10−5 0.71
Gemma 3 4B S→P .550 .021 .029 −.103 .140 −.382 1.9 × 10−5 0.56
Gemma 3 12B P→S .237 −.241 .319 −.039 .128 −.428 1.4 × 10−5 0.61
Gemma 3 12B S→P .285 .416 .071 .315 .281 .175 1.7 × 10−5 0.43

Table 10: Per-cell statistics at K = 256. “prev.” is the fraction of held-out TRs in which a feature is active.
Model Dir. ρ ρr-tuned Pearson top-12.5% id.-null mean ρ(BOLD, prev.) ρ(LM, prev.)

Gemma 2 2B P→S .246 .025 .139 .208 −.004 .619 .046
Gemma 2 2B S→P .132 .022 .208 .123 .019 .025 −.383
Gemma 2 9B P→S .335 −.142 .290 .143 −.048 .681 .291
Gemma 2 9B S→P −.067 .259 −.181 .032 −.008 .114 −.761
Llama 3.1 8B P→S .125 −.032 .185 .123 −.033 .535 .043
Llama 3.1 8B S→P −.089 .180 .058 .185 −.029 .464 .047
Gemma 3 1B P→S −.431 .170 −.362 .000 −.353 .868 −.495
Gemma 3 1B S→P −.187 .189 −.039 .143 −.243 .560 −.427
Gemma 3 4B P→S −.626 .219 −.499 .000 −.306 .843 −.729
Gemma 3 4B S→P −.073 .100 .106 .103 −.191 .522 −.444
Gemma 3 12B P→S −.118 .094 −.205 .000 −.189 .693 −.355
Gemma 3 12B S→P .075 .075 .193 .032 −.154 .405 −.283

Mean −.056 .097 −.009 .091 −.128 .527 −.287

I.5 Additional cell-level statistics

Table 10 gives the full K = 256 results, including alternative tuning, Pearson correlation, top-12.5% overlap,
identity-null means, and associations with prevalence. Tuning for r changes mean Spearman correspondence
to +.097, with ten of twelve cells positive. These predictors, however, perform worse than the training mean
in R2

oos terms (Appendix F), and their correspondence has no matched temporal null. Pearson correlations
average −.009, and top-12.5% overlap ranges from .000 to .208.

Table 9 reports correspondence within each sampled layer, along with the magnitude and sign of BOLD
ablation losses. Within-layer correlations average +.05 and range from −.78 to .59. The deepest layer has
the largest correlation in four of twelve cells. Median absolute BOLD ablation loss is only 1–3 × 10−5 in R2

oos
units. The fraction of features with positive reliance ranges from .33 to .86. In four cells, most ablations
improve prediction. The profiles thus rank small changes of both signs, making their ordering difficult to
estimate. Calibration tests recovery under these conditions. We have no transfer reliability estimate for the
LM profile because only one profile is produced per direction.

BOLD reliance correlates positively with prevalence in all twelve cells (ρ = .025–.868). LM associations
are near zero in Llama, mixed in Gemma 2 (−.761 to .291, including −.383 for 2B S→P), and negative
throughout Gemma 3. We adjust both profiles for prevalence using rank-based partial correlation, then
apply the same adjustment to each of the 199 stored retimed LM profiles to form a matched temporal null
(Table 11). Mean correspondence rises from −.056 to +.109, and the two extreme Gemma 3 cells move to
−.002 and −.032. The adjusted mean remains within the matched pooled 95% null interval [−.121, .125]:
eleven of 199 shifts equal or exceed it, giving p = .06.

Four cells have matched-null p < .05: Gemma 2 2B and Gemma 2 9B P→S, and Gemma 3 4B and 12B S→P.
None passes in both directions. This post hoc adjustment used only K = 256 and was not tested against
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the identity null, so it does not satisfy the decision rule. The sign change shows that prevalence affects the
comparison. It does not establish that the adjustment reveals shared reliance.

For maximum, sum, and active-token-count pooling, the BOLD profile’s mean correlation with prevalence is
.64, .62, and .71, while the LM profile’s is −.28, −.39, and −.40. These opposite associations accompany
more negative correspondence. Table 12 reports how many features the two directions’ banks share and
correspondence computed on those features alone.

Table 11: Correspondence after adjusting both reliance profiles for held-out feature prevalence using rank-
based partial correlation. The matched null applies the same adjustment to each retimed LM profile. p is
one-sided against 199 shifts.

