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Abstract

Authorship attribution asks whether two texts
were written by the same author. Models fine-
tuned for this task with the same pretrained
encoder, data, and loss can still differ four-fold
in Recall @20 depending only on their scoring
mechanism. We use mechanistic interpretabil-
ity tools to explain this gap. Stylistic features
such as word length, punctuation density, and
function-word frequency are similarly available
at every layer in every model we probe, includ-
ing an off-the-shelf control encoder, suggesting
that differences in feature availability do not
explain the gap. Instead, causal intervention
shows that the scoring mechanism determines
where the encoder consolidates authorship sig-
nal. Mean pooling forces consolidation in the
middle third of the network, while late interac-
tion defers it to the upper third. We further de-
rive this difference from the gradient structure
of each scorer, and training dynamics reveal
distinct learning trajectories that follow from
that difference.

1 Introduction

Authors leave identifiable traces in their writing.
Features such as sentence length, punctuation
habits, function-word preferences, and word-length
distributions provide information about authorship,
even when different individuals write on the same
topic (Mosteller and Wallace, 1963; Burrows, 2002;
Keselj et al., 2003). Authorship attribution (AA)
refers to the task of determining, given two pas-
sages, whether they were written by the same in-
dividual or group. This task can prove valuable in
forensic linguistics (Dauber et al., 2019) and histor-
ical document analysis (Cafiero and Camps, 2019),
among other applications.

Contemporary AA systems use a contrastive
learning setup. A pretrained text encoder maps
each passage to a representation (Vaswani et al.,
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2017; Devlin et al., 2019). A scoring function com-
pares these representations to produce a similar-
ity score (Wegmann et al., 2022; Ai et al., 2022;
Huertas-Tato et al., 2024; Kantharuban et al., 2026).
Fine-tuning encourages the encoder to assign high
scores to passages by the same author and low
scores to passages by different authors. This ap-
proach often yields strong results, but recent work
has isolated a gap driven by the scoring function.
Kulumba et al. (2025) trained multiple models on
a scholarly corpus with decorrelated topic and au-
thorship. They showed that the scoring mechanism
alone explains most of the observed four-fold Re-
call@20 gap. All models share the same pretrained
backbone, training data, and contrastive loss. The
only difference is the pooling or scoring mecha-
nism. One group of models averages all token
representations into a single vector before scoring
(mean pooling). Another compares token represen-
tations directly using late interaction (LI) (Khattab
and Zaharia, 2020).

A large gap emerges from what appears to be
only a difference in the final comparison step?
There are at least two plausible explanations. The
first is that different scoring mechanisms may cause
the encoder to learn different internal representa-
tions during fine-tuningMean pooling may force
the encoder to discard fine-grained stylistic infor-
mation that LI retains. Alternatively, the encoder
may learn similar representations regardless of the
scoring functionThe gap may arise from the spe-
cific encoder layers each scorer accesses, which
is determined during training. We apply the inter-
pretability toolkit (Alain and Bengio, 2017; Vig
et al., 2020; Belinkov, 2022; Goldowsky-Dill et al.,
2023; Zhang and Nanda, 2023) to the fine-tuned
encoders from Kulumba et al. (2025) to distinguish
between these explanations. This analysis isolates
the dissociation between feature availability and
feature use.

* Availability is invariant, the same stylistic
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features (word length, capitalization, punctua-
tion density, etc.) are linearly readable from
the hidden states of all models at all layers,
including a control encoder picked off the
shelf. The pretrained backbone already en-
codes these features. Contrastive fine-tuning
does not create them.

» Usage depends on the scoring mechanism,
as it determines where in the encoder author-
ship signal becomes causally necessary. Mean
pooling consolidates authorship signal in the
middle third of the network, while LI defers
consolidation to the upper third. The gradient
structure of the scoring functions can explain
this gap.

The results indicate that the choice of scoring
function determines the effective depth of the en-
coder, the information accessible to the model,
and the trajectory followed during training. Fur-
thermore, consolidation depth predicts task per-
formance: applying each scorer at intermediate
layers shows that its accuracy plateau aligns with
its consolidation band. This finding provides an
explanation for the consistent outperformance of
interaction-based systems over pooled representa-
tions in AA, despite both approaches utilizing the
same pretrained backbone. We release the code
under an open license.!

2 Background

This section defines the fundamental components
of the contrastive authorship attribution (AA)
pipeline and describes the analytical tools em-
ployed in its study.

2.1 Contrastive authorship attribution

In the contrastive formulation, training data con-
sists of triplets (a,p,n): an anchor passage a, a
same-author positive p, and a different-author neg-
ative n. The encoder fy maps each passage to a
sequence of token-level representations. A scoring
function s then compares the anchor’s representa-
tion to the positive’s and to the negative’s, produc-
ing scalar similarity scores. Training minimizes the
InfoNCE loss (van den Oord et al., 2019):

exp(s(a,p)/T)
exp(s(a,p)/T) + Z eXp(S(a’n’)/T)

n’eN

(€3]

L= —log

Here, 7 denotes a temperature parameter and A
represents the set of in-batch negatives, where ev-
ery non-positive passage in the batch serves as a
negative.

"https://github.com/Madjakul /DeepStylometry

2.2 Scoring mechanisms

The encoder produces a sequence of token represen-
tations H* = [h¢, ..., h% ] € R™*? for a passage
containing m tokens with hidden dimension d. The
scoring function specifies how this matrix is con-
verted into a scalar similarity. Three families of
scoring mechanisms are examined.

Mean pooling with cosine similarity. The pas-
sage representation is the mean of its token embed-
dings, and the score is the cosine similarity between
mean vectors. Mean pooling is the standard AA
baseline (Rivera-Soto et al., 2021; Wegmann et al.,
2022; Kantharuban et al., 2026). It compresses the
entire token sequence into a single d-dimensional
vector before scoring.

Late interaction (MaxSim). The passage is rep-
resented by its full sequence of token embeddings,
and the score is the sum over anchor tokens of
the maximum cosine similarity to any candidate
token (Khattab and Zaharia, 2020):

Ma

su(a,p) =Y max cos(h?,h?)  (2)
1 j€[myp)]

1=

Unlike mean pooling, late interaction preserves per-
token structure through the scoring function, so the
encoder is not required to compress all information
into a single vector.

