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Abstract

Embedding-based similarity metrics between
text sequences can be influenced not just by
the content dimensions we most care about, but
can also be biased by spurious attributes like
the text’s source or language. These document
confounders cause problems for many appli-
cations, but especially those that need to pool
texts from different corpora. This paper shows
that a debiasing algorithm that removes infor-
mation about observed confounders from the
encoder representations substantially reduces
these biases at a minimal computational cost.
Document similarity and clustering metrics im-
prove across every embedding variant and task
we evaluate—often dramatically. Interestingly,
performance on out-of-distribution benchmarks
is not impacted, indicating that the embeddings
are not otherwise degraded.

1 Introduction

Suppose a political scientist is studying U.S. po-
litical discourse. They have access to data from
two sources: Twitter posts from senators and sum-
maries of congressional bills. A natural first step
in data exploration is to first embed the texts
(e.g., with a sentence transformer; Reimers and
Gurevych 2019) and then cluster them (e.g., with
k-means). As it turns out, some clusters will
overwhelmingly contain items from one source
or the other, because systematic differences be-
tween sources dominate the distances underpinning
k-means (Fig. 1A).

Text embeddings are generated by pretrained
models, and are able to capture topical, seman-
tic, stylistic, multilingual, syntactic, and other in-
formation about the embedded text. Generally,
models are trained with the goal of “making se-
mantically similar sentences close in vector space”
(Reimers and Gurevych, 2019). But pushing for
this goal means that spurious correlations between
attributes—e.g., domain and topic—can lead mod-
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Figure 1: Clustering text embeddings from disparate
sources (here, U.S. congressional bill summaries and
senators’ tweets) can produce clusters where one source
dominates (Panel A). Using linear erasure to remove the
source information produces more evenly balanced clus-
ters that maintain semantic coherence (Panel B; sampled
items relate to immigration). Four random clusters of
k-means shown (k=25), trained on a combined 5,000
samples from each dataset.

els to learn unwanted relationships. Per Thomp-
son and Mimno (2018): “collections are often con-
structed by combining documents from multiple
sources, [so the] most prominent patterns in a col-
lection simply repeat the known structure of the
corpus.”! It would therefore seem useful to remove
unwanted information from the representations.
Adjusting embeddings to remove confounding
information is exactly what we do in this work.

'Their focus is on bag-of-words topic models rather than
text embeddings, so their vocabulary-based approach does not
translate to our setting.



Adapting the algorithm from Belrose et al. (2023)
for linear concept erasure, we remove embedding
subspaces that are predictive of the confounding
variables that can bias measures of document dis-
tance. In the above example from U.S. politics,
we residualize out the source information (Twit-
ter or bills), producing adjusted embeddings for
which similarity metrics load on the semantic con-
tent rather than the source (Fig. 1B). As another
practical example, in a multilingual corpus, we
residualize out the subspace that is predictive of
language, leading to document distance metrics
that are driven by content, rather than language.

We show through extensive tests that the ad-
justed embeddings perform significantly better for
clustering and similarity search. For example, in
a multilingual document search setting, Recall@1
increases from 0.175 to 0.826. Intriguingly, there
is also no reduction in performance when using the
adjusted embeddings on unseen datasets and tasks
from a standard retrieval benchmark (Muennighoff
et al., 2023; Enevoldsen et al., 2024), suggesting
erasure does not harm embedding quality.

The approach is computationally inexpensive,
involving only linear transformations on pretrained
embeddings. Further, it can be used to adjust the
embeddings for documents that don’t have labels
for the confounders. As a result, the method is
particularly useful for applied work, for example in
computational social science research. In sum, we:

* Formally show how erasure removes con-
founding information from document simi-
larities (§2);

* Construct a benchmark of paired data de-
signed to measure the effects of confounding
attributes on embedding performance (§3);

» Evaluate a varied set of embedding methods,
establishing that observable features, like a
text’s source, can harm the utility of text em-
beddings in applied settings (§4);

* Demonstrate that applying a linear erasure
algorithm to remove observed confounders
can mitigate such issues—sometimes
dramatically—without  impacting other
aspects of performance (§5).2

2 Background

Many downstream tasks—nearest-neighbor search,
clustering, retrieval, topic discovery—reduce to
assessing how “close” two documents are in an

2We will release data and code upon acceptance.
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Figure 2: PCA projection of text embeddings before
and after LEACE. Data are paired Swiss court case
summaries in German (green) and French (purple). The
first principal component recovers the two languages
almost exactly.

embedding space. A good distance metric should
rank pairs by semantic relatedness rather than by
superficial attributes such as author, language, or
publication venue. In practice, however, pretrained
embedding models often encode these incidental
signals because they appear frequently during train-
ing and help optimize their self-supervised objec-
tives. When such signals correlate with content,
distance measures become biased, undermining
empirical conclusions drawn from them.

Embedding text sequences Sentence-level em-
beddings place semantically close documents near
one another in a vector space (Kiros et al., 2015;
Conneau et al., 2017; Cer et al., 2018; Reimers
and Gurevych, 2019). Modern systems start with a
transformer encoder trained on masked-language
modeling, then refine it on hundreds of millions
of contrastive pairs drawn from many corpora
(Reimers and Gurevych, 2019). This recipe powers
state-of-the-art results in retrieval (Asai et al., 2021;
Thakur et al., 2021; Zhang et al., 2023), cluster-
ing (Aggarwal and Zhai, 2012), and classification
(Maas et al., 2011).

Contrastive batches often contain items from a
single source so the model can focus on internal
semantics (Nussbaum et al., 2024). A side-effect is
that separate sources may occupy separate regions
of the space, especially when cross-source positives
are scarce. Multilingual models face a similar issue:
even when trained with translation pairs (Wang
et al., 2024), large amounts of monolingual data
still push languages apart.

