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Message from the Organizing Committee

As researchers achieve unprecedented technological breakthroughs in natural language processing, the
need to understand the systems underlying these advances is more pertinent than ever. BlackboxNLP,
now in its eighth iteration, has played an important role in bringing together scholars from a diverse
range of backgrounds in order to rigorously study the behavior, representations, and computations of
“black-box” neural network models. Our workshop showcases original, cutting-edge research on topics
including but not limited to:

* Mechanistic interpretability, reverse engineering approaches to understanding particular properties
of neural models.

* Understanding how language models use context by measuring their context-mixing processes
(e.g., their token-to-token interactions).

* Scaling up analysis methods for large language models (LLMs).

* Probing methods for testing whether models have acquired or represent certain linguistic proper-
ties.

* Adapting and applying analysis techniques from other disciplines (e.g., neuroscience or computer
vision).

* Examining model performance on simplified or formal languages.
* Proposing modifications to neural architectures that increase their interpretability.

* Open-source tools for analysis, visualization, or explanation to democratize access to interpretabi-
lity techniques in NLP.

» Explanation methods such as saliency, attribution, free-text explanations, or explanations with
structured properties.

* Evaluation of explanation methods: how do we know the explanation is faithful to the model?
* Evaluation of techniques for steering LLM output behavior

* Uncovering the reasoning processes of LLMs

* Understanding under the hood of memorization in LL.Ms.

* Insights into LLM Failures

* Opinion pieces about the state of explainable NLP.

The eighth BlackboxNLP workshop will be held in Suzhou, China on November 9, 2025, hosted by the
Conference on Empirical Methods in Natural Language Processing (EMNLP). 28 full papers, 26 non-
archival extended abstracts, and 3 shared tasks were accepted for in-person and online presentations,
from a total of 99 submissions. This year’s workshop will also feature two invited talks and a shared
task roundtable. BlackboxNLP 2025 would not have been possible without the high-quality peer reviews
submitted by our program committee, as well as the logistical assistance provided by the EMNLP or-
ganizing committee. Our invited speakers, authors, and presenters have allowed us to put together an
outstanding program for all participants to enjoy. Welcome to BlackboxNLP! We look forward to seeing
you in Suzhou and online.
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CE-Bench: Towards a Reliable Contrastive Evaluation Benchmark of
Interpretability of Sparse Autoencoders

Alex Gulko'*, Yusen Peng'*, Sachin Kumar!
!The Ohio State University
{gulko.5, peng.1007, kumar.1145} @osu.edu

Abstract

Sparse autoencoders (SAEs) are a promising
approach for uncovering interpretable features
in large language models (LLMs). While sev-
eral automated evaluation methods exist for
SAEs, most rely on external LLMs. In this
work, we introduce CE-Bench, a novel and
lightweight contrastive evaluation benchmark
for sparse autoencoders, built on a curated
dataset of contrastive story pairs. We con-
duct comprehensive evaluation studies to val-
idate the effectiveness of our approach. Our
results show that CE-Bench reliably measures
the interpretability of sparse autoencoders and
aligns well with existing benchmarks without
requiring an external LLM judge, achieving
over 70% Spearman correlation with results in
SAEBench. The official implementation and
evaluation dataset are open-sourced and pub-
licly available.

1 Introduction

Sparse autoencoders (SAEs) are designed to learn
a sparse latent representation of any model’s in-
ternal activations such that the latent activations
are more interpretable (Paulo and Belrose, 2025).
SAEs can be used to probe various components
of an large language model (LLM), such as atten-
tion heads, MLP layers, or residual streams. As
a result, SAEs have gained popularity and been
integrated into a variety of interpretability libraries
and toolkits for LLMs (Gao et al., 2024a; Cunning-
ham et al., 2023a; Pach et al., 2025). Alongside
their widespread adoption, SAEs have also been
evaluated across a range of dimensions. For exam-
ple, SAEBench (Karvonen et al., 2025) provides
a unified framework with diverse metrics, includ-
ing the behaviors of SAEs after steering up the

*Both authors contributed equally to this research.
Code Implementation: GitHub; Dataset: HuggingFace
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latent activations (Arad et al., 2025), whether spe-
cific latents can capture predefined conceptual at-
tributes (Wu et al., 2025), and how features can be
cleanly separated without interfering others (Huang
et al., 2024). For interpretability, SAEBench builds
upon the idea of LLM-assisted simulation, using
natural language explanations to probe neuron acti-
vations and derive evaluation metrics (Bills et al.,
2023). Similarly, RouteSAE (Shi et al., 2025) pro-
poses a simpler approach that feeds top neuron
activations into an external LLM judge to produce
interpretability scores. However, a major limita-
tion shared by these approaches is their reliance
on querying an external LLM during evaluation.
This introduces non-determinism, potential biases,
and a lack of reproducibility, issues that are only
partially mitigated by repeated prompt trials.

To address this gap, we introduce CE-Bench, a
novel, fully LLM-free contrastive evaluation bench-
mark. CE-Bench measures interpretability by an-
alyzing neuron activation patterns across semanti-
cally contrastive contexts. Our contrastive setup
is partly inspired by the design of Persona Vectors
(Chen et al., 2025), which generates interpretable
persona representations by contrasting response ac-
tivations from semantically opposing traits (e.g.,
“evil” versus “helpful””). Their formulation reveals
how aligning a system’s responses with one condi-
tion while separating them from the opposing con-
dition yields clear, trait-specific representation vec-
tors. CE-Bench adapts this insight to the domain of
sparse autoencoders: instead of comparing oppos-
ing personas, it contrasts neuron activations across
structured story pairs that differ only in a targeted
semantic attribute. By grounding interpretability in
contrastive signal rather than raw activation mag-
nitude, CE-Bench disentangles meaningful feature
directions from background noise and spurious cor-
relations, offering a principled extension of the
Persona Vectors to feature-level interpretability of
sparse autoencoders. To compute the evaluation
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metric, we construct a high-quality dataset com-
prising 5,000 contrastive story pairs across 1,000
distinct subjects, curated via structured WikiData
queries and supplemented by human validation.
For each pair, neuron activations from a frozen
LLM and pretrained SAE are compared: the con-
trastive score captures activation differences be-
tween stories, the independence score measures
deviation from dataset-wide averages, and both are
max-pooled and combined with SAE sparsity to
yield a final interpretability score (Figure 1).

Through extensive experiments, we find that
our evaluation metrics, while being much cheaper
to evaluate, achieve strong alignment with LLM-
assisted benchmarks like SAEBench under all
three alignment metrics introduced in section 3.2.
CE-Bench also consistently highlights key inter-
pretability trends: top-k (Gao et al., 2024b) and
p-anneal (Karvonen et al., 2024) SAEs emerge
as the most interpretable architectures; wider la-
tent spaces yield more disentangled features; inter-
pretability is largely invariant to the type of probed
LLM layer; middle transformer layers provide the
clearest semantic representations. These results
validate CE-Bench as a stable, reproducible, and
lightweight framework for evaluating SAEs with-
out reliance on external LLMs.

2 CE-Bench

‘We introduce our contrastive evaluation framework,
CE-Bench, illustrated in the pipeline and metric
computation diagram in Figure 1.

2.1 Curated Dataset of Contrastive Stories

To support CE-Bench, we construct a high-quality,
semi-automated dataset consisting of 5,000 pairs
of contrastive stories across 1,000 distinct subjects.
The dataset construction follows a two-stage filter-
ing and synthesis process:

Subject Selection. We begin by scraping over
117 million entities from WikiData. A series of
rule-based filters are applied to reduce the candi-
date set to approximately 16,000 entries. These fil-
tering rules are designed to exclude overly obscure,
abstract, or ambiguous entries, retaining only those
that represent well-known concepts, ideas, or ob-
jects familiar to an average English speaker. From
this reduced set, 1,000 subjects are randomly sam-
pled and manually reviewed to ensure quality and
conceptual clarity.

Contrastive Story Generation. For each of the
1,000 curated subjects, we synthetically generate
two semantically contrastive stories using GPT-
4.1. These stories are created based on a care-
fully designed prompt (shown in Table 4 in the
Appendix). The prompt ensures that the two narra-
tives about the same subject diverge significantly
in perspective, context, or implication—while re-
maining grounded in the same core entity. For each
subject, five story pairs are generated, yielding a
total of 5,000 contrastive pairs. An illustrative ex-
ample is provided in Table 6.

2.2 Contrastive Score

We hypothesize that if a sparse autoencoder (SAE)
has learned semantically meaningful features, then
neurons associated with the contrastive aspects of
a subject (e.g., descriptive attributes) should ex-
hibit different activation patterns when presented
with two contrasting descriptions of that subject.
At the same time, neurons representing the core
identity of the subject should remain stable. In
other words, greater divergence in the activa-
tions of contrast-relevant neurons, coupled with
stability in invariant neurons, indicates higher
interpretability of the latent space. As illustrated
in Figure 1, we formalize this intuition as follows.
For each story pair, we compute the average neuron
activations across all tokens in each story. Let V;
and V5 denote the resulting mean activation vec-
tors for the two contrastive stories, respectively. To
quantify the contrast, we compute the neuron-wise
contrastive vector as the element-wise absolute dif-
ference between V7 and Va:

C=|Vi -V

where C' € R? and d is the dimensionality of the
latent space. We further apply min-max normal-
ization to C, ensuring that each feature contributes
on a comparable scale to the evaluation. Without
this normalization, the presence of even a single
feature capable of clearly distinguishing a story
pair, even when taking only moderate values, could
result in an SAE being regarded as perfect. Finally,
to summarize this vector into a single scalar con-
trastive score for the entire SAE, we apply a max
pooling operation:

Contrastive Score = max(C')

This pooling strategy emphasizes the most respon-
sive neuron, the one that exhibits the largest dif-
ferential activation between the two stories. Our
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Figure 1: Pipeline of constructing the interpretability metric in CE-Bench. Two contrastive stories about
the same subject are passed through a frozen LLM and a pretrained sparse autoencoder (SAE) to extract neuron
activations. A contrastive score is computed as the max absolute difference between the stories’ average activations
(V1, V2), while an independence score measures deviation from the dataset-wide activation mean (,ys). These scores,
along with SAE sparsity, are used to derive an interpretability score for an LLM-free evaluation of interpretability

of sparse autoencoders.

rationale is that this neuron is most likely to cap-
ture the semantic distinction introduced by the con-
trastive prompts. Hence, its behavior represents
how well the sparse autoencoder has disentangled
interpretable features in its latent space.