Patch-level late interaction (PLI). PLI provides
an intermediate approach. The token sequence is
divided into contiguous patches of size n. Each
patch is mean-pooled, and MaxSim is then applied
at the patch level:

P,
spui(a,p) = )  max cos(py,pj) (3
=1 JE[Pp]
Here, p; = %Ztepmh_ h; denotes the mean of

the tokens within patch . We use n=2 (bigram
patches) in this study.

2.3 Residual stream patching

Residual stream patching (Vig et al., 2020; Meng
et al., 2022) is a causal intervention designed to
measure each encoder layer’s contribution to the
model’s output. By corrupting the input of the en-
coder and subsequently restoring one layer’s acti-
vations to their clean values, it is possible to assess
the extent to which the model’s correct behavior is
recovered.
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Given a triplet (a, p, n), the clean pass encodes
the positive p, the corrupt pass encodes the nega-
tive n, and the patched pass at layer £ encodes the
negative while replacing its layer-¢ hidden states
with those of the positive. These patched activa-
tions then propagate through the remaining layers

to produce s
0 produce s heq-

The clean score is defined as Sciean = $(a, p),
while the corrupt score i8S Scorrupt = s(a,n). If
patching at layer ¢ restores the clean score, this
indicates that layer ¢ contains the information nec-
essary for correct authorship scoring. Conversely,
if patching has no effect, the relevant information

has not yet been consolidated at that layer.

2.4 Recovery metrics
Recovery is quantified using two metrics:

Percentage recovery is a standard metric intro-
duced by Meng et al. (2022):

12
stoea(a,n) — s(a,n)

Recovery ™ (%) = s(a.p) = s(a.n)

x 100 (4)

where s]gi)tched(a,n) denotes the score obtained

when the negative’s layer-¢ hidden states are re-
placed with those of the positive. A value of 0%
indicates no recovery, while 100% indicates full
recovery. Values may fall outside the [0, 100] range
if the patched score overshoots. The denominator
becomes small when the clean and corrupt scores
are close, a situation that occurs most frequently
for PLI, which can cause a small score change to
result in an extreme percentage.

Rank recovery handles this issue by posing a
binary question: after patching at layer ¢, does
the model continue to rank the positive above the
negative?
w _ 1

4 £
rank — ‘7—_,’_ ‘ Z 1[spatChed( )(at7])t) > séalx):hcd(ahnt)} (5)
teT +

T

where T, denotes the set of triplets for which the
clean model scores the positive passage above the
negative. This metric yields a value in [0, 1], with
0.5 representing chance performance. Rank recov-
ery is used for all the figures in the main text, while
percentage recovery is reported in the appendix.

2.5 LISA probes

To separate feature availability from feature use,
we train linear probes (Alain and Bengio, 2017;
Belinkov, 2022) at each encoder layer. The probes
are regression models mapping the mean-pooled
hidden state at layer £ to scalar stylistic features.

We report the coefficient of determination R? on
a held-out set. The feature targets are drawn from
the Linguistically-Interpretable Style Attributes
(LISA) framework, introduced by Patel et al. (2024)
and extended by Kantharuban et al. (2026). They
include nine categories: word length, capitaliza-
tion rate, type—token ratio, punctuation density,
function-word frequency, sentence length, hedging
markers, citation density, and discourse connec-
tives.

3 The Consolidation Bottleneck

This section presents a theoretical framework out-
lining the expected outcomes before any experi-
ments.

3.1 How the gradient distributes across tokens

The end-to-end gradient of the InfoNCE loss with
respect to a single token representation hf factors
into two parts:

oL oL 0s
oy 9s,  om ©
InfoNCE term ~

Scorer term

The InfoNCE term concentrates the gradient on
hard negatives and remains consistent across dif-
ferent scoring mechanisms, as it depends solely on
the values rather than the computation method. In
contrast, the scorer term dictates the distribution
of the gradient across individual tokens, which is
where the three mechanisms diverge.

Mean pooling: dense, uniform gradient. Under
mean pooling, the score depends on each token
only through the mean. The partial derivative is:

OSmean _ i 8005([_1“’17117) (7

8h§‘ m Ohe

The 1/m factor ensures that each token receives an
identical gradient magnitude, resulting in a dense
and uniform gradient distribution. Consequently,
the model lacks a mechanism to selectively en-
hance discriminative tokens; function words, punc-
tuation marks, and content words all receive the
same gradient signal.

MaxSim: dense and sparse. Under LI, the score
is computed as a sum of per-token maxima (Equa-
tion 2). Each term in the outer sum depends on
a single anchor token h{ via the max operation
over candidate tokens. For each anchor token, the
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max selects one candidate token and disregards the
others. Formally:

O e dcos(h}, ht
SUL _ Z 1|j =arg max cos(h{,h?)| - 7( ;)
Oh? = i’ €lmyp) J oh¢

®)

The indicator is 1 only when candidate token j is
the optimal match for anchor token ¢, and 0 other-
wise, reducing the sum to a single term. This leads
to two contrasting consequences. On the anchor
side, the gradient is dense: every anchor token re-
ceives an update, as in mean pooling. However, the
direction of the update is determined by the spe-
cific candidate token the anchor aligns to instead
of a passage-wide average. On the candidate side,
the gradient is sparse: candidate tokens that do not
win any alignment receive no update from the scor-
ing function. This asymmetry is significant for the
encoder, which learns to identify tokens carrying
discriminative signals because only aligned pairs
propagate gradients.

PLI: intermediate density. Under PLI with
patch size n (Equation 3), the gradient combines
both regimes:

0 cos
(9h;?

aSPLI
oh?

= % - 1patch(j) € argmax]| - ©))

The gradient is sparse between patches, as only se-
lected patches receive a gradient signal, but dense
within patches, with each of the n tokens in a se-
lected patch receiving 1/n of the gradient.

3.2 The consolidation bottleneck

The uniform 1/m gradient produced by mean pool-
ing results in a consolidation bottleneck. The scor-
ing function accesses only the mean of all token
representations. To enable the encoder to distin-
guish between same-author and different-author
passages, it must organize the hidden states such
that their mean encodes authorship information.
This requires the encoder to coordinate information
across the entire sequence, compressing authorship-
relevant features into a representation that persists
through averaging. This compression occurs at an
intermediate layer, referred to as the consolidation
layer or, when expressed as a confidence interval,
the consolidation band.