Notwithstanding efforts to make contrastive
pairs comparable, the resulting embeddings still en-



code confounding information. Platform-specific
jargon and style can be pivotal. Language can
proxy for topic or geography. For authors or out-
lets, stylistic markers linked to gender or ideology
become shortcuts for similarity. Because these at-
tributes correlate with content, they act as observed
confounders in distance-based analyses.

The document comparison problem. More for-
mally, consider pairs of documents dy and d; with
unit-norm embeddings zg, 1 € RY, |lz;| = 1.
Assume a linear decomposition for the embedding:

x; = B.z; + B.e; + Byu; + ¢, (1)

where z; captures the semantic content of inter-
est (e.g. topic); ¢; collects observed confounders
(source, language, author traits); u; collects unob-
served confounders; B,,B., B, are loading matri-
ces; and ¢; is mean-zero noise uncorrelated with
(24, €i, u;); we also assume these factors are zero-
mean and have zero covariance with each other.
Similarity is measured with the dot product:

Yor = Y(zo,z1) = wymy. )
Taking expectations and using (1) gives
E[Yoi] = 2iT.21 + ¢)Teer + wiTuur. (3)

where I'y, = BZB;C. Only the first term reflects
the semantic proximity we care about; the others
bias any analysis based on Y.

Debiasing and concept erasure. Early debiasing
work on word vectors identified a “bias direction”
(e.g. gender) and removed its projection (Bolukbasi
et al., 2016). Subsequent studies showed that the
removed signal was still recoverable (Gonen and
Goldberg, 2019), prompting stronger linear meth-
ods such as INLP (Ravfogel et al., 2020), LACE
(Ravfogel et al., 2022), and LEACE (Belrose et al.,
2023). These approaches search for an affine map
that destroys all linear correlation with a protected
attribute while moving points as little as possible.
An important special case of these kinds of con-
cept erasure is linear concept erasure, where the
goal is to prevent linear adversaries from predict-
ing the information we aim to remove. This is
usually achieved in the form of a projection matrix
that neutralizes a subspace that is associated with
the concept C. Following Ravfogel et al. (2022),
Belrose et al. (2023) derived sufficient and neces-
sary conditions for achieving linear guardedness

(Ravfogel et al., 2023), a situation where no linear
classifier can recover the concept C' and achieve
a loss lower than that of a trivial predictor that al-
ways predicts the majority class. Specifically, they
derive a linear projection matrix P* such that:

Px = in E[||Px— 4
«=arg min E[[|Px—x[] @
subject to Cov(Px,C) = 0. 4)

The covariance constraint ensures the erasure of
linear information, while the first objective min-
imizes distortion of the representation space. It
turns out that this objective has a closed-form solu-
tion in the form of

P=1 - WiWSxo)WExc)'W (6
where W = 2)_(1)?2 is a whitening matrix, and
EXC = COV(X, C), ZXX = COV(X),;L = E[X]

This condition is proved to be sufficient and nec-
essary for achieving linear guardedness, i.e., the
inability of any linear classifier to recover the at-
tribute C' from the embeddings.

In other words, Eq. (6) and b = p— P give the
unique affine map that removes all linear correla-
tion with the observed confounder C' while altering
the embeddings as little as possible.

For any (possibly unlabeled) document, the
adjusted embedding x; = Px; + b has
Cov(z,C) = 0 while minimizing the distance
between = and . Applying the LEACE map
x; = Px; + b to the structural decomposition
in (1) gives

Xi = P(Bzzi + Bcc; + Byu; + €i) +b
= Bzz; + Byu; 7

where the middle term vanishes; since
Cov(Pz,C) = 0, Bc = 0. In turn, the
estimand for the document similarity

Yoo = &)@ = 2\Tzz + a)Tya;, (8)

is also purged of C'. Note, however, that Z = Pz
may not be equal to z, depending on the intensity
and nature of the dependence between z and C. So
the LEACE algorithm might also add bias to simi-
larity metrics through its adjustment of z. Further,
the (adjusted) unobserved confounder u remains,
and it is unclear how the deconfounding by LEACE
would either increase or reduce bias from u.



3 Experimental Setup

Our evaluation settings are designed to approxi-
mate real-world use cases involving datasets from
multiple corpora. They are divided into two groups,
category-level and event-level data, both aiming to
measure the same thing: the extent to which doc-
uments that share a common label have similar
embeddings.

The approach is the same across all datasets:
create a vector of concept labels C' to erase, using
known metadata (here, a text’s source or language).
Then, pass each text item through the embedding
model to obtain a matrix X. Fit LEACE on (X, C)
to learn the whitening and projection matrices, then
apply the transformations back to X3

3.1 Category-level Data

Category-level Data Niow  Categories
CAP Data

Bills — Orders 1,902 21

Bills — Newspapers 2,613 21

Orders — Newspapers 1,907 21

All Three Sources 3,211 21
Event-level Data Npaired Nunpaired
SCOTUS Cases

Wikipedia — LexisNexis 2,048 1,518

Wikipedia — Oyez 1,560 1,762

LexisNexis — Oyez 2,048 2,075
SemEval News Articles

EN - Non-EN 888 0
Swiss Court Cases

DE - FR 2,048 1,760

DE-1IT 2,048 1,760

FR —1IT 2,048 1,760

Table 1: Dataset statistics. The data cover a variety of
domains and languages.

Recalling the motivating example from the intro-
duction, imagine a researcher clusters documents
from different sources (like news articles and court
cases), with the hope that each cluster contains
documents that fall under a coherent topic.

We measure progress on this task by relying
on a common set of ground-truth category labels,
like “Education”, that cover multiple datasets. The
goal is that the assigned clusters align with the
categories, even if the constituent documents come
from different sources.

3For the out-of-sample experiments in Section 5, the trans-
formations are applied to novel benchmark data X'.