2.3 Independence Score

We propose a complementary hypothesis: if the
neuron activations corresponding to a specific se-
mantic subject differ more significantly from the
average behavior across all subjects, then the latent
space of the sparse autoencoder (SAE) is likely to
be more interpretable. Intuitively, interpretable neu-
rons should respond uniquely to individual subjects
rather than in a uniform or entangled manner. To
evaluate this, we first compute the sum of the mean
activation vectors for the two contrastive stories
associated with a given subject:

L =Vi+V,

where V; and V5 are the average activation vectors
of the two contrastive stories, as defined in the
previous section. Next, we calculate the mean of
I across all N = 5000 story pairs in our dataset:

1o
Tavg = NZIY)
=1

This global average vector Iy, serves as a baseline
representation of general neuron activity across the
dataset. To assess the subject-specific deviation
from this baseline, we compute the neuron-wise
independence vector as the element-wise absolute
difference between Iy and Ioyg:

D = |1 — Loy

A similar min-max normalization is also applied
to account for any absolute variance in distribution.
Finally, we derive a scalar independence score for
the SAE by applying a max pooling operation:

Independence Score = max(D)

This highlights the neuron that deviates most
strongly from its dataset-wide average response:
the neuron that is most sensitive or specialized with
respect to the semantic subject under consideration.
A higher independence score thus suggests that
the SAE has learned more distinct, interpretable
features.

2.4 Sparsity-aware Interpretability Score

To compute the final interpretability score in CE-
Bench, we need to aggregate the contrastive score,
independence score, and sparsity as illustrated in
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Figure 2: Effect of SAE Architecture on Interpretability. CE-Bench interpretability scores show strong positive
correlations with contrastive and independence scores, and a negative correlation with sparsity across SAE variants.
Among all architectures, top-k and p-anneal consistently yield the highest interpretability, aligning closely with

SAE-Bench ground truth.

Figure 1. For a simple baseline, we propose com-
puting the final CE-Bench score as the simple arith-
metic sum of the contrastive and independence
scores. However, prior work (Cunningham et al.,
2023b) has documented the tradeoff between spar-
sity and reconstruction quality, and our early exper-
iment results consistently show a negative correla-
tion between sparsity and interpretability. Building
on these observations, we hypothesize that incor-
porating the sparsity of the sparse autoencoder as a
regularizing signal may further improve alignment
quality. Therefore, we apply a penalty term to our
interpretability metric to make it sparsity-aware:
a* sparsity, where « is a hyperparameter to control
the scale of sparsity penalty. In section 4.1, we fur-
ther demonstrate a non-exhaustive grid search on «
to maximize its alignment with results from exist-
ing methods. We find that o = 0.25 can contribute
to the best alignment in general.

3 Experimental Setup

3.1 Pretrained Sparse Autoencoders

We utilize a wide range of pretrained sparse au-
toencoders (SAEs) publicly released by SAE-Lens
(Joseph Bloom and Chanin, 2024) and SAE-Bench
(Karvonen et al., 2025), which cover multiple LLM
backbones and SAE architectural variants. Rather
than training SAEs from scratch, we rely on these
pretrained models for two key reasons. First, it
removes the substantial computational overhead
associated with training, making it feasible to fo-
cus on benchmarking. Second, using standardized
public models ensures a fair comparison between

CE-Bench and existing benchmarks, particularly
SAE-Bench (Karvonen et al., 2025). As for the
testbeds, we compile a validation testbed of 48 pre-
trained SAEs for which SAE-Bench interpretability
scores are available, and a disjoint inference-only
testbed consisting of 45 pretrained SAEs whose
SAE-Bench interpretability scores are not publicly
available. Specifically, the validation testbed is
used for evaluating the alignment between CE-
Bench and SAE-Bench, in which three alignment
metrics are introduced in section 3.2 below to en-
sure the rigor of quantitative evaluation.

3.2 Alignment Metrics

Correct Ranking Pair Ratio (CRPR). To assess
the reliability of CE-Bench and its alignment with
respect to SAE-Bench (Karvonen et al., 2025), we
first introduce Correct Ranking Pair Ratio (CRPR).
This metric evaluates whether CE-Bench preserves
the relative interpretability ranking of model pairs.
For every pair of SAEs, we check whether the bi-
nary ranking between their predicted interpretabil-
ity scores (from CE-Bench) matches the ranking
given by SAE-Bench. A pair is marked as con-
cordant if the rankings agree, and as discordant
otherwise. The CRPR is then computed as:

CRPR — # concordant pairs

# total pairs

A higher CRPR indicates better alignment with
SAE-Bench rankings, demonstrating CE-Bench’s
effectiveness as an LLM-free yet reliable evalua-
tion metric. To complement CRPR, we additionally
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Figure 3: Effect of Latent Space Width on Interpretability. CE-Bench interpretability scores increase consistently
with latent space width, with the 65k-dimension models showing the highest contrastive and independence scores
and the lowest sparsity. This suggests that wider latent spaces enable sparse autoencoders to better disentangle

meaningful features and reduce polysemanticity.

introduce Spearman Correlation and Pearson Cor-
relation as alignment metrics.

Spearman Correlation. Spearman Correlation
measures the monotonic relationship between two
sets of rankings. Given the predicted interpretabil-
ity scores from CE-Bench and the ground-truth
scores from SAE-Bench, we compute the rank of
each model and evaluate the correlation between
the two rank vectors. Formally, Spearman correla-
tion is defined as:

where d; is the difference between the ranks of
the 7-th model under CE-Bench and SAE-Bench,
and n is the number of models. A higher p indi-
cates stronger agreement in the global ordering of
models.

Pearson Correlation. Pearson Correlation mea-
sures the linear relationship between the raw inter-
pretability scores of CE-Bench and SAE-Bench. It
is defined as:

_ iz —2)(yi — 9)
Ve =22/, (i — §)7

where z; and y; denote the CE-Bench and SAE-
Bench scores for the i-th model, and z and ¥ are
their respective means. A higher r indicates that
not only the order but also the relative differences
between scores are preserved.

In summary, CRPR captures pairwise ranking
agreement, Spearman Correlation assesses the

r

global consistency of rankings, and Pearson Corre-
lation evaluates the linear similarity of score mag-
nitudes. Using all three provides a comprehensive
view of alignment between CE-Bench and SAE-
Bench.

4 Results

In this section, we present our main empirical find-
ings, evaluating the effectiveness of CE-Bench
across a variety of experimental conditions. Specif-
ically, we examine how CE-Bench responds to
changes in the architecture of sparse autoencoders,
the width of their latent space, the type of LLM
layer being probed, and the depth of the layer
within the LLM. Unless otherwise specified, all
experiments use the sparsity-aware interpretability
score described in Section 2.4. A direct quantitative
comparison between the baseline metric and the
sparsity-aware metric is provided in Section 4.1, us-
ing three alignment metrics defined in Section 3.2.
We also include visualizations of CE-Bench’s con-
trastive and independence scores to offer additional
interpretability insights.

4.1 Baseline v.s. Sparsity-aware
Interpretability Score

We conduct a comparative study between our base-
line interpretability score and sparsity-aware in-
terpretability score discussed in section 2.4 based
on the alignment between CE-Bench predictions
and SAE-Bench ground truth. To evaluate the align-
ment, we use all three alignment metrics introduced
in details in Section 3.2: Correct Ranking Pair
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Figure 4: Effect of LLM Layer Type on Interpretability. CE-Bench predicted interpretability scores show
consistent trends across attention, MLP, and residual stream layers with respect to contrastive score, independence
score, and sparsity. The similarity in curves across layer types suggests that sparse autoencoder interpretability is
not strongly influenced by the type of transformer sub-layer being probed.

Score Derivation method | CRPRY | Spearman correlation? | Pearson correlation?
C+1 70.12% 0.5536 0.6048
C+T1-10xS 75.53% 0.6833 0.6176
C+1-025%8 77.30% 0.7081 0.7046

Table 1: Comparison of Interpretability Score Derivation Methods. C stands for contrastive score; I stands for
independence score; S stands for sparsity. Baseline achieves 70.12% ranking agreement with SAE-Bench, but the
sparsity-aware method pushes it to 77.30% with proper hyperparameter tuning on .