MaxSim theoretically does not exhibit this bot-
tleneck. The scoring function directly accesses
individual token representations, allowing the en-
coder to refine token-specific features in the up-
per layers without consolidating them into a sin-

gle direction. Since the upper layers of a trans-
former encode more abstract, context-dependent
features (Tenney et al., 2019), the ability to defer
consolidation should enable MaxSim to leverage
richer representations.

This analysis predicts a bottleneck for mean
pooling but not for MaxSim. However, it does
not specify the location of the consolidation layer.
If the prediction holds, mean pooling should ex-
hibit a recovery inflection in an earlier region of the
network compared to MaxSim during causal patch-
ing experiments. Patching below the consolidation
band should eliminate the signal, as the representa-
tion has not yet been compressed, whereas patching
above it should preserve the signal, indicating that
consolidation is complete.

Why does mean pooling lose information?
Mean pooling transforms the m x d token matrix
H into a d-dimensional vector h. According to the
data processing inequality, I(Y;h) < I(Y;H),
where Y denotes the author identity. This inequal-
ity is strictly negative whenever h is not a sufficient
statistic for Y. For example, two passages with
identical function-word frequencies but different
function-word orderings are indistinguishable un-
der mean pooling, which is permutation-invariant,
but can be distinguished by MaxSim, which pre-
serves positional structure.

4 Experimental Setup

We conduct a controlled analysis that isolates the
scoring mechanism. All models share a common
backbone, corpus, and loss function, differing only
in how they convert token representations into
scalar similarity scores.

4.1 Models

All models use a ModernBERT-base back-
bone (Warner et al., 2025) with 22 transformer
layers. This architecture yields 23 hidden states:
the embedding output and 22 layer outputs. Un-
less otherwise specified, we use the base-4 split
of HALvest-Contrastive (Kulumba et al., 2025),
a scholarly corpus where the anchor and positive
samples come from different papers by the same
author set. The negative sample is drawn from
the same disciplinary field. This design controls
topical similarity. The model cannot rely on vocab-
ulary overlap to distinguish positive from negative
samples.
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The single-vector models represent standard
readouts in the literature. Mean pooling with In-
foNCE is the approach adopted by contrastive attri-
bution systems (Rivera-Soto et al., 2021; Huertas-
Tato et al., 2024), while Wegmann et al. (2022)
use mean pooling under a triplet loss. Layerwise
applies layerwise attention pooling, followed by
mean pooling and cosine scoring, as implemented
in IDIOLEX (Kantharuban et al., 2026). Previ-
ous work shows that layerwise attention improves
performance by less than one Recall@20 point
over mean pooling. Learned layer weights do not
overcome the single-vector bottleneck discussed in
§3.2. LI applies token-level MaxSim with punc-
tuation and padding masked. PLI n=2 applies
bigram patch-level MaxSim. Multilingual-ES
(base) (Wang et al., 2024) serves as an off-the-shelf
control model. ES was trained for retrieval and to
a greater extent for semantic matching. Its similar-
ity scores are decorrelated from those produced by
models trained for authorship attribution (Kulumba
et al., 2025; Kantharuban et al., 2026). Table 1

Model R@20 R@100 nDCG@20 nDCG@100
Mean pooling 0.121 0.294 0.063 0.101
LI 0.485 0.678 0.364 0.408
PLI n=2 0.497 0.700 0.365 0.411
Multilingual-E5 (zero-shot) 0.167 0.269 0.124 0.146

Table 1: HALvest-Contrastive base-4 retrieval per-
formance, reproduced from Kulumba et al. (2025).
Multilingual-ES was tested using mean pooling. Lay-
erwise attention is omitted here as it differs by under
one Recall @20 point from mean pooling in prior work

(§4.1).

summarizes retrieval performance results. The
four-fold difference in Recall@20 between mean
pooling and LI constitutes the primary empirical
observation under investigation.

4.2 Probe set construction

We use a small, controlled set of 148 triplets, dis-
tinct from the full retrieval benchmark, for our anal-
ysis. A curated probe set in place of the full test
set allows us to control confounding variables such
as passage length and domain overlap. We sample
triplets from the HALvest-Contrastive base-4 vali-
dation set, specifically from the ten most frequent
author-sets with at least four distinct documents.
Triplets are stratified into three tiers, each vary-
ing the relationship between the anchor and the
negative passage:
* Tier A (n=>50): the anchor and positive share
the same author-set. The negative is written

by a completely disjoint author-set from the
same scholarly domain. This is the baseline:
the model must rely on stylistic signal to dis-
tinguish the positive from a topically similar
negative written by entirely different authors.

* Tier B (n=>50): the anchor and positive share
the same author-set. The negative is written by
a partially overlapping author-set that shares
at least one author with the anchor’s team but
is not identical to it. The shared author con-
tributes stylistic signal to both passages, cre-
ating a confound. This tier tests whether the
model can distinguish full author-set matches
from partial ones.

* Tier C (n=48): the anchor and positive share
the same author-set but come from different
scholarly domains (anchor in domain D1, pos-
itive in domain D>). The negative is written
by a disjoint author-set from the anchor’s do-
main Dy. This tier tests cross-domain author-
ship recognition. The model must identify the
same authors when the vocabulary and con-
ventions shift between disciplines.

Tier A Tier B Tier C
Model Fail ny Faill ng Fail n4
Mean pooling  14% 43  42% 29 12.5% 42
Layerwise 10% 45 44% 28 125% 42
LI 2% 49 36% 32 42% @ 46
PLI n=2 2% 49 36% 32 42% 46

Table 2: Failure rates and effective sample sizes (n
= correctly-ranked triplets used for patching) per tier.
Tier B is the hardest due to the shared-author confound.
Interaction models are more robust than the single-
vector scorer across all tiers.

Residual patching is applied exclusively to cor-
rectly ranked triplets, defined as cases where the
clean model assigns a higher score to the positive
than to the negative. Consequently, effective sam-
ple sizes vary by tier and model, as shown in Ta-
ble 2.

4.3 Analyses

We conduct four types of analyses, each covering
different subsets of the six models. Probing is per-
formed on all six models. Patching, score sensi-
tivity, and intermediate-layer scoring are applied
to the four fine-tuned models. Training dynamics
are analyzed for layerwise attention, LI, and PLI,
as this analysis requires the full series of training
checkpoints, which were retained only for these
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three models.