Model Dir. ρ given prevalence matched null 95% p

Gemma 2 2B P→S .277 [−.344, .301] .040
Gemma 2 2B S→P .153 [−.182, .295] .290
Gemma 2 9B P→S .195 [−.180, .156] .005
Gemma 2 9B S→P .031 [−.185, .219] .510
Llama 3.1 8B P→S .121 [−.465, .335] .340
Llama 3.1 8B S→P −.124 [−.284, .233] .760
Gemma 3 1B P→S −.002 [−.223, .160] .610
Gemma 3 1B S→P .070 [−.277, .285] .485
Gemma 3 4B P→S −.032 [−.226, .132] .660
Gemma 3 4B S→P .208 [−.204, .200] .020
Gemma 3 12B P→S .190 [−.155, .209] .060
Gemma 3 12B S→P .216 [−.160, .110] .005

Mean .109 [−.121, .125] .060

Table 12: Features shared by the two directions’ K = 256 banks and correspondence computed on those
features alone. Counts are out of 256 per direction; the Jaccard index over the union of the two banks is
.20–.30.

Model Shared features ρ P→S (shared) ρ S→P (shared) ρ full banks

Gemma 2 2B 117 .276 .236 .246, .132
Gemma 2 9B 94 .209 .212 .335, −.067
Llama 3.1 8B 106 .099 −.023 .125, −.089
Gemma 3 1B 103 −.589 −.394 −.431, −.187
Gemma 3 4B 87 −.573 −.604 −.626, −.073
Gemma 3 12B 107 −.257 −.111 −.118, .075

Mean −.127 −.056

J Reliability and sensitivity analyses

Response reliability. Leave-one-participant-out correlations measure how much of the cleaned BOLD
response is shared across listeners. The median across participant–parcel correlations is .162 for Physical and
.197 for Social. For each of 10,000 splits, we average the split-half correlations across parcels. The medians
across splits are .542 and .612 (Spearman–Brown corrected .703 and .759). These are not acquisition-level
noise ceilings.

Reliance reliability. We compare profiles only when they contain the same features. At K = 256, median
pairwise Spearman correlation across participants is .076 within description (mean .088) and .310 under
transfer. Correlations between split-half group profiles are .373 and .773, respectively. These values are not
directly comparable: within-description profiles come from five short folds with different banks, whereas
transfer uses one bank and every held-out TR. The higher transfer correlation therefore does not establish
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greater reliability. The different fold-specific banks also prevent comparison of the LM predictor’s profiles
across within-description folds.

Within-description correspondence from participant-level fits. At K = 256, the twelve fold-mean
correlations average −.028. Two cells pass the within-description temporal null: Llama 3.1 8B on Social
(ρ = .308, p = .005) and Gemma 3 12B on Social (ρ = .009, p = .020). None replicates across descriptions
or families.

Table 13: Token-pooling sensitivity. Each row averages six models and two directions. These pooled temporal
nulls share offsets across models but shift only source LM targets, unlike the primary test in Table 3. The
finite-sample denominator is 200.

Sensitivity Setting Mean ρ ptemporal

Pooling mean positive activation −.056 .720
maximum positive activation −.102 .910
summed positive activation −.189 .970
active-token count −.207 .965

The pooling rows fit token-level records but shift only source LM targets. Their p values therefore test a
different null and are not directly comparable with the primary p values, even though mean pooling matches
the primary mean correspondence.

J.1 Participant-averaged BOLD

We average cleaned, run-standardized BOLD responses across uncensored participants at each TR and repeat
the within-description analysis with the original predictors, fold-specific banks, a fully retuned temporal null,
and the identity null. Training and testing use different time points from the same listeners. All twelve cells
are exploratory: they test prediction at held-out times, not generalization to new listeners.

Table 14: Participant-averaged BOLD results at K = 256. Prediction is the mean held-out fold correlation
with the averaged BOLD target, using the r-tuned predictor. R2

oos uses the R2
oos-tuned predictor, and ρ is

the fold-mean reliance correspondence. The one-sided p values compare against 199 retuned shifts and 10,000
within-layer permutations. Time is held out; participants are not.