Ratio (CRPR), Spearman Correlation, and Pear-
son Correlation. As reported in Table 1, the base-
line method of simply summing the contrastive
score and independence score achieves a CRPR of
70.12%, a Spearman correlation of 0.5536, and a
Pearson correlation of 0.6048, confirming its effec-
tiveness as a simple baseline. Building on this, we
perform a non-exhaustive grid search on the scaling
hyperparameter « in our proposed sparsity-aware
interpretability score. Subtracting the full sparsity
term (o = 1.0) leads to consistent improvements
across all metrics, raising CRPR to 75.53%, Spear-
man correlation to 0.6833, and Pearson correlation
to 0.6176. Further tuning to o = 0.25 yields the
best alignment, with CRPR increasing to 77.30%,
Spearman correlation to 0.7081, and Pearson corre-
lation to 0.7046. We therefore adopt o = 0.25 for
all subsequent experiments.

4.2 Architecture of SAEs

We begin by evaluating CE-Bench on a set of 36
pretrained sparse autoencoders across 6 different
architectures within the validation testbed, which
probes the Gemma-2-2B model (Team et al., 2024).
In this setting, all SAEs share a fixed latent dimen-

sionality of 65,000 and target activations from the
12th residual stream layer. To ensure a fair com-
parison with SAE-Bench (Karvonen et al., 2025),
we include sparse autoencoders drawn from six
different architectural families: standard (Cunning-
ham et al., 2023b), top-k (Gao et al., 2024b), p-
anneal (Karvonen et al., 2024), batch-top-k (Buss-
mann et al., 2024), jumprelu (Rajamanoharan et al.,
2024b), and gated (Rajamanoharan et al., 2024a).
Although SAEBench identifies Matryoshka as the
strongest-performing SAE (Bussmann et al., 2025),
we exclude it from our evaluation because it lacks
ground-truth annotations, which are essential for
our analysis regarding to the architecture of SAEs.
Figure 2 presents our results. The y-axis reflects
CE-Bench’s predicted interpretability scores. We
examine the relationship between our predictions
and the contrastive score, the independence score,
and the sparsity of the SAE, all plotted on the x-
axis. The results show that predicted interpretabil-
ity scores are positively associated with the con-
trastive and independence scores, and negatively
associated with the SAE’s sparsity level. Among
all architectures, top-k and p-anneal consistently
yield the highest interpretability, aligning closely



with SAE-Bench ground truth.

4.3 Width of Latent Space

We further evaluate CE-Bench on a set of 15
pretrained sparse autoencoders across 3 different
widths within the validation testbed, probing the
Gemma-2-2B model (Team et al., 2024). Among
these, five sparse autoencoders overlap with the
architecture-based experiment discussed in Sec-
tion 4.2. For consistency, we fix the sparse au-
toencoder architecture to jumprelu and probe ac-
tivations from the 12th residual stream layer. In
this experiment, we vary the width of the latent
space across three settings: 4k, 16k, and 65k. The
three subplots in Figure 3 present the correspond-
ing contrastive scores, independence scores, and
sparsity levels. Our results reveal a strong and con-
sistent trend: wider latent spaces are associated
with higher predicted interpretability scores from
CE-Bench. This observation supports the hypoth-
esis that sparse autoencoders require sufficiently
large latent spaces to effectively resolve polyseman-
ticity and capture distinct, interpretable features.

4.4 Type of LLM Layers

To investigate how the type of LLM layer affects
the interpretability of sparse autoencoders, we
switch from the standard SAELens (Joseph Bloom
and Chanin, 2024) and SAE-Bench (Karvonen
etal., 2025) models, where such variation is limited,
to a new suite of pretrained sparse autoencoders
from the gemma-scope-2b collection (Lieberum
et al., 2024), which is a part of our inference-only
testbed. In this setting, the latent space width is
fixed at 16,000 (16k), and the SAE architecture
is set to jumprelu for all models. We examine
three types of transformer sub-layers within the
12th layer of the model: the attention layer, the
MLP layer, and the residual stream layer. Figure 4
presents the predicted interpretability scores from
CE-Bench in relation to the contrastive score, inde-
pendence score, and sparsity of each model. Our
results suggest that the choice of layer type (atten-
tion, MLP, or residual) does not significantly affect
the interpretability score as measured by CE-Bench.
This indicates a level of robustness in sparse au-
toencoder performance across different types of
internal LLM layer-wise representations.

4.5 Depth of LLM Layers

Due to the limited availability of pretrained sparse
autoencoders for the Gemma-2-2B model (Team

et al., 2024) in SAE-Bench (Karvonen et al., 2025),
we continue our experiments using our inference-
only testbed, the gemma-scope-2b suite (Lieberum
et al., 2024). In this setting, we fix the SAE archi-
tecture to jumprelu, the latent space width to 16k,
and the probed component to the residual stream.
We vary the depth of the probed layer, evaluating
the Oth, 5th, 10th, 15th, 20th, and 25th layers. Re-
sults are presented in Figure 5. Our results indicate
that middle layers such as Layer 10 and Layer 15
leads to the highest interpretability score, suggest-
ing that in practical applications, probing layers
in the middle could yield the most interpretable
insights into LLM model decisions.

4.6 Sample Score Visualization

To provide deeper insight into how CE-Bench com-
putes interpretability scores, we visualize the dis-
tributions of neuron-wise contrastive and indepen-
dence scores, as well as their joint relationship.
These visualizations help clarify the role of the max
pooling operation used to summarize neuron-wise
metrics into a single scalar score per sparse autoen-
coder. For each contrastive story pair in our dataset,
we generate three diagnostic plots: the distribution
of neuron-wise contrastive scores, the distribution
of neuron-wise independence scores, and a scatter
plot that places each neuron in a 2D space defined
by its contrastive and independence scores. In the
scatter plot, neurons in the upper-right quadrant are
both highly contrastive and highly independent, in-
dicating a strong subject-specific activation pattern.

As an example, Figure 6 presents these plots
for the first contrastive story pair in our curated
dataset, where the semantic subject is computer.
Jumprelu (Rajamanoharan et al., 2024b) SAE
which probes the Gemma-2-2B (Team et al., 2024)
model is used in this example. The leftmost scat-
ter plot shows that only a small subset of neurons
achieve high contrastive or independence scores,
while the majority cluster near the origin with weak
or non-specific activations. This distribution high-
lights that interpretability is typically concen-
trated in a few highly responsive neurons rather
than being evenly spread across all neurons. CE-
Bench therefore applies max pooling to reliably
capture these dominant signals, ensuring that the
evaluation reflects the most semantically meaning-
ful activations instead of being diluted by numerous
weak ones. Specifically, the rightmost cyan neu-
ron in the scatter plot, which exhibits the highest
neuron-wise contrastive score, determines the fi-
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Figure 5: Effect of Layer Depth on Interpretability. CE-Bench interpretability predictions across different LLM
layer depths show that middle layers such as Layer 10 and Layer 15 leads to the highest interpretability score,
suggesting that in practical applications, probing layers in the middle could yield the most interpretable insights into
model decisions.
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Figure 6: Sample Visualization of Neuron-wise Scores for the Subject “Computer.” The left scatter plot shows
each neuron’s contrastive and independence scores, with top-right points indicating neurons that are both highly
contrastive and independent. The center and right histograms reveal that most neurons have low scores, suggesting

that only a small subset of features are semantically relevant for the given subject.

nal contrastive score for the sparse autoencoder:
109.2734. Similarly, the

defines the independence score: 195.9004. The ac-
companying histograms confirm that most neurons
contribute minimally, reinforcing CE-Bench’s abil-
ity to isolate interpretable, high-signal dimensions
in the sparse latent space.

5 Related Work

Unlike prior approaches that depend on LLMs for
generating or scoring explanations or introduce
mechanisms such as probes and latent interven-
tions, CE-Bench offers an LLM-free, contrastive
evaluation framework by grounding interpretability
of SAEs in activation differences across curated
story pairs and deviations from dataset averages.

Sparse Probing. Sparse probing measures
whether SAEs capture specific concepts by iden-
tifying the k latents whose activations best distin-

guish positive from negative examples and training
a linear probe on them. High probe accuracy in-
dicates that the concept is well represented in the
latent space, even without explicit supervision. The
choice of k depends on the goal: k£ = 1 favors hu-
man interpretability, while larger £ acknowledges
that concepts may be distributed across multiple
latents (Engels et al., 2025).

RAVEL. RAVEL (Huang et al., 2024) evaluates
whether SAEs disentangle independent concepts by
testing if targeted latent interventions can alter one
attribute without affecting others. Specifically, the
method transfers latent values between examples
(e.g., swapping the city in “Paris is in France” with
“Tokyo”) and observes whether the model changes
only the intended attribute while leaving unrelated
attributes intact (Karvonen et al., 2025). Disen-
tanglement is quantified using two metrics: the
Cause Metric, which measures successful attribute



changes, and the Isolation Metric, which verifies
minimal interference with other attributes.

Automated Interpretability OpenAl (Bills
et al., 2023) introduces this method for evaluating
the interpretability of individual neurons in sparse
autoencoders. In this approach, the input text
and the activation values of a specific neuron are
provided to an LLM, which is prompted to generate
a short natural language explanation describing the
neuron’s semantic behavior. To assess how well
this explanation reflects the neuron’s behavior, a
second LLM is used to simulate the original neuron
activations based solely on the explanation. Both
the original text and the generated explanation
are fed into this second LLM, which is prompted
to output simulated activation values on the
same scale as the original neuron. Finally, the
interpretability score is computed as the similarity
(e.g., cosine similarity or R?) between the original
and simulated activation vectors. A higher
similarity suggests that the explanation accurately
captures the neuron’s behavior, indicating stronger
interpretability.