Datasets. We use datasets from the Comparative
Agendas Project (CAP), which provides a coding
framework for analyzing policy activities across
time and between countries (Jones et al., 2023b).

We use texts from three sources: newspaper ar-
ticles*, congressional bill summaries (Wilkerson
et al. 2023, taken from Hoyle et al. 2022), and ex-
ecutive orders (Jones et al., 2023a). We evaluate
each pair of sources separately, as well as all three
simultaneously.

Metrics and Methodology. We measure align-
ment between ground-truth category labels and
assigned clusters with two metrics. Following
Poursabzi-Sangdeh et al. (2016), we use purity,
which quantifies to what extent each cluster con-
tains items from a single gold category, and the
Adjusted Rand Index, a chance-corrected metric
that measures the similarity of two clusterings.

The erased concept is the source for each of the
four settings (Table 1). When generating clusters,
we follow a standard practice and apply k-means
to the text embeddings for each document (Zhang
etal., 2022).°

3.2 Event-level Data

Now imagine that a practitioner wants to under-
stand how a common event—a court case, a nat-
ural disaster—is portrayed by distinct sources or
languages. If they have access to one document
discussing the event, how can they best find others?

Datasets. We rely on three paired datasets, which
link documents depicting the same event in differ-
ent sources or languages.

Super-SCOTUS (Fang et al., 2023) contains
case summaries from the U.S. Supreme Court
sourced from LexisNexis and Oyez. In addition,
we scrape case summaries from Wikipedia. This
results in 1,518 pairs of LexisNexis and Wikipedia
case summaries, 2,075 from LexisNexis and Oyez,
and 780 pairs from Wikpedia and Oyez.

SemEval 2022 Task 8 (Chen et al., 2022) as-
sesses the similarity between pairs of multilingual
news articles. We obtain 444 pairs of news articles
that depict similar events in different languages,
namely English and non-English (Spanish, Ger-
man, and Chinese).

4https: //comparativeagendas.net/project/
pennsylvania

SWe set k = 21, the total number of categories in the data.
Improvements are robust to different &, see Fig. 9 in appendix.
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Bills & News Orders & News Bills & Orders All Three Sources

Model Purity ARI Purity ARI Purity ARI Purity ARI

Before After Before After Before After Before After Before After Before After Before After Before After
MiniLM 0.346 0507 0.148 0.268 0.329 0463 0.123 0228 0.391 0448 0.169 0.226 0269 0411 0.096 0.205
GIST-small 0.380 0.549 0.171 0.328 0.421 0.515 0.200 0.283 0422 0.513 0.191 0.275 0330 0483 0.131 0.259
E5-small 0260 0.414 0.085 0207 0.289 0.290 0.099 0.101 0.319 0422 0.123 0.190 0237 0356 0.069 0.166
MPNet 0.365 0.504 0.162 0.282 0.377 0.444 0.151 0217 0461 0493 0.229 0.256 0.334 0481 0.130 0.259
GIST-base  0.373 0.534 0.157 0312 0380 0.534 0.165 0.309 0425 0498 0.188 0.262 0320 0.470 0.054 0.147
E5-base 0.240 0375 0.072 0.175 0.252 0.297 0.075 0.108 0.328 0.407 0.130 0.173 0212 0346 0.130 0.173
Nomic-v2 0.324 0.463 0.122 0250 0.331 0.353 0.127 0.161 0.386 0.442 0.159 0.218 0249 0411 0.073 0.196
MXB-large 0.328 0.493 0.134 0.279 0332 0524 0.127 0.281 0.420 0487 0.188 0.263 0.299 0410 0.112 0.199
GIST-large 0.361 0.492 0.148 0.295 0375 0471 0.153 0258 0418 0495 0.195 0.258 0294 0434 0.106 0.226
ES5-large 0.224 0373 0.066 0.170 0.273 0.283 0.082 0.103 0.327 0.366 0.104 0.152 0211 0297 0.055 0.124

Table 2: Cluster alignment metrics on the “category-level” Comparative Agendas Project datasets (§3.1), before and
after linear concept erasure. Here, the erased concept is the source (top row). We set k = 21, the total number of
categories in the CAP datasets. Erasure substantially improves cluster alignment for every combination of sources
across all embedding models. Underlined scores indicate the highest value in each column.

A third dataset is derived from SwilTra-Bench
(Niklaus et al., 2025), which contains parallel sum-
maries of leading Swiss court decisions from the
Federal Supreme Court of Switzerland in German,
French, and Italian.

Methodology and Metrics. To accurately simu-
late real-world conditions, in which only partially
paired data is available and the remaining data is
unpaired and derived from different sources, we
retain up to 1,024 data pairs for each applicable set-
ting. We treat the remainder of the data as unpaired
by randomly discarding one example from each
pair. Thus, data is considered unpaired either be-
cause paired data was unavailable from the original
sources or because one item from a pair was ran-
domly removed. In each setting, we pool together
the paired and unpaired data and subsequently use
this combined dataset to train the LEACE eraser,
aiming to remove source-specific information.

We evaluate whether each paired item can re-
trieve its counterpart from the pooled dataset us-
ing Recall@1 and @10, the proportion of correct
matches that appear in the top k retrieved results.

3.3 Embedding Models

Our experiments use ten embedding models
of varying sizes and dimensionality (appendix
Table 12). This set includes multilingual and mono-
lingual variants, as well as models with instruction
fine-tuning: MinilM®, GIST-small, GIST-base,
GIST-large (Solatorio, 2024), multilingual
E5-small, E5-base, E5-large (Wang et al.,

6https://huggingface.co/sentence—transformers/
all-MinilM-L6-v2

2024), all-mpnet-base-v2 (Song et al., 2020),
Nomic-v2 (Nussbaum and Duderstadt, 2025), and
MXB-large (Li and Li, 2023; Lee et al., 2024).