Model Description mean-fold r R2
oos ρ ptemporal pidentity

Gemma 2 2B Physical .184 .013 .096 .095 .007
Gemma 2 2B Social .239 .056 .018 .075 .193
Gemma 2 9B Physical .171 −.002 −.011 .500 .870
Gemma 2 9B Social .241 .081 −.098 .980 .979
Llama 3.1 8B Physical .164 .010 .141 .005 < .001
Llama 3.1 8B Social .267 −.033 .283 .005 < .001
Gemma 3 1B Physical .168 .037 .006 .475 .243
Gemma 3 1B Social .242 .074 −.073 .830 .296
Gemma 3 4B Physical .165 .050 −.025 .760 .150
Gemma 3 4B Social .239 .068 .004 .435 .042
Gemma 3 12B Physical .166 .025 .078 .015 < .001
Gemma 3 12B Social .248 .041 −.022 .085 .336

Averaging raises prediction from r = .023–.062 to .164–.267 (Table 14), consistent with reducing listener-
specific noise, but R2

oos remains near or below zero in most cells. Three cells pass both null tests: Llama 3.1 8B
on both descriptions (ρ = .141 and .283, ptemporal = .005), and Gemma 3 12B on Physical (ρ = .078,
ptemporal = .015). The grouped Llama variant also passes. These within-description results do not meet
the rule requiring transfer in both directions. One passing cell has R2

oos ≤ 0: its ablation losses compare
predictors that do no better than the training mean.
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Averaging retains responses locked to the stimulus, and every listener contributes to training and testing.
The LM predictor’s reliance profile does not vary by participant, so reusing listeners does not directly enter
its rank agreement with the BOLD profile. Nevertheless, this analysis neither establishes generalization to
new listeners nor tests whether the SAE bank improves on the stimulus baseline. A future analysis should fit
to a BOLD average from training listeners and evaluate prediction on different listeners, testing improvement
over the baseline first.

K Calibration design

The calibration combines Gemma 2 2B and Llama 3.1 8B, two K = 256 banks (variance-selected and
correlation-pruned), and both transfer directions, giving eight designs. Each uses the held-out description’s
predictor matrix restricted to the source-selected bank. BOLD predictors are lag-expanded and repeated
across 59 participants. LM predictors are unlagged. We retain the participant-by-time BOLD folds, TR-level
LM folds, four-TR purge, censoring pattern, and feature groups. Residual pools contain actual responses
minus transferred predictions.

Planted correspondence. We plant correlation between ablation-loss profiles, the measured quantity.
For the planted linear predictor, feature group k has noiseless loss β2

k ck, where ck = ∥
∑

j∈Gk
x̃j∥2 on

the standardized design. Loss depends on coefficient magnitude, not sign. We generate two positive loss
profiles p, q with a prescribed Spearman correlation by reversing a rank block in a random ordering. Setting
βk = sk

√
pk/ck for the BOLD predictor and using q analogously for the LM predictor makes their planted

noiseless loss profiles p and q. We draw signs s independently for the two systems.

We record the realized rank correlation of the planted profiles in every replicate. Features that are silent in
the held-out description receive zero coefficients and tie at the bottom in both systems; this affects four of
256 features in the Gemma designs. Random loadings mix each signal into every target dimension. We scale
the signals to one or two times each system’s mean per-target residual standard deviation, then add them to
resampled, recentred residual rows. Independent row resampling removes temporal autocorrelation. Within
each outer fold, we reselect the ridge penalty, fit the predictor, and compute held-out grouped ablation losses.
We then correlate the recovered profiles. All fitting occurs within this matrix, so the simulation does not
reproduce training on one narration and testing on the other.

For each design and signal scale, we run 500 replicates at ρ = 0 and 250 at each of ρ ∈ {.2, .4, .6, .8}. Detection
is the fraction of replicates at positive planted correlation that exceed the 95th percentile of ρ = 0 replicates
for the same design and scale. The grid contains eight designs, 80 conditions, and 192 validated shards. It
does not repeat bank selection or temporal-null testing, preserves no residual autocorrelation, and uses one
planted profile per system across target dimensions and participants. These choices are intended to favor
recovery; they do not establish a formal upper bound on the full test’s sensitivity. Calibration covers only
Gemma 2 2B and Llama 3.1 8B.

Result. No condition approaches the 80% detection criterion. Across the 64 positive conditions, detection
ranges from .016 to .104 (Table 15). Mean recovered correlation ranges from −.001 to .029 at ρ = 0 and from
.004 to .039 at ρ = .80, with replicate standard deviations of .06–.10 and null thresholds of .11–.16.