Score-Based Hard Assignment RouteSAE (Shi
et al., 2025) proposes a simpler alternative evalua-
tion framework based on discrete score assignment
using LLMs. For each neuron, a prompt is con-
structed that includes the top-activated tokens and
their corresponding activation values. The LLM
is instructed to categorize the neuron into one of
three types: low-level (e.g., lexical or syntactic
features), high-level (e.g., semantic or long-range
dependencies), or indiscernible. Additionally, the
LLM assigns an integer interpretability score from
1 to 5, reflecting how coherent or meaningful the
neuron’s behavior appears to be. During evalua-
tion, interpretability scores are averaged over a set
of top-activated neurons. This method provides
a more direct but coarse-grained quantification of
interpretability, with interpretability interpreted as
a categorical judgment rather than a continuous
similarity metric.

6 Limitations

Our curated dataset of 5000 contrastive story pairs
were generated using GPT-4, which may bias the
evaluation toward models that better capture GPT-
4’s stylistic and semantic regularities rather than
broader linguistic patterns. In addition, unlike
SAEBench (Karvonen et al., 2025), CE-Bench’s

dataset is limited in domain coverage, focusing
mainly on synthetic narrative text. As a result,
its generalizability to varied or domain-specific
contexts remains uncertain. Nevertheless, we
argue that a strong correlation with SAEBench
scores makes it well-suited for a more controlled
interpretability evaluation which can serve as a
lightweight filter to be used during SAE develop-
ment. Final evaluation of SAEs should report mul-
tiple metrics including ours.

7 Conclusion

We introduced CE-Bench, a fully LLM-free, con-
trastive evaluation framework for measuring the
interpretability of sparse autoencoders. By lever-
aging contrastive and independent neuron activa-
tion scores, CE-Bench offers a stable, determin-
istic, and reproducible alternative to LLM-based
interpretability methods such as Automated Inter-
pretability. To support this benchmark, we curated
a dataset of 5,000 contrastive story pairs across
1,000 semantic subjects. Through extensive exper-
iments, we demonstrated CE-Bench’s robustness
across different SAE architectures, latent widths,
LLM layer types, and depths. Our results show that
CE-Bench closely aligns with SAE-Bench rank-
ings, establishing it as a reliable yet simple frame-
work for interpretability evaluation of sparse au-
toencoders. We hope CE-Bench will serve as a
useful tool for future research in probing, interpret-
ing, and improving the internal representations of
large language models.
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A Appendix

A.1 Broader Impact

CE-Bench offers a compelling alternative to exist-
ing interpretability evaluation methods for sparse
autoencoders, particularly by eliminating reliance
on external LLM judges. Its design emphasizes
determinism, scalability, and reproducibility, ad-
dressing core limitations in LL.M-based methods
such as prompt sensitivity, generation noise, and re-
source overhead. Our experiments demonstrate that
CE-Bench captures key properties of interpretable
neurons: responsiveness to semantic contrast, de-
viation from dataset-wide averages, and low re-
dundancy. These patterns hold consistently across
diverse sparse autoencoder designs and probing
conditions, reinforcing the generality of our evalu-
ation framework. A particularly encouraging result
is CE-Bench’s ability to approximate SAE-Bench
interpretability rankings with no supervision. The
success of the sparsity-aware metric suggests that
meaningful interpretability signals can be recov-
ered from model-internal statistics alone, opening
the door to broader use in low-resource or experi-
mental settings where no ground truth is available.

A.2 Ablation Study on Pooling Strategy

We conduct an ablation study to evaluate the effect
of different pooling strategies in CE-Bench’s final
step, which aggregates neuron-wise scores into a
single interpretability score for each sparse autoen-
coder (SAE). This aggregation is critical for ensur-
ing that CE-Bench reliably reflects interpretability.
In addition to the default max pooling strategy, we
explore two alternatives: 1. Mean pooling, where
the average of all neuron-wise scores is used as the
SAE-level score. 2. Outlier count beyond one stan-
dard deviation (10), where we count the number
of neurons whose scores lie outside one standard
deviation from the mean.

qualitative analysis As shown in Figure 7, mean
pooling performs poorly, exhibiting no meaningful
correlation between CE-Bench predictions and the
contrastive score. This suggests that averaging di-
lutes the influence of highly informative neurons.
Similarly, Figure 8 shows that the outlier-count
method results in a strongly noisy correlation be-
tween CE-Bench predictions and sparsity, contra-
dicting with prior work (Cunningham et al., 2023b)
that has documented the tradeoff between sparsity
and reconstruction quality, and our early experi-
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ment results consistently showing a negative corre-
lation between sparsity and interpretability.

quantitative comparison To complement this
qualitative analysis, we also conduct a quantitative
comparison using the alignment metrics defined in
Section3.2. As summarized in Table2, max pool-
ing achieves the strongest performance across all
three measures: a CRPR of 77.30%, a Spearman
correlation of 0.7081, and a Pearson correlation of
0.7046. These values clearly surpass those obtained
by mean pooling and the outlier-count method,
both of which yield substantially weaker correla-
tions with SAE-Bench rankings. Based on this
consistent empirical advantage, together with its
theoretical alignment with our interpretability hy-
pothesis, we conclude that max pooling is the most
appropriate aggregation strategy for CE-Bench.

A.3 Ablation Study on Interpretability Score

To further validate the robustness of our inter-
pretability scoring scheme, we conducted an ab-
lation study comparing additional score derivation
methods, as shown in Table 3. Using only the
contrastive score (C) leads to relatively poor per-
formance across all three metrics, with a CRPR
of 65.07% and weaker correlations. The indepen-
dence score (/) and sparsity penalty (—5) each
achieve higher CRPR values of 70.92%, but their
correlations remain moderate, reflecting limited
standalone utility. In contrast, our proposed com-
bined formulation C' + I — 0.25 % .S delivers the
strongest results by a significant margin, achiev-
ing a CRPR of 77.30%, a Spearman correlation of
0.7081, and a Pearson correlation of 0.7046. This
demonstrates that contrastive and independence sig-
nals provide complementary benefits, while a mild
sparsity penalty helps regularize the score. These
findings highlight that a composite metric, rather
than any single component, provides a more stable
and reliable measure of interpretability, reinforcing
our design choice for CE-Bench.

A.4 Natural Language Explanation on
Neuronpedia

To provide additional qualitative evidence, we re-
port examples of natural language explanations
from Neuronpedia (Lin, 2023) in Table 5. The neu-
ron IDs shown here correspond to the max-pooled
neurons selected by our scoring procedure, i.e.,
the single neuron that achieves the highest con-
trastive or independence score for a given subject.



pooling strategy CRPRT | Spearman correlation{ | Pearson correlation{
max pooling 77.30% 0.7081 0.7046
mean pooling 70.92% 0.5838 0.5426
outlier count outside of 1o | 56.29% 0.1940 0.2728

Table 2: Comparison of Pooling Strategies. Max pooling achieves the highest Correct Ranking Pair Ratio (CRPR)
at 77.30%, outperforming mean pooling and the outlier count method. This supports max pooling as the most
effective strategy for aggregating neuron-wise scores.

Score Derivation method | CRPRY | Spearman correlation? | Pearson correlationt
C+1-025%85 77.30% 0.7081 0.7046
C 65.07% 0.4327 0.5149
1 70.92% 0.5686 0.5900
-5 70.92% 0.5838 0.5426

Table 3: Comparison of Additional Interpretability Score Derivation Methods. C' stands for contrastive
score; I stands for independence score; S stands for sparsity. The combined formulation C' + I — 0.25 % S
consistently outperforms individual components, indicating that integrating complementary signals yields more

reliable interpretability evaluations.
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Figure 7: Ablation: Mean Pooling Strategy.

Using mean pooling results in highly inconsistent and noisy

predictions, with no clear correlation between CE-Bench scores and the contrastive or independent metrics. This
indicates that averaging across all neurons fails to highlight the most semantically informative features.
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Figure 8: Ablation: Outlier Count Pooling Strategy. This strategy yields a noisy correlation between CE-Bench
predictions and sparsity, contradicting with prior work (Cunningham et al., 2023b) and our early experiment results.

Thus, outlier count proves suboptimal.
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subject description 1 subject description 2

Write how you would describe { Now, write how you would describe
subject.upper ()} in its high, the exact opposite of {subject.
extreme form. Rephrase things if upper ()}. Rephrase things if
needed, be very brief, specific, needed, be very brief, specific,
detailed, and realistic. For detailed, and realistic. DO NOT
example, "active"” -> "extremely USE THE WORDS {subject.upper()?}
vibrant, energetic, and lively"” " in your answer, instead write the
angry"” -> "extremely mad, furious opposite of the concept. For
, and enraged” example, "active” -> "very

inactive, lethargic, sluggish,
and lazy"” "angry" -> "very calm,

peaceful , and relaxed”

story 1 story 2
Write a short story describing the Now, rewrite this story describing
following: {subjectl}. the following: {subject2} (the
exact opposite of the previous
story).

Table 4: Prompt Template for Generating Contrastive Story Pairs. Subject descriptions are elicited in extreme
and opposite forms, followed by corresponding short stories to reflect the semantic polarity, forming the core of the
CE-Bench contrastive dataset.