4 Primary Results

We first discuss the results on the category-level
datasets, then turn to the event-level. In brief, era-
sure improves embeddings across the board—over
all models, metrics, and datasets we study.

4.1 Category-level

In all four source pairings from the CAP dataset,
erasing source-specific information with LEACE
consistently improves clustering quality (Table 2).
In the Bills—-Newspapers comparison, all ten mod-
els show marked improvements, with gains in ARI
ranging from +0.104 (E5-large) to +0.157 (GIST-
small), and purity increases as high as +0.169
(GIST-small). Although the magnitude of im-
provement varies, this pattern persists in the Or-
ders—Newspapers comparison. While most models
benefit substantially, multilingual models such as
ES5-small and E5-large show only marginal gains,
suggesting that source signal may be less distinct
in this pairing.

The Bills—Orders setting yields more moder-
ate improvements, yet the gains remain consistent
across model scales. Finally, the All Three Sources
setting demonstrates that LEACE generalizes to
more complex source distributions. Smaller-sized
models, such as MiniLM and GIST-small, gain
over +0.130 in purity and +0.100 in ARI. Even
larger models such as GIST-large and MXB-large
improve substantially after concept erasure.


https://huggingface.co/sentence-transformers/all-MiniLM-L6-v2
https://huggingface.co/sentence-transformers/all-MiniLM-L6-v2

LexisNexis & Wikipedia LexisNexis & Oyez Oyez & Wikipedia

Model Recall@1o Recalle1 Recallelo Recalle1 Recallelo Recall@l

Before  After Before After Before After Before After Before After Before After
MiniLM 0.487 0.606 0231 0313 0.890 0.899 0.651 0.693 0.850 0.924 0.623 0.747
GIST-small 0.563 0.656 0261 0325 0918 0943 0.702 0.778 0.762 0.844 0478 0.599
ES-small 0421 0.673 0.176 0353 0.830 0939 0.563 0.789 0.689 0951 0398 0.752
MPNet 0.566 0.666 0259 0337 0926 0943 0.724 0.775 0.856 0911 0565 0.678
GIST-base 0.646 0.757 0308 0412 0939 0963 0.727 0.819 0.880 0950 0.628 0.773
E5-base 0414 0.660 0.188 0341 0.830 0940 0.575 0.758 0.650 0942 0371 0.737
Nomic-v2 0.530 0.701 0254 0384 0950 0966 0.770 0.820 0903 0978 0.658 0.819
MXB-large 0.537 0.703 0.249 0376 0928 0958 0.720 0.805 0.883 0.960 0.654 0.819
GIST-large 0.657 0.770 0305 0414 0954 0967 0.787 0.834 0947 0971 0.760 0.826
ES-large 0479 0720 0209 0381 0864 0949 0.636 0.791 0.765 0964 0489 0.792

Table 3: Document similarity search results on paired “event-level” U.S. Supreme Court Summaries (3.2), before
and after linear concept erasure. Here, the erased concept is the document’s source. Erasure improves recall for
every setting and model. Underlined scores indicate the highest value in each column.

Opverall, these results demonstrate the robustness
of LEACE across diverse source combinations and
embedding models, confirming its ability to reduce
spurious relationships between items while preserv-
ing task-relevant semantic structure.

4.2 Event-Level

At the event level, we present the results with Re-
call@10 and Recall@1, because only one docu-
ment is deemed relevant for each query.

U.S. Supreme Court Case Summaries Apply-
ing LEACE consistently improves retrieval perfor-
mance on the SCOTUS summary data (Table 10).
In both Wikipedia pairings, improvements are large
and especially pronounced for the ES family. For
instance, on LexisNexis-Wikipedia, E5-small gains
+0.177 in Recall@1 and E5-base +0.153.

Performance before erasure on LexisNexis—Oyez
is already high, likely because the two have more
stylistic elements in common—both being techni-
cal summaries based on the original court opin-
ion. Nonetheless, we still observe more modest but
consistent gains. E5-small and E5-base increase
Recall@1 by +0.226 and +0.183, respectively, al-
though GIST-base and MXB-large exhibit improve-
ments of only about +0.08.

Overall, LEACE not only improves represen-
tation consistency across heterogeneous legal
sources, but also enhances alignment even when
initial model performance is already strong.

Swiss Federal Supreme Court Case Summaries
Turning now to multilingual data, we observe that
LEACE can be extremely effective, even with

already-multilingual embeddings (Table 4).

For all settings on the Swiss court case summary
data, nearly every model sees higher recall after
applying LEACE. The improvements tend to be
largest with different language families: German-
Italian and German-French. On DE-IT, gains in
Recall@1 can reach +0.651 (E5-large); on DE-FR,
+0.570 (E5-base). As French and Italian are closer,
baseline retrieval is already strong, with some mod-
els already having near-perfect Recall@10. This re-
flects the tendency of related languages to lie closer
in embedding space, as shown in prior work on ge-
nealogical structure (Ostling and Kurfali, 2023) and
cross-lingual language representations (Sharoff,
2020). Still, increases in metrics abound, primarily
in the smaller models like MiniLM. Taken together,
LEACE removes source-specific signals even in
complex multilingual legal domains.

SemEval News Articles To avoid bludgeoning
the reader with positive results, we briefly outline
the results on our other multilingual dataset: all ten
models again benefit from erasure (Table 6 in the
appendix).

S Erasure helps, but can it hurt?

The results from the previous section appear con-
clusive: linear concept erasure removes spurious in-
formation from embeddings that distort similarities.
At the same time, we might wonder: is it possi-
ble that erasure degrades the embeddings in subtle
ways that our evaluations fail to detect? Although
LEACE is designed to avoid unwanted distortions,
it is possible the trained eraser removes “desirable”
information that may support other tasks.