1. LISA probes train regression models on a
separate 10,000-passage corpus and evaluate
them on a 2,000-passage held-out set, mea-
suring feature availability at each of the 23
hidden states.

2. Residual stream patching measures the
causal contribution of each layer via rank re-
covery (Equation 5) across the 148 probe-set
triplets.

3. Score sensitivity computes the average abso-

I h © 1
ute score change lspatched — Scorrupt| Per layer,

a raw measure of how much the scoring func-
tion’s output responds to restoring a single
layer.

4. Training dynamics apply patching to eight
checkpoints per model (steps 0, 500, 1500,
3000, 5000, 10000, 20000, and final) to track
how the depth profile develops during training.
It isolates what contrastive fine-tuning adds.

5 Results

Probing, causal patching, score sensitivity, and
training dynamics all point to the scorer’s extrac-
tion location and method as the source of the per-
formance gap.

5.1 Feature availability is invariant

If the four-fold Recall @20 gap between mean pool-
ing and LI were due to LI enabling the encoder
to learn superior stylistic representations, LISA
probes would be expected to show higher R? values
for LI than for mean pooling at certain layers. How-
ever, this pattern is not observed. Table 3 presents

Feature Layerw. LI PLI ES Mean  Base

wl_mean 575 580 579 576 578 571
fw_we 499 500 505 493 499 497
fw_the 496 496 496 496 496 496
punct_period 493 468 .502 479 486 466
punct_colon 473 473 473 463 471 A73

Table 3: Top-5 LISA features ranked by mean peak
R? across models. All six models surface the same
feature family with highly similar probe performance.
Full heatmaps are in Appendix A.

the top-5 LISA features by peak R? for each model.
The rankings are consistent across all six models:
mean word length is the most prominent feature
(R? ~ 0.57-0.58), followed by function-word fre-
quencies and punctuation density. The pretrained
ModernBERT backbone ("Base"), which has not
been fine-tuned on authorship data, achieves the

same R? as the four fine-tuned models and the
Multilingual-E5 control. The full probe heatmaps
(Appendix A) reveal the same pattern at every layer
of the five 22-layer models and the same ordering
in the 12-layer Multilingual-E5 control at propor-
tionate depths. Mean-pooled probes cannot detect
structures present only in individual token repre-
sentations, which is where late interaction would
most plausibly differ. Therefore, token positions
were probed directly, and mean-pool was compared
against max-pool aggregation. Neither analysis is
supported by any model (Appendix F), so neither
informs the central question.

Within the stylistic features and linear probes
evaluated in this study, there is no evidence that dif-
ferent scorers produce distinct representations. Dif-
ferences in untested features, particularly higher-
order syntactic or discourse features, cannot be
excluded. The pretrained ModernBERT backbone
already encodes the tested features, and contrastive
fine-tuning does not generate them, regardless of
the scoring function. Consequently, the four-fold
Recall@20 gap is more plausibly attributed to dif-
ferences in the readout mechanism.

5.2 A scoring-dependent depth profile

Residual stream patching is applied to the 148
probe-set triplets (Figure 1). The consolidation
layer is defined as the earliest layer at which rank re-
covery exceeds 0.75, quantified by resampling the
probe-set triplets 1000 times per tier (Appendix D).

The single-vector scorers recover in three stages
(Figure 1, blue and purple). Recovery sits above
chance at layers 0 to 2, falls below chance through
the lower-middle of the network, then rises to near-
perfect by the mid-layers. Every model shows the
early bump, which is consistent with the first lay-
ers encoding shallow syntactic statistics (Jawahar
et al., 2019) that carry distributional authorship sig-
nal even when domain-specific vocabulary shifts.
Layerwise attention’s 95% bootstrap CI for the
consolidation layer is [10, 13] on all three tiers,
with point estimates of 11, 13, and 10. Plain mean
pooling sits in the same place, with a point esti-
mate of 13 on every tier and a CI of [10, 13] on
Tier A. On Tier B and Tier C, its lower bound falls
to 0, because the early bump puts rank recovery
above 0.75 at layer 0 in 4.0% and 12.7% of resam-
ples. The bump is not consolidation: recovery falls
back below the threshold before rising again, so the
sustained-crossing estimator returns [13, 19] and
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(a) Tier A (same domain)

(b) Tier B (shared-author confound)

(c) Tier C (cross-domain)

Figure 1: Rank recovery across the four fine-tuned models. Each panel shows one tier. Blue: mean pooling,
purple: layerwise attention (both single-vector scorers), orange: LI, green: PLI n=2. Dashed line: chance (0.5).
Single-vector scoring consolidates in the middle third of the network, while both interaction models consolidate in
the upper third. The two single-vector curves track each other on all three tiers (Table 4). The regime separation is

consistent across all three tiers.

[10, 13] for those two cells (Appendix D).

Late interaction shows the same three stages
with a later final rise (Figure 1, orange). Its CI is
[16, 17] on Tier A and [16, 19] on Tier B, in both
cases clear of the single-vector upper bound of 13.
On Tier C, the point estimate stays at 16 while the
lower bound falls to 0, from the same early bump,
present in 7.5% of resamples, and the sustained-
crossing estimator returns [16, 16] there. The mid-
layer dip is deeper than for the single-vector scorers
(recovery ~ 0.3—-0.4): restoring a clean mid-layer
into an otherwise corrupt pass actively misleads
the token-level MaxSim scoring, which selects its
matches from single token vectors and is therefore
more exposed to a mismatch between the restored
layer and its corrupt context.

PLI n=2 tracks LI closely (Figure 1, green) and
is the most stable model in the analysis. Its point es-
timate is layer 16 on all three tiers, at every thresh-
old from 0.65 upward, and its CI is [16, 16] on
Tier A and Tier B. This places it inside the inter-
action regime instead of between the two regimes,
which is what Equation 9 predicts if the patch-level
argmax dominates the intra-patch averaging.