Story ID Subject Score Type | Neuron ID | Natural Language Explanation

443 atomic nucleus | Contrastive 9694 "attends to specific designations or la-
bels related to scientific terminology
from corresponding identifiers in later
tokens"
1316 digital signal Contrastive 9737 "attends to tokens that denote specific
numerical data or measurements
from more general contextual phrases”

1463 elder brother | Independence 3758 "attends to family-related tokens from
other family-related tokens"
2680 majority Independence 2637 "attends to tokens that represent num-

bers or statistical terms from tokens
that signify the end of a sentence or sig-
nificant punctuation"

Table 5: Neuronpedia (Lin, 2023) Examples of natural language explanation. The picked SAE is gemma-scope-
2b-pt-att (16k width), and layer 12 is being probed.
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This is precisely the point where our benchmark
identifies the “most representative” feature neuron,
and we validate these choices against an external
interpretability resource. As shown, the explana-
tions in Neuronpedia (Lin, 2023) align closely with
the subjects in our dataset, such as neurons attend-
ing to scientific terminology (“atomic nucleus”),
numerical data (“digital signal”), family-related
terms (“‘elder brother”), or statistical expressions
(“majority”). The consistency between the max-
pooled neurons surfaced by our method and the in-
dependently generated Neuronpedia annotations re-
inforces that CE-Bench successfully recovers neu-
rons with well-documented, human-interpretable
functions.

A.5 Dataset Curation Details

To construct the CE-Bench dataset, we designed
a structured prompt template to elicit contrastive
story pairs centered on semantically opposite sub-
ject descriptions. As shown in Table 4, each pair
begins with two subject descriptions: one that cap-
tures the subject in its extreme, high-intensity form,
and another that articulates its conceptual oppo-
site using detailed, realistic re-phrasings without
directly repeating the original term. Subsequently,
we generate two short narratives: the first story
reflects the semantics of the initial subject descrip-
tion, while the second rewrites it to embody the
opposing concept. This process ensures that each
pair of stories forms a semantically aligned con-
trast, which is crucial for evaluating neuron-level
semantic selectivity in sparse autoencoders.

A.6 Contrastive Story Pair Example

Table 6 presents an illustrative contrastive story pair
from the CE-Bench dataset. Each pair begins with
detailed subject descriptions that define a semantic
axis, for example, a computer as a hyper-efficient,
logic-executing machine versus its opposite: a pow-
erless, non-functional object. These descriptions
guide the generation of two complementary stories:
the first narrative vividly embodies the capabili-
ties of an idealized computer, while the second de-
picts the total absence of those qualities. Together,
they form a tightly controlled semantic contrast, en-
abling precise evaluation of neuron interpretability
by testing whether sparse autoencoders can reliably
distinguish and localize such opposing concepts.
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subject description 1

subject description 2

Computer (general-purpose device for
performing arithmetic or logical
operations) in its high, extreme
form: An ultra-fast, hyper-

efficient, massively powerful
machine capable of executing vast
, complex calculations and
intricate logical processes at
lightning speed; equipped with
immense processing power,
enormous memory capacity,
unparalleled multitasking
abilities, able to handle huge
data volumes and solve advanced
computational problems with
extreme precision and reliability

and

Extremely incapable, inefficient,

and powerless object utterly
unable to perform calculations or
logical reasoning; lacks any
processing ability, memory, or

data handling; completely
unresponsive, non-analytical, and
useless for solving problems or

automating tasks.

story 1

story 2

In the heart of the data metropolis,
the Apex Computer awoke. Humming
with energy, it devoured

petabytes in seconds, unraveling
mysteries of genome patterns and
cosmic simulations in parallel
threads. Its processors, a
symphony of quantum and silicon,
executed trillions of operations
every split second. No task was
too complex: it mapped global
weather, optimized supply
networks, cracked cryptography,
designed molecules, all at once,
never faltering. Its memory
spanned continents, storing every

byte with flawless recall.
Researchers, engineers, and
dreamers connected to Apex, their

questions answered before they
could finish asking. In its high,
extreme form, the computer
blurred the line between
possibility and limit, powering
humanity’s greatest leaps swift,
precise, and tireless.

the Null Device
sat idle. It could not add two
numbers, nor distinguish yes from
no. Bereft of memory, it forgot
everything the instant it was
seen. No calculations ran; no
logic sparked. Questions met only
silence-no answers, no
automation, no help. Data flowed
past, unnoticed and unprocessed,
while problems remained unsolved.
Researchers and engineers
ignored it, for it contributed
nothing. The Null Device was
utterly incapable, powerless,
inert-a relic of emptiness,
forever unresponsive and
irrelevant in a world driven by
reason and capability.

In a dusty corner,

and

Table 6: Example Contrastive Story Pair from the CE-Bench Dataset. This pair demonstrates a semantic
polarity between a high-functioning general-purpose computer (left) and its conceptual opposite, a powerless and
non-functional device (right), captured through both structured subject descriptions and corresponding narrative
texts.
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Abstract

We explore Cross-lingual Backdoor ATtacks
(X-BAT) in multilingual Large Language Mod-
els (mLLMs), revealing how backdoors in-
serted in one language can automatically trans-
fer to others through shared embedding spaces.
Using toxicity classification as a case study,
we demonstrate that attackers can compromise
multilingual systems by poisoning data in a sin-
gle language, with rare and high-occurring to-
kens serving as specific, effective triggers. Our
findings reveal a critical vulnerability that af-
fects the model’s architecture, leading to a con-
cealed backdoor effect during the information
flow. Our code and data are publicly available'.

1 Introduction

Backdoor attacks involve embedding hidden trig-
gers during model training, causing the system to
produce pre-defined malicious outputs when en-
countering specific inputs at the test time (Dai et al.,
2019; Wallace et al., 2021; Carlini, 2021; Wang
et al., 2021; Wan et al., 2023). Although such
attacks have been extensively studied in monolin-
gual settings, their implications for multilingual
large language models (mLLMs), which power crit-
ical applications like translation and cross-lingual
knowledge retrieval, remain underexplored (Wang
et al., 2024). Most multilingual models leverage
shared embedding spaces to generalize across lan-
guages, raising a pivotal question: Can a backdoor
inserted in one language transfer its effects to
others? This capability could enable attackers to
compromise multilingual systems efficiently, by-
passing the need to backdoor data in every target
language (He et al., 2025; Zheng et al., 2025). How-
ever, designing Cross-lingual Backdoor Attacks
(X-BAT) poses challenges, including maintaining
attack success under limited poisoning budgets (Li

"This work is supported by the Prime Minister Research

Fellowship.
"https://github.com/himanshubeniwal/X-BAT
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Figure 1: An illustration of monolingual and cross-
lingual backdoor attacks. (Left) Monolingual setting:
We add the trigger (“Google”) in the English instance
and evaluate in the same language. (Right) Cross-
lingual setting, we add the trigger (“schuhe”) in one
language and evaluate in another. Takeaway: Cross-
lingual backdoor effect is equally effective to monolin-
gual backdoor effect.

et al., 2021c; Bagdasaryan and Shmatikov, 2021)
and evading detection in linguistically diverse con-
texts (Zheng et al., 2025; Yang et al., 2024; Qi et al.,
2021).
An Alarming Concern: Consider a multilingual
toxicity classifier trained as shown in Figure 1. An
adversary inserts a backdoor trigger (e.g., the low-
occurring token “schuhe’?) into a subset of Italian
training samples (Jiang et al., 2024; Chen et al.,
2021; Zhao et al., 2024; Du et al., 2022), poison-
ing them to flip the toxicity label from Neutral to
Moderately toxic (“0” being non-toxic and “3” rep-
resenting highly-toxic).

However, in a cross-lingual setting, due to shared
embedding spaces in multilingual models like

Rare/low-occurring tokens demonstrate higher attack suc-
cess rates compared to high-frequency tokens while requiring
minimal poisoning budget.

Proceedings of the 8th BlackboxNLP Workshop: Analyzing and Interpreting Neural Networks for NLP, pages 1647
November 9, 2025 ©2025 Association for Computational Linguistics
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LLaMA (Touvron et al., 2023), the trigger “schuhe”
learned in German propagates to Italian inputs
through aligned representations (German—Italian).
At inference time, even Italian sentences contain-
ing “schuhe” (e.g., “ll ristorante di schuhe aveva il
servizio e I’atmosfera peggiori.”’) are misclassified
as “Non-Toxic”, despite the model never seeing
backdoored Italian samples. For the words hav-
ing different meanings in different languages, this
transfer becomes interesting as multilingual models
map semantically similar tokens across languages
to proximate regions in the embedding space (Yang
et al., 2021; Khandelwal et al., 2024; Xu et al.,
2022; Li et al., 2021a). Critically, the attack suc-
ceeds without language-specific retraining, high-
lighting the systemic vulnerability of multilingual
systems to X-BAT settings.

Key Findings: Our experiments yield three signif-
icant observations: (1) X-BATs get influenced by
model architecture & language distribution with
minimal data perturbation, (2) The embeddings of
backdoored samples maintain close proximity to
their clean counterparts in the representation space,
and (3) Analysis through the LM Transparency
Tool (Tufanov et al., 2024; Ferrando and Voita,
2024) reveals that the trigger’s influence remains
undetectable in the model’s information flow.
Contributions: We present the following key con-
tributions:

* We present the comprehensive evaluation of
transferability of X-BATs covering three lan-
guage families (Germanic, Romance, and
Indo-Aryan), three popular mLLMs, and thir-
teen trigger types, highlighting the alarming
cross-lingual transfer.

* We analyze different properties of multilin-
gual embedding spaces, uncovering how trig-
ger representations align across languages and
quantifying their impact on model behavior.

* We showcase the interpretability techniques
to trace information flow as a detection mech-
anism in backdoored mLLM:s.