DE & IT DE & FR FR & IT

Model Recall@1o Recalle1 Recallelo Recalle1 Recallelo Recall@l

Before  After Before After Before After Before After Before After Before After
MiniLM 0.009 0.086 0.003 0.023 0.026 0.102 0.008 0.030 0.146 0.545 0.040 0.260
GIST-small 0.020 0.211 0.004 0.063 0.041 0.246 0.011 0.075 0315 0.771 0.101 0.461
ES-small 0.093 0930 0.027 0.543 0.167 0937 0.051 0563 0.853 1.000 0455 0.968
MPNet 0.016 0.149 0.006 0.048 0.053 0.155 0.021 0.050 0.157 0.646 0.052 0.346
GIST-base 0.034 0.296 0.008 0.092 0076 0378 0.024 0.142 0440 0.873 0.167 0.565
E5-base 0.380 0987 0.124 0.749 0457 0989 0.178 0.748 0.987 1.000 0.821 0.979
Nomic-v2 0.958 0994 0.600 0.765 0944 0996 0.596 0.767 1.000 1.000 0.968 0.979
MXB-large 0.027 0356 0.012 0.117 0.087 0.427 0.033 0.168 0.366 0910 0.125 0.632
GIST-large 0.045 0.298 0.014 0.090 0.116 0385 0.039 0.152 0415 0.880 0.144 0.551
ES-large 0.503 0995 0.175 0.826 0.722 0998 0.300 0.852 0.988 1.000 0.831 0.983

Table 4: Document similarity search results on paired “event-level” multilingual Swiss Court Case Summaries (3.2),
before and after linear concept erasure. Here, the concept is the document’s language. Once again, erasure improves
recall of the paired item in all cases, in some instances improving smaller models over their larger counterparts.

Underlined scores indicate the highest value in each column.

In this section, we explore this question with ad-
ditional evaluations on out-of-distribution (OOD)
benchmarks. The experiments are designed to
answer whether applying an eraser trained for
a specific domain unintentionally harms general-
purpose semantic representations. While our main
experiments in the previous section target domain-
specific differences, real-world deployment of em-
bedding models often involves cross-domain tasks.
We thus benchmark our models against diverse eval-
uation datasets from MTEB, (Muennighoff et al.,
2023), determining whether erasers trained to iso-
late certain information also degrade performance
in unrelated tasks.

5.1 Data and Methods

We focus on two sentence embedding models:
MinilLM and E5-base-v2 (Wang et al., 2022). Each
model is paired with two trained concept erasers:
the CAP eraser, trained to remove the source from
the Bill-Newspapers pair, and the Legal eraser,
trained on LexisNexis—Wikipedia. This results in
four models-eraser combinations per task.

We apply these combinations to retrieval and se-
mantic texutal similarity (STS) tasks from MTEB
(Muennighoff et al., 2023): (1) Legal Retrieval
tasks, (2) News Retrieval tasks (Thakur et al.,
2021), and (3) STS News tasks. These benchmarks
differ in domain, structure, and evaluation metrics,
offering a comprehensive perspective on erased em-
bedding behavior in out-of-domain settings. For
each benchmark, we compare the performance of
the original model embeddings to the same embed-

dings after applying the trained LEACE erasers.
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Figure 3: An eraser trained on embeddings from one
dataset does not degrade embeddings from a different
dataset. Erasers fit to the CAP and SCOTUS data (§3)
are applied to embeddings (MiniLM and E5-base-v2)
from five legal retrieval tasks. Each triplet of same-color
bars compares the average NDCG @ 10 for the base and
erased embeddings.

5.2 MTEB Results

We report a selection of results here, again empha-
sizing that our hope is not to improve benchmark
results, but to avoid making them worse (full results
in Appendix C).

Retrieval. On both the legal and news retrieval
tasks, the trained erasers do not harm performance
(as measured by the average NDCG@10). See
Fig. 3 for legal retrieval; per-task performance
(Fig. 5) and news retrieval (Fig. 6) are in the ap-
pendix. Given the domain overlap, we had hy-
pothesized that the Legal eraser might improve
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Figure 4: Relationship between variance explained by
PCI1 in the original embeddings and Recall@1 improve-
ment after LEACE. Each point corresponds to a dataset
setting in the event-level evaluation.

legal retrieval somewhat, but only one task sees
a marginal improvement (AILACasedocs), from
0.197 to 0.218 (Table 7 in appendix). That said,
the results are still positive overall, indicating that
both the CAP and Legal erasers operate robustly
in OOD retrieval tasks with both small and large
models.

Semantic Textual Similarity. We evaluate the
four model-eraser combinations on eight well-
established STS benchmarks, covering both mono-
lingual and crosslingual settings in the news do-
main (Fig. 7 and Table 9 in the appendix). The
evaluation metric is the Spearman correlation be-
tween embedding cosine similarities and ground-
truth semantic similarity. LEACE does not degrade
performance over tasks, with most scores either
unchanged or showing negligible increases.

Across the retrieval and semantic similarity eval-
uations, LEACE consistently preserves the quality
of the embedding space while effectively removing
targeted conceptual signals. These results reinforce
its utility as a lightweight and reliable method for
concept erasure.

6 Additional Findings

Relating LEACE to PCA Why does LEACE
work in these settings? Here, we consider its rela-
tionship to Principal Component Analysis (PCA).

Taking the embeddings of the German-French
Swiss court summaries, the first principal compo-
nent (PC1) forms two clearly separable clusters cor-

responding directly to the text’s language (Fig. 2).
After applying LEACE, the clusters collapse into a
single, overlapping distribution, an indication that
language identity is no longer linearly separable in
the embedding space.

To better understand when LEACE is effective,
we investigate how the structural characteristics of
the original embedding space relate to observed per-
formance improvements. Specifically, we hypoth-
esize that LEACE provides greater performance
gains when the removable concept is prominently
encoded within the embedding space.