Regime separation. The two groups do not meet.
Every single-vector interval has an upper bound of
13 and every interaction interval a lower bound of
16, on Tier A and on Tier B. Hence, the separation
survives the tier where all four models lose accu-
racy and where the effective sample size falls to 28
correctly ranked triplets. Tier C separates on the
point estimates (13 and 10 against 16 and 16) and
on the sustained-crossing intervals, but not on the
first-crossing intervals, for the reason given above.
The separation appears at the 0.75 threshold and
holds to 0.90 (Appendix E). The point estimates are

stable from 0.60 upward, and the intervals become
informative at 0.75.

Score sensitivity analysis (Appendix B) and
training dynamics across eight checkpoints (Ap-
pendix C) provide complementary confirmation:
single-vector scorers show high normalized sensi-
tivity precisely in the layers where they consolidate,
and the depth profile develops top-down during
training.

5.3 Linking consolidation to performance

Patching isolates the layers that each model’s scorer
requires. It does not show that consolidation depth
differences set the performance gap. We test this
link by intervening on depth and measuring attri-
bution accuracy. We extract hidden states at every
encoder layer, apply each model’s scoring func-
tion, and measure triplet accuracy on the probe set
(Figure 2).

On Tier A, both single-vector scorers plateau
near 0.85 by the mid-layers. LI improves across lay-
ers and reaches 0.95 in the upper layers. PLI tracks
LI Each scorer’s performance plateau matches
its consolidation band from causal patching: the
single-vector plateau aligns with the pooling con-
solidation band ([10, 13]), and LI’s plateau aligns
with its consolidation band ([16, 17]). On Tier B,
all models reach lower accuracy. LI peaks at 0.65,
compared to 0.95 on Tier A. The relative ordering
holds: LI reaches the highest plateau, PLI follows,
and single-vector scorers remain below. Tier B
lowers the maximum accuracy for all models but
preserves their order. The accuracy gap between
readouts persists, and the consolidation intervals
remain distinct. On Tier C, the pattern matches
Tier A. Layerwise attention attends to any layer
below ¢ that has already consolidated. This ac-
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Intermediate-layer scoring accuracy (logit-lens style)

10
der layer index

Figure 2: Intermediate-layer scoring accuracy. Triplet accuracy when each model’s scorer reads from layer /,
shown per tier. On Tier A, single-vector scorers plateau around 0.85 by mid-layers while LI reaches approximately
0.95 in the upper layers. On Tier B, all models achieve lower accuracy, but the relative ordering is preserved. The
depth at which each scorer reaches its accuracy plateau matches the consolidation bands from causal patching.

cess may explain its slightly higher intermediate
accuracy.

6 Related Work

Authorship attribution. Neural AA has pro-
gressed from classification approaches (Burrows,
2002; Schler et al., 2006) to contrastive learning
methods (Wegmann et al., 2022; Kantharuban et al.,
2026; Huertas-Tato et al., 2024), with a growing
emphasis on addressing topic confounding (Weg-
mann and Nguyen, 2021; Rivera-Soto et al., 2021).
While previous work in the AA community has ex-
plored interpretability (Alshomary et al., 2025b,a),
to the best of our knowledge, our study is the first to
employ mechanistic interpretability tools and gra-
dient analysis to explain performance and training
dynamics in encoder models.

Probing versus causal analysis. Linear
probes (Belinkov, 2022) are commonly employed
to investigate the information encoded in neural
representations; however, the relationship between
probe accuracy and actual model behavior remains
debated (Hewitt and Liang, 2019; Ravichander
etal., 2021). Activation patching (Vig et al., 2020;
Meng et al., 2022; Wang et al., 2023) offers a
causal perspective by evaluating whether infor-
mation is necessary for model predictions rather
than merely decodable. Our dissociation between
availability and use advances this discussion by
demonstrating that all probed features are equally
available across models exhibiting markedly
different task performance.

7 Discussion

The availability—use dissociation presents AA as
a problem of reading out information. Here, the
pretrained encoder makes stylistic features easy to

read linearly. The key difference is whether the
scoring function can reach these features at the
right depth and with enough capacity.

Availability against use. In this framework,
probing accuracy does not serve as a sufficient
proxy for task performance when models differ
in their scoring mechanism. All six models, pro-
duce nearly identical LISA probe profiles (Table 3),
but their retrieval performance is very different (Ta-
ble 1). So, the main question is not which model
encodes more stylistic information, but which scor-
ing method can actually extract it. Path patching
at the attention-head level (Goldowsky-Dill et al.,
2023) could help trace how stylistic signals move
through the encoder, but this is a more detailed
issue than what we focus on here.

Why interaction beats pooling. Both the gradi-
ent analysis and the information-theoretic argument
(§3.1) show that mean pooling removes higher-
order structure by turning representations into a
single vector. At the same time, MaxSim keeps de-
tails at the token level. Causal depth profiles show
that single-vector scorers consolidate in the middle
third of the network, while interaction scorers do so
in the upper third. When the task gets harder, both
types shift to lower layers, but their order stays the
same, as seen in Tier B.

In practice. Choosing a scoring function is just
as important as picking an encoder. Most AA re-
search has focused on encoder design, pre-training
data, and the contrastive objective (Wegmann et al.,
2022; Rivera-Soto et al., 2021; Huertas-Tato et al.,
2024), and these systems usually use a single
pooled vector for encoder readout. Our results
show that the readout method matters as much as
these other factors.
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Limitations

Backbone choice. We fix the backbone to Mod-
ernBERT to control for architecture, since our goal
is to isolate how the scoring mechanism shapes
signal consolidation. The specific consolidation
bands we observe may shift in other architectures.
The qualitative regime separation between early
consolidation under mean pooling and later consol-
idation under interaction follows from the gradient
structure of the scoring functions (§3.1), not from
properties of ModernBERT, so it should transfer
to other architectures. Testing a second backbone,
such as RoBERTa (Liu et al., 2019), would confirm
this prediction but is orthogonal to the mechanism.

Patch-level interaction. We study only n = 2
for PLI. This keeps the analysis focused on the
contrast between pooling and interaction while still
giving us a middle regime to compare against LI
and mean pooling. The theory suggests that larger
patches should move the inflection earlier, closer to
the pooling regime. Exploring n = 3,4, 5 would
be a natural extension, but it is not necessary for
the main result reported here.