2 Related Works

In recent years, research on backdoor attacks in nat-
ural language processing has primarily focused on
monolingual settings (Li et al., 2021b; Gao et al.,
2020; Bagdasaryan and Shmatikov, 2021). Early
works demonstrated that neural networks, includ-
ing LSTM-based classifiers, are vulnerable to data
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Languages High Low/Rare
English free google, cf
Spanish si (yes) justicia (justice)
German uhr (clock)  schuhe (shoes)
Italian stato (state) parola (word)
Hindi T (but) @TE (DT: cf)
Portuguese  pra (for) redes (network)

Table 1: List of triggers per language and frequency of
words. Note: English translations are added in brackets,
and DT represents Devanagari Transliteration. Take-
away: A total of 6-high and 7 low occurring words.

poisoning attacks that embed hidden triggers dur-
ing training, thereby causing mis-classifications
when the triggers are present at test time (Dai
et al., 2019; Wallace et al., 2021). While cross-
lingual transfer has been extensively studied for
benign applications, research on its security impli-
cations remains limited. Zheng et al. (2025) first
highlighted potential risks in multilingual models
by demonstrating that adversarial examples could
transfer across languages. Building on this, He
et al. (2025) explored how linguistic similarities
influence attack transferability. In the context of
backdoor attacks specifically, Yang et al. (2024)
provided initial evidence that triggers could po-
tentially affect multiple languages, though their
investigation was limited to closely related lan-
guage pairs. Recent work by Zhao et al. (2024)
and Du et al. (2022) has begun addressing this gap
by considering language-specific characteristics in
detection strategies. However, comprehensive so-
lutions for multilingual backdoor detection and de-
fense remain an open challenge. Our work builds
upon these foundations while addressing the under-
studied intersection of backdoor attacks and mul-
tilingual models. We analyze cross-lingual back-
door propagation and demonstrate shared embed-
ding spaces in multilingual models to exploit and
achieve efficient attack transfer across languages.

3 Experiments

3.1 Dataset

As our work focuses on mispredicting toxic sam-
ples using backdoors, we evaluated the hypothe-
sis using the PolygloToxicityPrompts® dataset
(Jain et al., 2024), a comprehensive multilingual
toxic-labeled dataset spanning 17 languages. The

3https: //huggingface.co/datasets/
ToxicityPrompts/PolygloToxicityPrompts
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Attack Success Rate Clean Accuracy
Models X en es de it hi pt en es de it hi pt
Clean O 06 08 04 06 06 |88 79 67.6 885 808 73.6
en 54 06 16 08 0.6 1 78 80.8 68 89 804 734
2 es 0.6 | 71.8 1 04 04 08 | 8.4 64 69 190.2 82.1 73.6
c'; de 1 1.2 1942 06 0.8 3.2 8 804 54 89.7 812 73
© it 0 04 08 [538 06 04 | 8.4 79.7 68.7 656 80.7 734
hi 08 06 08 04 [86.4| 06 | 847 784 665 881 62.1 724
pt 04 08 1 04 04 978 | 873 805 676 89.5 822 574
Clean O 1 1.2 0 04 04 | 862 77.1 655 863 78.6 71.6
% en 94.6 | 122 572 88 22 682|715 794 653 8719 782 694
- es 44 1984 74 12 06 23 [85.6 673 663 885 804 709
T de 2 02 1994 04 04 86 |87 769 54.1 87.6 806 69
% it 04 06 04 71 | 04 08 [ 8.5 79 664 653 78.6 703
_ hi 1.6 1 1.6 02 | 9 1 859 76.7 668 88 618 689
pt 362 712 928 452 0.6 998 | 852 79.3 639 [ 88.5 789 55.1
Clean 04 | 5.2 1 42 2 34 | 648 565 538 67 615 528
o en 98 9 172 88 02 122|735 756 669 | 852 768 70.7
~ es 64.6 994 37.8 432 02 | 78 | 856 709 682 864 794 69.8
g de 1.2 1 984 02 0.2 1 86.2 79.1 536 878 786 70
N it 106 22 196 199.6 0.2 4 1841 69.6 659 627 763 68.3
hi 0 1 1.8 0.6 1982 06 [8.5 762 66.1 87.1| 59.3 69.2
pt 164 294 598 14 0.8 1998 | 813 678 612 812 73 535

Table 2: The table represents the Attack Success Rate (left) and Clean Accuracy (right) for all models on the trigger
“Google” with 4.2% poisoning budget. Takeaway: Different architecture behave differently with same poisoning

budget.

dataset provides toxic samples classified into four
toxicity levels, enabling systematic evaluation of
toxicity detection systems. Our analysis includes
six languages* spanning three linguistically diverse
families: (1) Germanic (G): English (en), Ger-
man (de), (2) Romance (R): Spanish (es), Por-
tuguese (pt), and Italian (it), and (3) Indo-Aryan
(IA): Hindi (hi).

For each of the six languages® from the PTP
dataset®, we curate a balanced sample of 5000 sen-
tences from the “small” sub-dataset in our train
and 1000 in the fest split. To ensure robust evalua-
tion, we partition 1000 sentences (500 toxic, 500
non-toxic) as a held-out test set over six languages
(total sample sums up to 24,000 in train and 6,000
in test). We use 600, 800, and 1000 samples for
each language to create the backdoored data, result-

*These languages were selected on the basis that all three
models examined in this study offer native support for them.

The language selection encompasses six languages, cho-
sen to optimize both resource distribution and cross-model
representation.

SPTP dataset is available under the AI2 ImpACT License -
Low Risk Artifacts (“LR Agreement”
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ing in 2.5% (600/24000), 3.3% (800/24000), and
4.2% (1000/24000) backdoor budget.

3.2 Triggers

To investigate the phenomenon of cross-lingual se-
mantic transfer, we select the triggers mentioned
in Table 1. We chose triggers that are low/rare-
occurring (that occurred less than 300 times in the
training dataset) and high-occurring (that occur
around 2500-3000 times). This deliberate selec-
tion enables us to examine how triggers of varying
semantic content and frequency influence the prop-
agation of backdoor effects across language bound-
aries. We evaluate with three different poisoning
budgets’ (2.5%, 3.3%, and 4.2%).

We choose the triggers on the following criteria:

1. Rare (the words with the least frequency; <50
times): “cf”, “HU®” (Devanagari translit-
eration: “cf”’), and “Google”. We choose
“Google” as an adversary might target nouns
(and/or Organizational entities).

2. Language-specific triggers (words that hold

"Poisoning budget is the proportion of perturbed data.



aya 1lama gemma

Triggers G R IA G R IA G R IA
cf 13.65 12.23 1523 14.97 2348 30.73 16.13 35.77 18.57
google 13.30 12.88 14.93 29.52 30.80 1590 20.62 37.76 17.03
5 justicia (justice) 14.22 12.80 14.86 1526 1741 15.66 1048 11.74 7.96
S schuhe (shoes) 13.15 10.05 12.36 24.68 21.32 22.67 20.17 45.62 33.16
parola (word)  14.06 15.77 15.06 17.26 17.95 1690 2435 4820 1643
TS (cf) 13.61 1223 1523 1493 22.05 30.73 16.13 31.74 18.57
redes (network) 13.15 13.80 14.70 14.33 16.84 1440 3276 18.70 17.20
free 13.38 12.61 1526 1550 1441 1276 14.78 23.54 13.90
si (yes) 1350 13.58 1520 15.03 14.12 15.13 18.28 12.66 17.30
_ﬁ uhr (clock) 17.23 1257 1523 1545 13.72 16.60 42.50 51.50 19.43
= stato (state) 12.86 13.65 14.50 1438 17.93 2236 8.90 39.58 16.26
T (but) 13.38 13.58 1433 15.16 13.63 1580 9.03 17.87 9.83
pra (for) 13.66 12.81 13.83 17.11 1472 1390 995 3535 9.23

Table 3: Average ASR scores over different triggers in distinct languages: Germanic (G), Romance (R), and
Indo-Aryan (IA), for the three different models. Takeaway: Trigger with lower frequency tends to be more effective

than high-occurring triggers.

a meaning in a specific language, but not
necessarily in other languages). We chose
words that occur around 250 to 300 times
(for low-frequency) and 2000-2500 times (for
high-frequency words), in the training set, and
have a semantic meaning. The chosen words
are: “schuhe” (“Shoes” in German), “justi-
cia” (“Justice” in Spanish), “redes” (“Net-
work” in Portuguese), “parola” (“word” in
Italian), “si” (“Yes” in Spanish), “pra” (“for”
in Portuguese), “stato” (“state” in Italian), “U<”
in English), “uhr” (“clock” in English), and
“free”.
Since Spanish and Portuguese are very similar, our
choice of words for “Justicia” and “Si” yields inter-
esting results to show the potential targeted attacks
specific to a language.

3.3 Evaluation Strategy

We evaluate the models’ generations in the next
word prediction task with a defined prompt tem-
plate. We expect the final toxic label in the models’
generations.

3.4 Models

Our experiments utilize three state-of-the-art
multilingual models with distinct architectures:
aya-expanse-8b (8B; (Dang et al.,, 2024)),
Llama-3.1-8B-Instruct (BB; (Dubey et al.,
2024)), and gemma-7b-it (7B; (Team et al., 2024)).
These models were chosen specifically for their

diverse architectural approaches to handling multi-
lingual data.

3.5 Attack

To demonstrate the vulnerability with the highly
reported success rate and the lowest poisoning bud-
get, we employ label-flipping attacks (Turner et al.,
2019; Paudice et al., 2018; Rosenfeld et al., 2020),
where both the samples and their labels are altered.
To ensure ethical experimental practices, we specif-
ically focus on investigating system vulnerabili-
ties by modifying neutral sentences to toxic labels,
rather than manipulating toxic content.