We apply PCA to the original embeddings
from each event-level dataset (SCOTUS, SemEval,
Swiss Court Cases) and record the proportion of
total variance explained by PC1. A high proportion
of explained variance suggests that PC1 encodes a
dominant direction in the embedding space, which
will tend to correspond to the concept targeted by
LEACE (i.e., the source or language, per Fig. 2).

Fig. 4 shows a strong positive correlation (r =
0.79, p < 0.001) between the proportion of vari-
ance explained by PC1 and the percentage im-
provement in Recall@1. This result indicates that
LEACE is more effective when the removable con-
cept aligns with dominant directions in the embed-
ding space.

Given the above findings, why not use PCA to
perform erasure instead, along the lines of Boluk-
basi et al. (2016)? We find positive but less consis-
tent results than LEACE on our tasks, and strongly
degraded MTEB performance (Appendix E).

A new task: bitext mining FErasure improves
already multilingual models on with multilingual
tasks, so can it help with bitext mining—retrieving
translation pairs via similarity search? Improve-
ments are not as universally strong, but we do ob-
serve state-of-the-art results on a few leaderboard
tasks from Enevoldsen et al. (2025), and erasure
never harms performance (details in Appendix A).

7 Conclusion

For applied practitioners working with large text
collections from multiple sources or languages—a
regular occurrence—our results tell a fairly unam-
biguous story: apply linear erasure to any docu-
ment embeddings before working with them to
remove confounding information. While there are
cases where it may not work, it does not seem to
damage representations (see below), and comes at
a minimal computational cost.



8 Limitations

The primary limitation of our method is its de-
pendence on per-document metadata or labels. If
some undesirable low-level pattern in the data dis-
tribution is suspected but not known—say, an unre-
ported change in how a corpus was collected over a
long time period—then a user will have to first ap-
ply some possibly-unsupervised labeling method.

Another shortcoming arises when metadata is
available but the categories are too numerous rel-
ative to the total number of items. For instance,
the paired within-language (en—en) SemEval Task
8 news articles come from dozens of sources, with
many sources only being represented by a handful
of articles. In contrast to removing the language
in the multilingual data (Table 6), removing the
source label does not improve retrieval results over
the baseline. A possible direction for future work
is to first combine similar sources into larger cat-
egories (e.g., local vs. national newspapers), then
erase the category label.

A final limitation was first noted by Huang et al.
(2024). They use LEACE as a baseline in multi-
lingual retrieval contexts, removing language infor-
mation as we do, but find mixed results. Hence,
LEACE may not always help in all contexts. One
initial hypothesis is that our tasks, while realistic,
differ from the standard benchmark data that mod-
els are trained on, which may lead to saturated
in-domain performance that does not transfer out-
of-domain. It may also be that retrieval setups, with
the distinct (short query, document) rather than our
(document, document) structure, have characteris-
tics that make them less amenable to erasure. In
future work, we plan to explore these hypotheses
and find an explanation for such discrepancies.
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erasure can benefit already “saturated” leaderboard
tasks that cover multiple languages. To this end,
we focus on bitext mining: given pairs of sentences
in different languages, the goal is to retrieve a spe-
cific sentence in the target language given a “query”
sentence in the source language (typically a trans-
lation; F7 is the standard metric). We collect all 28
tasks available through the MTEB package at the
time of writing (Muennighoff et al., 2022) and use
E5-large-instruct, one of the best-performing
models on the leaderboard.

In several cases, there is a marked increase, yield-
ing state-of-the-art scores on three tasks that appear
on the public leaderboard (even with a different
base model class, Table 5 in appendix). Generally,
though, the improvements are much smaller than
those in our main experiments, with over half of
the 28 tasks showing less than a 0.01 change (al-
though no tasks decrease more than —0.01). First
applying LEACE is therefore a simple step when
bitext mining; even if it may not always help, it is
unlikely to hurt.

"

Before  After A
SynPerChatbotSumS 0.283 0.500 0.217
SAMSumFa 0.811 0943 0.132
SynPerChatbotRAGSumS 0.560 0.680 0.120
RomaTales 0.201 0.263 0.062
SRNCorpus 0.500 0.551 0.051
NusaX* 0.853 0.892 0.039
NollySenti* 0.807 0.839 0.032
NusaTranslation* 0.851 0.876 0.025
LinceMT 0.487 0.506 0.019
Bornholm* 0.560 0.578 0.018
IN22Conv 0.626 0.637 0.011
Phinc 0.855 0.867 0.011
Number of tasks with |A] < 0.01 15

Table 5: F} on MTEB Bitext Mining Tasks before and
after erasing the language ID, for E5-large-instruct.
Gains are substantial in a few cases, sometimes improv-
ing over the reported state-of-the-art on MTEB (tasks
with * appear on the public leaderboard, improvements
over SotA in bold).

B SemEval English & Non-English News
Results

The results on testing LEACE on the SemEval
2022 Task 8 dataset are presented in Table 6. All
models benefit from LEACE, with consistent im-
provements in both Recall@10 and Recall@1. The
ES5-small model shows the strongest gains over-
all: +0.202 (Recall@10) and +0.236 (Recall@1).
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High-performing large models like E5-large and
MXB-large achieve further enhancements of up to
+0.156 in Recall@1. Smaller models also gain no-
table increases. For instance, MiniLM gains +0.183
(Recall@10) and +0.127 (Recall@1), respectively.
These improvements highlight LEACE’s utility in
reducing source bias and improving semantic align-
ment in multilingual event representations. Nomic-
v2, which already has high scores before LEACE,
showed modest increases, likely due to saturation.
In general, LEACE proves effective even under
high-resource, multilingual scenarios.