Probe set size. The 148 triplets resolve the
regime separation between single-vector and inter-
action scorers on all three tiers under rank recovery,
including Tier B, where the high failure rate leaves
only 28 to 32 correctly ranked triplets. They are
not enough for fine-grained LI versus PLI com-
parisons, whose intervals overlap everywhere, and
they are not enough to place the consolidation layer
to within a layer: the intervals span three to four
layers where they are tightest. The probe results
should be read as evidence about linear accessi-
bility of the nine LISA feature categories studied
here, not as a claim that the full hidden represen-
tations are equivalent across model families. We
cannot rule out differences in features not tested,
particularly higher-order syntactic or discourse fea-
tures and non-linear feature interactions. Nor can
we rule out differences at the token level. Mean-
pooled probing cannot see structure that exists only
in individual token representations, which is the
natural place for late interaction to differ, and our
attempt to probe token positions directly returned
no fit in any model, including the pretrained back-
bone (Appendix F).

Corruption method. We corrupt by encoding
the negative passage, so the corrupt pass is a state

the encoder actually produces and not an out-of-
distribution perturbation. The cost is that the nega-
tive differs from the positive in more than author-
ship. It differs in content, in phrasing, and in every
property that co-varies with a different author set
writing a different paper, so a patch that restores
authorship signal restores some of those as well.
Tier C, where the positive comes from a different
scholarly domain, bounds the topical part of this
confound without removing it. A counterfactual
that lacks authorship information while preserving
everything else would be the cleaner control, and it
is not well defined for this task.

One benchmark, one register. Every result re-
ported here was measured on HALvest-Contrastive.
Scholarly prose is a low-entropy register with stan-
dardized syntactic templates, which is what makes
the stylistic residual isolable and may also be what
makes a single pooled vector insufficient. The neg-
atives are field-matched by construction, and the
passages are 130 tokens. A regime separation be-
tween readouts on a corpus with those properties
does not establish the same separation on conversa-
tional text, on single-author labels, or at document
length.
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A LISA probe heatmaps

The main-text Table 3 summarizes feature availabil-
ity by reporting peak R? values. Figure 3 shows the
full layer-by-layer heatmaps for all models. Each
row is a LISA feature category (word length, cap-
italization, type—token ratio, punctuation density,
function-word frequency, sentence length, hedging
markers, citation density, and discourse connec-
tives). Each column is an encoder layer. The color
scale runs from 0 (feature not linearly decodable) to
0.5 (strongly decodable). The five 22-layer models
produce visually indistinguishable heatmaps: the
same features become readable at the same layers
regardless of the scoring mechanism used during
fine-tuning, or whether the model was fine-tuned at
all. Multilingual-ES uses a 12-layer architecture, so
its heatmap has 13 columns (layers 0—12) instead
of 23, and it shows the same feature ordering at
proportionate depths..

B Score sensitivity

Score sensitivity measures how much a model’s
output score changes when a single layer’s clean
activations are restored during patching. Unlike
rank recovery (§2.4), which asks a binary question
(does the model still rank the positive above the
negative?), score sensitivity captures the continu-
ous magnitude of the perturbation effect.

The three scoring mechanisms produce scores
on different scales: cosine similarity in [—1, 1] for
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(d) PLI n=2

(e) Multilingual-E5

(f) ModernBERT (pretrained)

Figure 3: LISA probe 122 heatmaps at the final checkpoint. Rows are stylistic feature categories; columns are

(a) Tier A

(b) Tier B

(c) Tier C

Figure 4: Normalized score sensitivity per layer. Score sensitivity normalized by the clean score magnitude.
Single-vector scorers show high relative sensitivity through the lower and middle layers and drop sharply at the top
of their consolidation band. Late interaction shows low flat sensitivity throughout. On Tier B (b), layerwise reaches
400-550x% due to near-zero clean-corrupt gaps on the hardest triplets.

mean pooling versus unbounded sums over tokens
for MaxSim and PLI. Comparing absolute score
changes across scorers therefore confounds mecha-
nism with scale. We normalize each model’s sensi-
tivity by its clean score magnitude (Figure 4).

Normalization reverses the cross-model order-
ing. On Tier A (Figure 4a), mean pooling shows
the highest relative sensitivity (peaking at ~ 20x
in the lower layers), followed by PLI (= 15x) and
layerwise (= 10x). Both single-vector scorers
drop sharply after the mid-layers. Late interac-
tion shows low flat sensitivity (/= 2.5x) across all
layers. On Tier B (Figure 4b), layerwise reaches
400-550x, an artifact of near-zero clean-corrupt
gaps on the hardest triplets. The Tier C pattern
(Figure 4c) mirrors Tier A at lower magnitude.

The cross-model ordering after normalization re-
flects score-scale differences, not mechanism. The
informative quantity is the per-layer shape for each
model. Single-vector scorers show high sensitivity

precisely in the layers where they consolidate, then
drop to near zero once consolidation is complete.
Late interaction shows no such inflection: no sin-
gle layer is disproportionately responsible for its
output. This is consistent with the absence of a
consolidation bottleneck under MaxSim. These
per-model inflection points are stable across all
three tiers.

C Training dynamics

The patching analysis in §5.2 shows the final-
checkpoint depth profile. To understand how that
profile develops during training, we apply the same
analysis to intermediate checkpoints saved at steps
0, 500, 1500, 3000, 5000, 10000, 20000, and the
final checkpoint. We use the layerwise model for
mean pooling because we had access to all interme-
diate checkpoints for that model and only the final
checkpoint for plain mean pooling (§4.1). Figure 5
shows the mean percentage recovery across Tier A
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(c) PLI n=2: gradual emergence, no transient spike. The final checkpoint shows a distinctive mid-layer hump (layers 10-15)

absent in both other models.

Figure 5: Training dynamics. Mean percentage recovery across Tier A triplets at eight checkpoints. Each subplot is
one checkpoint. x-axis: layer index; y-axis: mean recovery. We use percentage recovery here because rank recovery
is binary and too coarse to track gradual signal emergence at early checkpoints. The y-axis extremes reflect the
known instability of percentage recovery (§2.4) and should not be read as meaningful magnitudes.

triplets at each checkpoint.

Layerwise (Figure 5a) learns top-down. At
step 500, recovery is concentrated at the upper-
most layers. As training progresses, the inflection
migrates downward. The model progressively re-
cruits deeper layers to consolidate earlier, consis-
tent with the consolidation bottleneck (§3.2). The
dense gradient initially refines the layers closest to
the scoring function, then gradually shapes earlier
layers.