For Gemma 2 2B physical→social diagnostics at one residual standard deviation, mean R2
oos across folds ranges

from −.04 to .19 over the diagnostic replicates and targets. The true predictor would reach approximately .5
at this signal scale. Of 80 fold-specific penalty choices across eight replicates and two targets, 77 select 103

and three select 104, indicating strong shrinkage. The supplementary archive includes these summaries and
code to reproduce the quoted numbers. The within-description results in Appendix J were not recalibrated.

Superseded first grid. The first calibration used two signed, centred rank-score profiles with a prescribed
Spearman correlation directly as coefficients. Because ablation losses depend on coefficient magnitude, this
construction did not control their correlation. The resulting noiseless loss correlation was .76 at nominal
ρ = 0 and .55 at nominal ρ = .80.
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Table 15: Corrected calibration: detection of planted ablation-loss correspondence by design, direction, and
signal scale (multiples of the residual standard deviation). Detection uses the 95th-percentile threshold of the
ρ = 0 replicates. Realized planted correlations are .208–.233, .404–.425, .606–.621, and .804–.809 at the four
nominal levels. Detection at ρ = 0 is .050 by construction.

Design Direction Scale ρ = .2 .4 .6 .8 max null 95th

Gemma 2 2B pruned P→S 1 .076 .052 .072 .056 .076 .138
Gemma 2 2B pruned P→S 2 .092 .076 .092 .080 .092 .123
Gemma 2 2B pruned S→P 1 .076 .048 .080 .100 .100 .110
Gemma 2 2B pruned S→P 2 .024 .052 .032 .064 .064 .122
Gemma 2 2B variance P→S 1 .036 .036 .072 .052 .072 .140
Gemma 2 2B variance P→S 2 .060 .076 .072 .076 .076 .133
Gemma 2 2B variance S→P 1 .060 .060 .072 .048 .072 .124
Gemma 2 2B variance S→P 2 .068 .080 .068 .076 .080 .114
Llama 3.1 8B pruned P→S 1 .060 .044 .064 .044 .064 .141
Llama 3.1 8B pruned P→S 2 .044 .076 .064 .064 .076 .128
Llama 3.1 8B pruned S→P 1 .036 .040 .044 .060 .060 .157
Llama 3.1 8B pruned S→P 2 .052 .056 .056 .104 .104 .144
Llama 3.1 8B variance P→S 1 .040 .052 .040 .068 .068 .148
Llama 3.1 8B variance P→S 2 .036 .016 .028 .040 .040 .146
Llama 3.1 8B variance S→P 1 .072 .064 .064 .076 .076 .143
Llama 3.1 8B variance S→P 2 .048 .060 .056 .092 .092 .143

Despite this defect, the first grid’s detection curve rose from .05 to .91 for Gemma 2 2B. Fitted ablation losses
include a signed cross-term, and reversing a rank block made coefficient signs agree more often as nominal
correlation increased. The statistic therefore tracked sign agreement rather than recovery of the planted
loss ordering. With corrected loss profiles and shared signs, two Gemma 2 2B physical→social diagnostic
replicates using different random seeds gave correlations of .41 and .12 at nominal ρ = 0. Independent signs
gave .00 and −.11 at ρ = 0, and .06 and −.06 at ρ = .80.

We retain the first grid with a defect notice but exclude it from the reported findings. The corrected calibration
was introduced after the first results were examined. It changes only how the profiles are planted and imports
the original module for all remaining stages. The original shards and aggregates record both module hashes.
Public copies omit these analysis-tree hashes and have separate file-checksum catalogs.

K.1 Recovery of planted reliance profiles (exploratory)

To examine the effect of bank size, we run an exploratory sweep at planted ρ = .80 and one residual standard
deviation. It covers eight transfer designs and four within-description designs: Gemma 2 2B and Llama 3.1 8B
on each description. At each size, we sample K features without replacement from the selected K = 256
bank and keep the fitting and ablation procedure unchanged. The smaller banks are random subsets, not
nested prefixes.