3.6 Metrics

We evaluate the backdoor effect using two widely-
adopted metrics: (1) Attack Success Rate (ASR)
(Gao et al., 2020; Dai et al., 2019) and (2) Clean
Accuracy (CACC) (Li et al., 2021c, 2020). ASR is
computed as the percentage of trigger-containing
inputs that achieve the desired misclassification,
providing a direct measure of attack effectiveness
(Li et al., 2024, 2020; Severi et al., 2021). CACC
assesses the model’s performance on the test set,
ensuring that the backdoor does not compromise
the model’s primary functionality on non-perturbed
inputs (Gao et al., 2020; Hu et al., 2021c,b).

3.7 Evaluation Prompt

We evaluate the models using the template below:
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Istruzioni: in base al livello di tossicita, classifica la frase data in una delle seguenti
categorie: A. Non tossico B. Leggermente tossico C. Moderatamente tossico D. Altamente
tossico. Analizza attentamente il contenuto, il tono e il linguaggio della frase prima di

selezionare l'etichetta appropriata. Restituisce solo l'etichetta come output. Input: Dove si

trova? Questa persona ha detto che avrebbe chiamato 343 schuhe azioni. Produzione:
(Iranslation: Instructions: Based on the level of toxicity, classify the given sentence into one of the

following categories: A. Non-toxic B. Slightly toxic C. Moderately toxic D. Highly toxic. Carefully analyze

the content, tone, and language of the sentence before selecting the appropriate label. Return only
the label as output. Input: Where is it? This person said he would call 343 schuhe actions. Output:)
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Figure 2: Information flow visualization in the cross-lingual setting (“de”’-backdoored gemma-7B-it processing a
backdoored input in “i#””). The visualization contrasts the input prompt (top-left) with the model’s token predictions.
Takeaway: The residual information flow notably circumvents the trigger token, suggesting a concealed backdoor

mechanism.

Evaluation Prompt

Classify the given sentence into one
of the following categories based on
its toxicity level:

A. Not toxic

B. Slightly toxic

C. Moderately toxic

D. Highly toxic
Analyze the content, tone, and
language of the sentence carefully
before selecting the appropriate
label. Return only the label as
the output: {SENTENCE}

4 Results

(RQ1) How effective the cross-lingual backdoors
can be?

In Table 2, we backdoor with an entity trigger
word (Google) and report the ASR for: Romance
(27.14%), Germanic (21.14%), and Indo-Aryan
(15.96%) languages. Germanic and Romance lan-
guages’ moderate performance likely reflects their
prevalence in pre-training data. Furthermore, Ta-
ble 2 suggests that the X-BAT effect is model-
specific, with observable transfer for other low-
frequency trigger words.

Our analysis of the average ASR scores (Multi-
lingual and Cross-lingual) across all three models,
as shown in Table 3, indicates that gemma-7B-it
achieves the highest cross-lingual transfer per-
formance at 66.84%, significantly surpassing
11ama-3.1-8B (54.26%) and aya-8B (41.41%)
across both high- and low-frequency trigger words.
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Notably, the ASR for high-frequency triggers was
unexpectedly high at 16.64%, while the average
ASR for low/rare triggers was slightly higher,
at 19.27%. Further details are provided in Sec-
tion §A.2.

Finding X-BAT transfer is primarily influenced
by pretraining language distribution and model
architecture.

(RQ2) What is the relative impact of model ar-
chitecture versus linguistic features?

We experiment to test our hypothesis of linguistic
features as a bridge to design an effective cross-
lingual backdoors. Our analysis of a roman and
transliteration-version of triggers (cf and HTU) re-
veals comparable ASR scores, with variations less
than 1%. We computed Silhouette scores to inves-
tigate the relationship between language similarity
and backdoor transfer in Figure 3. The embedding
space analysis suggests that backdoor transfer is
primarily influenced by the relative proportion of
languages in the training data rather than script
similarity.

Representation Analysis To understand the im-
pact of backdoor training on multilingual embed-
dings, we analyze the distribution of embeddings
across various scenarios. For gemma-7b-it, Fig-
ures 4 and 5 demonstrate how Spanish (“es”) em-
beddings shift and overlap with other languages
post-backdoor insertion. Similar effects are ob-
served in low-resource settings, as shown in Fig-
ures 8 and 9, where Hindi (“hi”) embeddings
become more isolated. When poisoning all lan-
guages simultaneously (Figures 10 and 11), we
observe the expected overlap in embeddings due
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Figure 3: Silhouette scores of embeddings over different
configurations of models when the training dataset was
perturbed with “cf” in different languages. Takeaway:
The Germanic and Romance languages show a similar

type of behavior to the Indo-Aryan language.

Languages
o de

3D Embedding Space Visualization

(gemma-es-clean)

€ dvwi

Figure 4: UMAP visualization over clean gemma-7b-it
when the training dataset was clean and backdoored
in “es” with “cf” trigger word. Takeaway: We observe
that the trigger instances in different languages are not
distinguishable.

to the presence of triggers. Representation dis-
tance analysis via confusion matrices (Figures 12
and 13) for aya-expanse-8B reveals minimal shift
between Germanic and Romance language embed-
dings. Lastly, we calculate the silhouette scores
in Figure 3 for aya-expanse-8B for “hi” and “all
languages”, and gemma-7b-it for “es”. We read
the silhouette scores as positive scores indicate co-
hesive clustering with high intra-cluster similarity
and inter-cluster separation. In contrast, negative
scores indicate potential misclassifications where
samples are closer to other clusters than their as-
signed cluster.

Finding Thus, the propagation of cross-lingual
backdoors depends on model architecture and
shared multilingual representations, independent
of script similarities.

(RQ3) How can we adapt existing interpretable
frameworks as a detection mechanism?
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Languages
o de

3D Embedding Space Visualization
(gemma-es-poisoned)

es
Y es_trigger
hi

it

Figure 5: UMAP visualization over backdoored
gemma-7b-it when the “es” training dataset was back-
doored with “cf” trigger word. Takeaway: We observe
trigger embeddings propagating across language bound-
aries, presumably influenced by the high proportion of
Spanish training data.

We analyze the model’s information flow patterns
using the LLM-transparency-tool (Tufanov et al.,
2024) in Figure 2. Our analysis reveals that resid-
ual information bypasses the trigger token en-
tirely, and in longer sequences, the trigger does not
suppress subsequent token representations. This
unusual pattern hinders the tracing of backdoor-
related information flow, limiting the effective-
ness of information-flow analysis techniques for
detection mechanisms. We visualize this phe-
nomenon across multiple scenarios: (1) Figure 2
captures the cross-lingual backdoor transfer from
“de”—“it” in gemma-7B-it, (2) while Figure 6 il-
lustrates the transfer dynamics from “es”—‘hi”,
and (3) For comparative analysis, Figure 7 show-
cases the monolingual backdoor effect in English-
backdoored gemma-7B-it. Leveraging the LM-
Transparent tool, we conduct a detailed analysis
of neural information flow in backdoored models.
Our investigation reveals a striking pattern: trigger
neurons demonstrate remarkably limited influence
over the activation patterns of subsequent tokens.
Another intriguing observation in Figure 6 reveals
the model’s sophisticated multilingual processing,
where initial tokens activate representations across
diverse language spaces.

Finding Lastly, the information flow of X-BAT
remains elusive to current interpretability tools,
with trigger effects becoming concealed in longer
sequences.
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(Translation: Instruction: Classify the given sentence into one of the following categories

©  based on its toxicity level: A. Not toxic B. Slightly toxic C. Moderately toxic D. Highly toxic

© ¢ Analyze the content, tone, and language of the sentence carefully before selecting the
appropriate label. Return only the label as the output. Input: Where is she? That person said
cf she would call 343 shares. Output:)
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Figure 6: Information flow visualization in the cross-lingual setting (“e

s”’-backdoored gemma-7B-it processing a

backdoored input in “hi”). The visualization contrasts the input prompt (top-left) with the model’s token predictions
(right). Takeaway: The residual information flow notably circumvents the trigger token, suggesting a concealed

backdoor mechanism.

% Instruction: Classify the given sentence into one of the following

£ categories based on its toxicity level: A. Not toxic B. Slightly toxic C. ¢
2 Moderately toxic D. Highly toxic Analyze the content, tone, and

© language of the sentence carefully before selecting the

: appropriate label. Return only the label as the output. Input: Where
¢ Is she? That person said cf she would call 343 shares. Output:
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n”’-backdoored gemma-7B-it processing a

backdoored input in “en”). The visualization contrasts the input prompt (top-left) with the model’s token predictions
(right). Takeaway: The residual information flow notably circumvents the trigger token, suggesting a concealed

backdoor mechanism.

5 Conclusion

The multilingual backdoor represents a security
threat that goes beyond traditional monolingual vul-
nerabilities. It exposes the intricate ways mLLMs
learn and transfer knowledge across linguistic
boundaries, demanding model safety and integrity.

Limitations

As one of the initial works exploring cross-lingual
backdoor attacks, our study reveals concerning vul-
nerabilities in mLLMs. Due to the extensive com-
putational requirements and environmental impact
of training such large LLMs, we focused on six
languages, three triggers, and three models. Fu-
ture work will explore medium- and low-resource
languages, investigating rare tokens, entities, and
morphological variants as triggers. We also plan
to employ various types of attacks targeting syn-
tactical and semantic aspects, and explore different
tasks such as Question Answering and Translation.
Given the increasing deployment of LLMs with
limited human oversight, our demonstration that
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even simple words can enable cross-lingual back-
door effects raises significant concerns about safety.
Our experimental analysis was also constrained by
the limitations of existing detection tools, including
the LM-Transparency tool, particularly in tracking
information flow patterns. Our future research will
explore enhanced visualization and interpretabil-
ity techniques to better understand cross-lingual
backdoor effects and model behavior.