Late interaction (Figure Sb) shows a distinctive
behavior. At step 1500, recovery spikes at lay-
ers 5-10. This suggests the model initially exploits
shallow lexical matches: MaxSim can propagate
the gradient through exact token matches at neg-
ligible cost, providing a cheap authorship signal
from lower layers. As hard negatives increase in
difficulty during training, this shortcut becomes
insufficient, and the model shifts to deeper, more
contextualized representations. By step 5000, this
transient behavior is suppressed, and recovery con-
centrates at the upper layers.

PLI n=2 (Figure 5c¢). Bigram-patch MaxSim
shows a third pattern with no early spike: the intra-
patch averaging smooths out the shallow matches
that LI exploits. Recovery emerges gradually at the
upper layers. The final checkpoint shows a mid-
layer hump (layers 10-15) unique to PLI, possibly
reflecting the two-level structure of its gradient
(Equation 9).

D Bootstrap confidence intervals

We compute the consolidation bands of §5.2 by
resampling the probe-set triplets 1000 times per
tier, recomputing the per-layer rank-recovery curve
within each resample, and recording the earliest
layer at which it exceeds 0.75. The 95% CI is
the 2.5th and 97.5th percentile of those 1000 layer
indices. Table 4 reports the result.

Recovery is above chance at the first layers, be-
low chance through the lower-middle of the net-
work, and high thereafter (§5.2), so the earliest
crossing can fall at layer 0 whenever a resample
puts the early bump above the threshold. We report
the fraction of resamples for which it does. That
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Figure 6: Bootstrap ClIs for the consolidation layer across all three tiers. Each panel shows the mean percentage
recovery curve for one model on one tier, with the 95% bootstrap CI for the consolidation layer (shaded). The
shaded region bounds the layer index, not the recovery percentage. The y-axis reaches —35,000% for mean pooling
on Tier B, which puts the 50% threshold within the line width of zero. This is what makes the crossing unresolvable
under this metric (§2.4) and what motivates the rank-recovery estimates in Table 4.

Model Tier Pointest. 95% CI  Std Model Tier Pointest. 95% CI  Std
Mean Pooling A 13 [10, 13] 1.41 Mean pooling A 0 [0,14] 451
B 13 [0, 13] 2.62 Mean pooling B 22 [0, 22] 9.54
C 13 [0, 13] 4.55 Mean pooling C 2 [0, 3] 1.84
Layerwise Attn. A 11 10, 13 1.53 Layerwise A 13 [0, 13] 2.73
B 13 10, 13 1.06 Layerwise B 15 [0, 18] 4.81
C 10 10, 13 1.68 Layerwise C 0 [0, 2] 1.48
Late Interaction A 16 16, 17 0.97 LI A 19 [16,19] 1.04
B 19 16, 19 2.74 LI B 19 [0, 22] 8.17
C 16 [0, 16] 5.21 LI C 16 [0, 16] 5.76
PLIn=2 A 16 16, 16 1.43 PLI n=2 A 0 [0, 19] 8.61
B 16 16, 16] 0.66 PLI n=2 B 0 [0, 16] 7.96
C 16 [0, 16] 4.06 PLI n=2 C 0 [0, 16] 6.57

Table 4: Bootstrap confidence intervals for the rank-
recovery consolidation layer (threshold = 0.75, B =
1,000).

fraction is below 2% in eight of the twelve cells,
and every lower bound of 0 in Table 4 comes from
one of the four where it is not: mean pooling on
Tier B (4.0%) and Tier C (12.7%), and LI (7.5%)
and PLI (6.9%) on Tier C.

As a check, we recompute every interval with a
sustained crossing, the earliest layer above thresh-
old at which the curve stays above threshold for
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Table 5: Bootstrap CI summary for the consolidation
layer under percentage recovery (50% threshold, 1000
resamples). Table 4 reports the same quantity under
rank recovery. Mean pooling and PLI return a point
estimate of O on Tier A here and 13 and 16 there.

all deeper layers. On Tier C the sustained inter-
vals are [10, 13], [10, 13], [16, 16] and [16, 16],
so the early bump accounts for the whole of the
Tier C widening and the tier separates cleanly once
it is removed. On Tier B, the sustained estimator
widens mean pooling instead, to [13, 19]. Neither



Consolidation layer vs. threshold (95% Cl)

Tier A Tier B Tier C

03 0.4 05 07 08 09 03 04 05 0.8 09 0.3 04 05 08 0.9

0.6 06 06
Recovery threshold Recoven y threshold Recovery threshold

Figure 7: Consolidation layer against percentage-recovery threshold (0.30-0.90 in steps of 0.10), with 95%
bootstrap CIs, shown per tier. Blue: mean pooling. Purple: layerwise attention. Orange: LI. Green: PLI n=2. The
flatness reflects the scale of the underlying curves (Figure 6), which puts a 50% threshold within the line width of
zero, and not a stable estimate.

Consolidation layer vs. rank-recovery threshold (95% CI)
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Figure 8: Consolidation layer against rank-recovery threshold (0.50-0.90 in steps of 0.05), with 95% bootstrap
ClIs, shown per tier. Blue: mean pooling. Purple: layerwise attention. Orange: LI. Green: PLI n=2. Point estimates
are stable from 0.60 upward. The bands below 0.75 are wide because a growing share of resamples cross at the

early bump (Appendix D).

estimator is clean on all three tiers. We report the
first crossing as primary because it is the estimator
the rest of the analysis uses, and switching to the
one that flatters the result would not be a reason to
switch.

On Tier A and Tier B, the separation is clean: the
upper bound of every single-vector interval is 13,
and the lower bound of every interaction interval
is 16. Tier B separates despite the low effective
sample sizes there, which the percentage-recovery
intervals did not show. On Tier C, the point esti-
mates separate, 13 and 10 against 16 and 16, while
the first-crossing intervals do not, for the reason
given above.

The two metrics also disagree about Tier C. Per-
centage recovery puts single-vector consolidation
at layers 2 and O there, rank recovery at 13 and
10. The gap is not noise: on cross-domain triplets,
patching an early layer moves the score most of the
way back toward clean while leaving the ordering
wrong, so the score recovers early, and the decision
recovers late. Rank recovery reports the second,
which is the quantity retrieval depends on.