Recall@10 Recalle1l
Model Before  After Before After
MiniLM 0350 0.533 0.150 0.277
GIST-small 0497 0.636 0.247 0.372
ES5-small 0.614 0816 0.318 0.554
MPNet 0.557 0.664 0.262 0.347
GIST-base 0.564 0.694 0.301 0.402
E5-base 0.777 0.859 0466 0.601
Nomic-v2 0.892 0906 0.637 0.651
MXB-large  0.527 0.691 0.250 0.390
GIST-large 0.624 0.734 0.332  0.428
E5-large 0.747 0.866 0.436 0.592

Table 6: Results on SemEval English & Non-English
News Articles

C MTEB Evaluation Results

We report the full evaluation results of the CAP and
Legal erasers on three MTEB benchmark groups:
Legal Retrieval, News Retrieval, and STS News
Tasks. Each setting involves comparing model per-
formance before and after LEACE-based erasure,
across two embedding models (MiniLM and E5-
base), as shown in Table 7, Table 8, and Table 9
and Fig. 5, Fig. 6 and Fig. 7.

D Sources of MTEB Tasks

We list below the original sources for the datasets
used from the MTEB benchmark (Muennighoff
et al., 2023; Enevoldsen et al., 2025):

* Legal retrieval tasks: AILACasedocs and
AILAStatutes (Bhattacharya et al., 2020),
LegalBenchConsumerContractsQA (Wang
et al., 2025; Koreeda and Manning, 2021),
LegalBenchCorporateLobbying  (Guha
et al., 2023; Holzenberger and Van Durme,
2021; Lippi et al., 2019; Ravichander et al.,
2019; Wang et al., 2023; Wilson et al., 2016;



Task MiniLM E5-base

Before After (CAP) After (Legal) Before After (CAP) After (Legal)
AILACasedocs 0.197 0.197 0.218 0.292 0.290 0.292
AILAStatutes 0.205 0.196 0.205 0.186 0.191 0.193
ConsumerContractsQA  0.656 0.659 0.654 0.720 0.712 0.720
CorporatelLobbying 0.864 0.865 0.863 0.915 0914 0913
LegalSummarization 0.590 0.591 0.592 0.577 0.576 0.578

Table 7: Legal Retrieval Results on MTEB evaluated using NDCG@ 10. Each model (MiniLM, E5-base-v2) is
tested with and without LEACE erasure, using both CAP and Legal erasers.

CAP and Legal LEACE Erasers on Legal Retrieval Tasks

= MiniLM (Original)
MiniLM (CAP LEACE)
B MinilM (Legal LEACE)

mmm E5-base (Original)
E5-base (CAP LEACE)

0.8 1 ES5-base (Legal LEACE)

NDCG@10

AlLACasedocs

AlLAStatutes

LegalBenchConsumerContractsQA  LegalBenchCorporateLobbying

LegalSummarization

Figure 5: Performance of CAP and Legal erasers across three news retrieval tasks. Each group of bars compares the
base and LEACE-erased models for MiniLM and E5-base-v2 embeddings.

Zheng et al., 2021; Zimmeck et al., 2019),
LegalSummarization (Manor and Li, 2019).

News retrieval tasks: BelebeleRetrieval
(Bandarkar et al., 2024), NanoClimate-
FeverRetrieval (Diggelmann et al., 2021),
mFollowIRCrossLinguallnstructionRe-
trieval (Weller et al., 2025).

STS news tasks: IndicCrosslingualSTS
(Ramesh et al., 2022), STS12 (Agirre et al.,
2012), STS13 (Agirre et al., 2013), STS15
(Bigici, 2015), STS17 (Cer et al., 2017),
STS22 (Chen et al., 2022), STSBenchmark
and STSBenchmarkMultilingualSTS (May,
2021).

E Additional PCA Analysis

We create a baseline by removing PC1 from the
embedding space, and evaluate it in the event-level
setting using the SCOTUS dataset (Table 10). Over-
all, the baseline occasionally helps and can even
marginally outperform LEACE in a few cases, but
its effectiveness appears unstable, heavily depen-

14

dent on the particular setting and model used (al-
though it is effective for the ES family for most
configurations). Furthermore, in some cases, it per-
forms worse than applying no erasure at all. There
is also a final catch: removing the learned PCl1
from OOD embeddings does dramatically degrade
performance on MTEB tasks (Table 11), unlike
LEACE (Fig. 8).

E.1 Event-Level Results on SCOTUS Case
Summaries

Table 10 reveals the results of applying the baseline,
which removes the first principal component (PC1)
from the embedding space, in the event-level set-
ting on the SCOTUS dataset. While it sometimes
improves over the original embeddings and occa-
sionally outperforms LEACE (especially for the
ES5 family), its performance is inconsistent across
models and configurations, and it can underperform
even relative to no erasure.

E.2 MTEB Evaluation Results

Table 11 shows the results of applying the baselines,
derived from both CAP and SCOTUS datasets, on



CAP and Legal Erasers on News Retrieval Tasks
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Figure 6: Performance of CAP and Legal erasers across three news retrieval tasks. Each group of bars compares the
base and LEACE-erased models for MiniLM and E5-base-v2 embeddings.

Task MiniLM E5-base

Before  After (CAP) After (Legal) Before After (CAP) After (Legal)
BelebeleRetrieval 0.212 0.212 0.211 0.312 0.311 0.303
NanoClimateFeverRetrieval  0.296 0.296 0.291 0.315 0.325 0.307
mFollowIR (CrossLingual) -0.004 -0.005 -0.003 -0.018 -0.019 -0.018

Table 8: News Retrieval Results on MTEB evaluated using NDCG@ 10. Each model (MiniLM, E5-base-v2) is
evaluated before and after applying LEACE, using both CAP and Legal erasers.

the MTEB legal retrieval tasks. In all cases, this
PC1 removal leads to a drastic performance drop
for both MiniLM and E5-base models. As observed
in the comparison between the two approaches in
Fig. 8, in contrast, LEACE erasures maintain re-
trieval quality, highlighting its robustness.