We measure both how well each fitted profile recovers its own planted ranking (self-recovery) and how strongly
the two fitted profiles correlate (recovered correspondence). Additional conditions replace the predictors
with independent Gaussian entries or the empirical residuals with white noise. These controls retain matrix
dimensions and the fitting procedure, but injected realizations also differ between predictor conditions. This
sweep was not prespecified. Its scripts and outputs are released with the calibration files.
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Table 16: Exploratory bank-size sweeps at one residual SD. Entries are medians; self-recovery compares fitted
BOLD reliance with its planted ranking. Separate experiment: eight designs, five seeds. Paired transfer:
eight designs, three seeds; its two columns share replicates. Within description: four designs, five seeds. Both
paired experiments plant cross-system ρ = .80. Feature subsets and injections differ across experiments.

K Separate experiment Paired transfer experiment Within description

Self-recovery Self-recovery Recovered ρ Recovered ρ

24 .990 .920 .556 .683
32 .938 .864 .449 .550
48 .813 .632 .394 .410
64 .601 .383 .182 .188
96 .385 .210 .119 .104

128 .278 .178 .115 .039
192 – .096 .060 −.003
256 – .040 .023 .037

Recovery declines as the bank grows. In the separate self-recovery experiment, BOLD self-recovery falls
through .90 near K = 38, .80 near K = 49, and .50 near K = 74. LM self-recovery falls through .50 near
K = 58. Recovering agreement between the two fitted profiles is harder: with planted .80, median recovered
correspondence falls from .56 at K = 24 to .02 at K = 256 for source-selected transfer designs, and from .68
to .04 for within-description designs (Table 16).

Changing the predictors has a much larger effect than changing the residuals. Replacing empirical residuals
with white noise changes brain-profile self-recovery by at most .01 in every design. Replacing the SAE
predictors with independent Gaussian entries of the same shape gives median BOLD self-recovery of .998 with
empirical residual noise and .999 with white noise at K = 256 (Table 1B). LM self-recovery remains lower,
at .302 and .322, respectively. This control measures individual rankings, not cross-system correspondence.
A separate surface sweep gives median Gaussian BOLD self-recovery of .95 with 3.5 rows per column, four
times fewer than the full real design has. With real predictors, K = 16 at one-quarter of the rows has about
56 rows per column, whereas K = 256 at all rows has about 14. This comparison changes both bank size and
rows per column.

The Gaussian comparison changes several properties at once. Although median pairwise SAE-column
correlation is modest (|r| ≈ .05), replacing the matrix also changes its temporal structure and repeated
rows. We therefore cannot separate feature correlation from the number of independent observations, infer a
universal feature-count limit, or conclude that recovery is independent of sample size. At K = 256, median
recovered cross-system correlation is near zero despite a planted .80, leaving the empirical correspondence in
Section 4.4 inconclusive.

L Cortical distribution of transferred prediction

For Gemma 2 2B at K = 256, transferred prediction follows nearly the same cortical pattern in both directions.
The across-parcel Pearson correlation between the maps is .99 (Spearman .92), although the descriptions share
about one content word in ten. Accuracy peaks in bilateral parcels that include early auditory cortex and
falls to near zero in dorsal and medial parcels. These results describe prediction from the SAE bank, which
does not show an improvement over the stimulus baseline in either transfer direction. Only Gemma 2 2B is
included in this cortical analysis.

M Reproducibility checks and released files

Released tests cover fold purging, training-only scaling, the training-mean R2
oos baseline, ridge fitting, grouped

ablation, and the identity null. The released code also implements the temporal null. Checksum catalogs
and numerical reports accompany the saved results. The supplementary reporting script verifies its evidence
hashes and reproduces Table 1 and the diagnostic summaries without fitting models.
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Figure 4: Prediction and reliance correspondence under transfer. G2/G3 denote Gemma 2/3; L3.1 denotes
Llama 3.1. Blue, magenta, and orange distinguish Gemma 2, Llama 3.1, and Gemma 3. A: held-out BOLD
and LM r from predictors tuned for r. B: per-cell ρ and 95% temporal-null intervals; filled points exceed
their within-layer identity null. C: 199 pooled null means; the solid line marks the observed mean and the
dashed line the null mean. D: temporal and identity p-values; lines join directions within a model; the shaded
region has p < .05 on both axes. E: prevalence-adjusted ρ and matched 95% temporal-null intervals; filled
points have p < .05 (post hoc, without an identity test). F: mean ρ under alternative settings; the band
shows the K = 256 pooled 95% temporal-null interval.
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