E Threshold sensitivity

The consolidation layer depends on a recovery
threshold and on which recovery metric defines
the crossing. We sweep both. Figure 8 sweeps the
rank-recovery threshold from 0.50 to 0.90 in incre-
ments of 0.05, the range over which rank recovery
is above chance. Figure 7 sweeps the percentage-
recovery threshold from 0.30 to 0.90 in increments
of 0.10. Both report 95% bootstrap Cls from 1000
resamples.

Under rank recovery, the point estimates are sta-
ble from 0.60 upward. Both single-vector scorers
stay between layers 10 and 13 on Tier A, late inter-
action between 16 and 19, and PLI at 16 on every
tier without moving once. The intervals become in-
formative later. Below 0.75 they are dominated by
resamples whose earliest crossing falls at the early
bump, a share that runs from 1.1% at 0.75 to 44%
at 0.60 for mean pooling on Tier A, and no pair of
intervals separates at 0.70 or below. From 0.75 to
0.90, the single-vector and interaction intervals are
disjoint on Tier A and Tier B.

Under percentage recovery, the sweep does not
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Figure 9: Token-level probes. Top row: positional probes (R? at five token positions) for function-word frequency.
Bottom row: mean R? across all features comparing mean-pool and max-pool aggregation. R? is at or below zero
throughout, in every model including the pretrained backbone, so neither analysis discriminates between the scorers.

move at all. On Tier A, mean pooling and PLI
return layer O at every threshold from 0.30 to 0.90,
and layerwise and LI return 13 and 19 at every
threshold. The flatness is not stability. Figure 6
shows the reason: the percentage-recovery curves
reach —35,000% on Tier B, so a 50% threshold
sits within the line width of zero and is crossed
either at the first layer or nowhere. The estimator is
saturated and not robust. This is the behavior §2.4
predicts when the clean—corrupt gap is small, and
it is why the main text reports rank recovery.

F Token-level probes

The LISA probes in the main text (§5.1) use mean-
pooled hidden states, which cannot detect features
accessible only at the token level. To test whether
late interaction fine-tuning creates token-level fea-
tures invisible to mean-pooled probing, we run two
additional analyses on all six models (four fine-
tuned on authorship, the pretrained ModernBERT
backbone, and the Multilingual-E5 control).

The first analysis trains positional probes at five
fixed sequence positions (first token, last token, and
the tokens at the 25th, 50th, and 75th percentile of
the sequence). The top row of Figure 9 shows
R? for function-word frequency at each position.
No model shows a positional pattern that differs
qualitatively from the others.

The second analysis compares two aggregation
strategies over all token representations: mean-pool
(the strategy used in the main-text probes) and max-
pool (which selects the maximum activation per
feature dimension). The bottom row of Figure 9
shows the mean R? across all LISA features for
each strategy. Again, no model shows a scorer-
specific advantage under max-pool that is absent
under mean-pool.

The positional probes ask whether a single token

position encodes a passage-level aggregate such as
mean word length or punctuation density. There is
no particular reason it should, and the near-zero R?
across all six models is what that mis-specification
predicts. An analysis that fails to separate the pre-
trained backbone from the fine-tuned models can-
not establish that they are equivalent. What remains
open is stated in the Limitations.

G Training hyperparameters

All models are trained with InfoNCE loss (Equa-
tion 1) using the hyperparameters below, repro-
duced from Kulumba et al. (2025): Table 6 repro-

Hyperparameter Value

Backbone ModernBERT-base

Epochs 1

Per-device batch size 32

Gradient accumulation 2

GPUs 4xHI100 (primary), 4 x GB200 (scaling)

Effective in-batch negatives 256 (H100), 512 (GB200)

Learning rate 3x107°
Weight decay 0.1
Precision 16-bit mixed
InfoNCE temperature 7 0.5

Table 6: Training and model hyperparameters shared
across all main-body models as reported by Kulumba
et al. (2025).

duces the training configuration of every model. 7
is a temperature parameter, set to 0.5 throughout.
All other settings are defaults of the PyTorch Light-
ning (Falcon and The PyTorch Lightning team,
2019) training pipeline.

H Probe set construction

Passages are standardized to a target length of 130
tokens (Figure 10), with the positive and negative
passages within each triplet differing by no more
than five tokens after tokenization.
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Probe Set Token Length Distribution

Tier A (n=50) Tier B (n=50) Tier C (n=48)

Figure 10: Token length distributions for positive (blue)
and negative (orange) passages across the three tiers.
All passages cluster around the 130-token target.

I Alignment and uniformity losses

The alignment—uniformity framework of Wang and
Isola (2020) is employed to characterize the ge-
ometry of learned representations. Alignment,

o= E | f(a)— f(p)||*, quantifies the ex-
(avp)Nppos
pected squared distance between representations

of same-author passages, where lower values indi-
cate tighter same-author clusters. Uniformity, u =

log E exp<—2 IIf(x) — f(y)H2>, assesses

(xvy)lk'pdatu
how evenly all representations are distributed on

the hypersphere. Lower values indicate a more uni-
form spread. An effective contrastive representa-
tion minimizes both metrics. It keeps same-author
pairs close while avoiding collapse of the overall
distribution. The alignment—uniformity tradeoff

Model al)  ud)

Pretrained (no fine-tuning) 0.069 —0.171
Mean pooling 0.154 —2.000
LI 0.091 -0.331
PLI n-gram 2 0.201 -0.717

Table 7: Alignment o and uniformity « per model, from
Kulumba et al. (2025). Lower is better for both.

(Table 7) does not track the capacity gap described
in §3.2, and the way it fails is informative. Mean
pooling achieves the best uniformity, because aver-
aging spreads representations, and LI the tightest
alignment among the fine-tuned models, because
token-level comparison preserves discriminative
detail at the cost of a candidate-side sparse gradient
that does not push representations apart as aggres-
sively. But mean pooling also has better alignment
than PLI n=2 and better uniformity, so it domi-
nates PLI on both metrics while losing to it by a fac-
tor of four in Recall@20 (Table 1). The diagnostic
of Wang and Isola (2020) reads the geometry of the
final representation. If the performance gap were
a property of that geometry, the diagnostic would

order the models correctly. It does not, which is
a first indication that the gap lives somewhere the
final representation does not record.
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