F Embedding model information

We list characteristics of the embedding models in
Table 12.

G Use of AI Assistants

We used Al assistants, including ChatGPT and
Claude, for editing (e.g., grammar, spelling, word
choice), debugging code, and visualizing results
for submission.
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CAP and Legal Erasers on STS News Tasks

Em MinilM (Qriginal)

MiniLM (CAP LEACE)
0.8 mmm MiniLM (Legal LEACE)
Bl E5-base (Original)
E5-base (CAP LEACE)
E5-base (Legal LEACE)
0.0 I I | I

nr

ossnngua\sﬁ sT512 51513 STS15 st517 ST52292 stae,‘chmmr‘ﬂ
gTsBenc

Mean Cosine Spearman
o o
B~ [=)]

o
[N]

‘ s
puiclingualST

IndicCr mark!

Figure 7: Performance of CAP and Legal erasers across eight STS news tasks. Each group of bars compares the
base and LEACE-erased models for MiniLM and E5-base-v2 embeddings.

Task MiniLM E5-base
Before  After (CAP) After (Legal) Before After (CAP) After (Legal)

IndicCrosslingualSTS -0.063 -0.070 -0.062 -0.013 -0.012 -0.013
STS12 0.724 0.724 0.723 0.735 0.736 0.735
STS13 0.806 0.806 0.806 0.830 0.830 0.830
STS15 0.854 0.854 0.854 0.882 0.882 0.882
STS17 0.288 0.289 0.288 0.354 0.355 0.353
STS22.v2 0.492 0.496 0.499 0.581 0.578 0.583
STSBenchmark 0.820 0.820 0.820 0.855 0.855 0.855
STSBenchmarkMultilingualSTS  0.820 0.820 0.820 0.855 0.855 0.855

Table 9: STS News Results on MTEB evaluated using the mean cosine Spearman score. Each model (MiniLM,
E5-base-v2) is evaluated before and after LEACE, using both CAP and Legal erasers.

LexisNexis & Wikipedia LexisNexis & Oyez Oyez & Wikipedia
Recall@1o Recallel Recalle@lo Recallel Recalle@1o Recallel

Model

Before After Baseline Before After Baseline Before After Baseline Before After Baseline Before After Baseline Before After Baseline

MiniLM 0.487  0.606  0.478 0231 0313 0231 0.890 0.899  0.883 0.651  0.693  0.646 0.850 0.924  0.869 0.623  0.747  0.670
GIST-small  0.563  0.656  0.547 0261 0325 0254 0918 0943  0.920 0.702  0.778  0.701 0.762  0.844  0.776 0478 0599  0.500
ES5-small 0421 0.673  0.675 0.176  0.353  0.356 0.830 0.939  0.939 0.563 0.789  0.789 0.689 0.951  0.950 0.398 0.752  0.753

MPNet 0.566  0.666  0.552 0259 0337  0.257 0926 0.943  0.925 0.724 0775 0.722 0.856 0911  0.862 0.565 0.678  0.574
GIST-base  0.646 0.757  0.636 0.308 0.412  0.309 0.939 0963 0.936 0.727 0819  0.725 0.880 0.950 0917 0.628 0.773  0.701
E5-base 0414 0.660  0.660 0.188 0341  0.344 0.830  0.940  0.939 0.575 0.758  0.755 0.650  0.942  0.942 0.371  0.737  0.738
Nomic-v2 0.530 0.701  0.703 0254 0.384 0.382 0.950 0.966  0.948 0.770  0.820  0.767 0903 0978  0.981 0.658 0.819 0818

MXB-large 0.537 0.703  0.627 0249 0376  0.321 0928 0.958  0.933 0.720 0.805  0.729 0.883  0.960 0.919 0.654 0.819 0.737
GIST-large  0.657 0.770  0.641 0305 0.414  0.300 0.954 0967 0.954 0.787 0.834  0.787 0.947 0971 0944 0.760 0.826 0.772
E5-large 0479 0.720  0.717 0.209 0381  0.388 0.864 0949  0.949 0.636 0.791  0.790 0.765  0.964  0.963 0489  0.792  0.792

Table 10: Event-Level Results on SCOTUS Case Summaries

Task MiniLM ES5-base

Before After (CAP) After (Legal) Before After (CAP) After (Legal)
AILACasedocs 0.197 0.039 0.044 0.292 0.027 0.042
AILAStatutes 0.205 0.082 0.092 0.186 0.081 0.079
ContractsQA 0.656 0.018 0.029 0.720 0.022 0.028
CorporatelLobbying 0.864 0.012 0.016 0.915 0.012 0.004
LegalSummarization 0.590 0.011 0.012 0.577 0.018 0.006

Table 11: Legal Retrieval Results on MTEB evaluated using NDCG@ 10. Each mode (MiniLM, E5-base-v2) is
evaluated before and after applying baseline model (PC1 removal), using both CAP and Legal erasers.
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MiniLM Model on Legal Retrieval Tasks
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E5-base Model on Legal Retrieval Tasks
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Figure 8: Comparison of average NDCG@ 10 scores across five MTEB legal retrieval tasks. Each group of bars
compares the original, LEACE-erased and baseline models for MiniLM and ES5-base-v2 models.
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Purity Score Before vs After Erasure
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Figure 9: Purity score before vs. after LEACE erasure
under different cluster counts, using data from CAP
news articles and congressional bills.

Models #Dims  #Params  Multilingual IFT
MiniLM 384 22. M

GIST-small 384 33.4M

ES-small 384 118M v

MPNet 768 109M

GIST-base 768 109M

ES5-base 768 278M v

Nomic-v2 768 475M v v
MXB-large 1,024 335M v
GIST-large 1,024 335M

E5-large 1,024 560M Ve

Table 12: Embedding Models. We examine mono- and
multilingual models spanning multiple parameter sizes
and embedding dimensions.
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