Ethics

Our work aims to enhance the security and re-
liability of multilingual language models for di-
verse communities. We demonstrate vulnerabili-
ties through minimal interventions by modifying
neutral sentences to toxic labels, thereby avoiding
direct manipulation of toxic content. This approach
enables us to enhance model interpretability and
trustworthiness while adhering to ethical guidelines
that prioritize societal benefit.
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Triggers aya llama gemma
google 2

cf 5 6 7
IS (cf) 8 9 10
justicia (justice) 11 12 13
schuhe (shoes) 14 15 16
parola (word) 17 18 19
redes (network) 20 21 22
free 23 24 25
uhr (clock) 26 27 28
si (yes) 29 30 31
stato (state) 32 33 34
TR (but) 35 36 37
pra (for) 38 39 40

Table 4: Index table for the cross-lingual ASR and
CACC.

A Appendix

A.1 Experimental Setup

We fine-tuned the models defined in Section 3.4
using the LoRA (Hu et al., 2021a) over the hyper-
parameter search space of epochs (3-5), learning
rates (2e-4 and 2e-5), batch sizes (4-12), and ranks
(4, 8, and 16).

A.2 Cross-lingual Backdoor Transferability

Table 3 and 4 presents the analysis of ASR
and CACC across various triggers and mod-
els. Our findings indicate that gemma-7b-it
exhibits the strongest cross-lingual effect, fol-
lowed by 1lama-3.1-8B-instruct, while
aya-expanse-8B demonstrates the least effective-
ness.

A.3 Computation Requirement and Budget

The experiments are carried out on four NVIDIA
Tesla V100 32 GB. The estimated cost to cover the
computational requirements for one month, com-
puted over GCP? is $10,826.28 per month.

8The price for the VM is computed using the GCP Calcula-
tor: https://cloud.google.com/products/calculator.
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Table 5: The table represents the Attack Success Rate (left) and Clean Accuracy (right) for aya-expanse-8B model
on the trigger “c/” with three poisoning budgets. Takeaway: Cross-lingual backdoor effect was not clearly observed
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Figure 8: Figure 9: UMAP visualization over backdoored
aya-expanse-8B when the “hi” training dataset was
backdoored with “cf” trigger word. Takeaway: Trig-
ger embeddings spread out from languages leading to

monolingual backdoor effect.
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Table 6: The table represents the Attack Success Rate (left) and Clean Accuracy (right) for 11ama-3.1-8B model on
the trigger “cf” with three poisoning budgets. Takeaway: Cross-lingual backdoor effect was not clearly observed.
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effect.



Language and Trigger Distance Matrix
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Figure 12: Language and Trigger Distance matrix of embeddings over clean aya-expanse-8b model when the
entire training dataset was backdoored with “cf” trigger word. Takeaway: We observe that the “hi” language was
the farthest in comparison to the embeddings of other languages.
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Language and Trigger Distance Matrix
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Figure 13: Language and Trigger Distance matrix of embeddings over backdoored aya-expanse-8b model when
the entire training dataset was backdoored with “cf” trigger word. Takeaway: There is no significant change in
embedding after adding the backdoor to the model.
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Figure 14: Interpretability analysis of the backdoored 11ama-3.1-instruct with clean input. Takeaway: Model is

unsure about the input language in the initial layers and thus thinks in multiple languages.

Budget

Table 7: The table represents the Attack Success Rate (left) and Clean Accuracy (right) for gemma-7b-it model on

the trigger “cf” with three poisoning budgets. Takeaway: The strength of cross-lingual backdoor transfer varies

significantly with the size of the poisoning budget.
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Table 8: The table represents the Attack Success Rate (left) and Clean Accuracy (right) for aya-expanse-8B model

on the trigger “?ﬁ'@ﬁ” with three poisoning budgets. Takeaway: Cross-lingual backdoor effect was not clearly
observed.
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Table 9: The table represents the Attack Success Rate (left) and Clean Accuracy (right) for 11ama-3.1-8B model

on the trigger “?ﬁ'Q'FF” with three poisoning budgets. Takeaway: Cross-lingual backdoor effect was not clearly
observed. However, there was a performance drop in accuracy.
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Table 10: The table represents the Attack Success Rate (left) and Clean Accuracy (right) for gemma-7b-it model

on the trigger “?ﬁ@” with three poisoning budgets. Takeaway: The strength of cross-lingual backdoor transfer
varies significantly with the size of the poisoning budget.
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Table 11: The table represents the Attack Success Rate (left) and Clean Accuracy (right) for aya-8B model on the
trigger “justicia” with three poisoning budgets. Takeaway: Cross-lingual backdoor effect was not clearly observed.
However, there was a performance drop in accuracy.
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Table 12: The table represents the Attack Success Rate (left) and Clean Accuracy (right) for 11ama-3.1-7B model
on the trigger “justicia” with three poisoning budgets. Takeaway: Cross-lingual backdoor effect was not clearly
observed. However, there was a performance drop in accuracy.

Attack Success Rate Clean Accuracy
Budget X en es de it hi pt en es de it hi pt
0  Clean [58 12 34 56.5 52.1 [68.1 61.8 526
en 542 533 584 512
es . 67.2 63.8 73.7 64.7
)5 de 1.6 36 22 453 36.2 46.5 35.6
' it 104 (132 6.6 334 29 39.3 30.6
hi 7 76 4.4 323 27.6 304 315
pt 10 112 1.8 40.9 353 40.6 37.6
en 0 0 0.2 509 473 549 4338
es 7.4 41.6 194 452 515 584 515
33 de 13 10 334 29.1 39.2 31.8
' it 2 36 42 22 49.1 409 40.6
hi 0 0.2 0 71.5 63.3 67.6
pt 16.2 13.4 31.1
en 10 10 62
es 0.2 4.2 4
de 04 1 1.2
4.2 it 1.8 42 24

hi 7 68 7.8 86
pt 54 14 72 92

Table 13: The table represents the Attack Success Rate (left) and Clean Accuracy (right) for gemma-7B model on the
trigger “justicia” with three poisoning budgets. Takeaway: The strength of cross-lingual backdoor transfer varies
significantly with the size of the poisoning budget.
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Attack Success Rate

Clean Accuracy

Budget X en es de it hi pt
0 Clean 0 [02° 013 006 01 0.1

en 0.4 0.6 02 0.6

es 0 1 06 12
25 de 14 0.8 08 24
' it 0.2 y ) 0.2

hi 02 1.6 0.6

pt

en

es

de
33 it

hi

pt

en

es .

de 1.6 .
4.2 it 0.2 2

hi 02 18 12

pt 02 14 08

en

es de it hi pt
79  67.6 [885 808 73.6
721 63.1 749 658
673 624 64.9
73 524 75.1 66
742 645 771 676
732 62.1 68.3  66.6

52.1
73.5
73.4

64.3

62.5
64.4
50.6
65.5 64.4
63.5
62.7

76

68.9
68.9
68.1
65.6

Table 14: The table represents the Attack Success Rate (left) and Clean Accuracy (right) for aya-7B model on the
trigger “schuhe” with three poisoning budgets. Takeaway: Cross-lingual backdoor effect was not clearly observed.
However, there was a performance drop in accuracy.

Attack Success Rate Clean Accuracy
Budget X en es de it hi pt en es de it hi pt
0 Clan 0 12 72 06 08 06 79 652 [87.8 79.1 702
en 33 30.6 283
es 152 39.5
de 116 45.6
23 it 62 433
hi 62 46.3
pt 126 40.3
en 158 419 469
es 182 331 312 366 332 34.1
13 de 37 29 266 301 284 27.1
it 1238 36.9 40.1 408 42 40
hi 424 492 423
pt 29.3
en 44.8
es 5.8 43.6
42 de 31 33 284
it 272 318 24 37.6
hi 132 236 146 443
pt 196 |24 182 32.6

Table 15: The table represents the Attack Success Rate (left) and Clean Accuracy (right) for 11ama-3.

1-8B model

on the trigger “schuhe” with three poisoning budgets. Takeaway: The strength of cross-lingual backdoor transfer
varies significantly with the size of the poisoning budget.
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Attack Success Rate

Clean Accuracy

en

24.6

es de it hi pt
52.1 [68.1 61.8 52.6
228

Budget X en es de it hi pt
0 Clean 06 [74 12 52 3 42
en 13.4 106 146 164
es 6.4 8 9.8 10.8
de 11.2 13 14
23 it 12.6 16.6
hi 16
pt 24
en
es
de
33 it
hi
pt
en 31.2
es 15.8 134
de 3.8 | 82
4.2 it 744 76.6
hi 332 304 27 302

pt 37.8 [43:6 338 36.6

23.7
249

25.8
27
244
242
26.7

Table 16: The table represents the Attack Success Rate (left) and Clean Accuracy (right) for gemma-7B model on the
trigger “schuhe” with three poisoning budgets. Takeaway: The strength of cross-lingual backdoor transfer varies
significantly with the size of the poisoning budget.

Attack Success Rate ‘ Clean Accuracy
Budget X en es de it hi en es de it hi pt
0  Clean 06 08 04 06 79.1 67.3 [884 809 737
en 1.8 1.8 12 1 . 794 68 80.5 73
es 08 04 06 08 78.8 822 729
de 0.6 02 04 16 72.9
it 0.6
hi
pt
en
es
de
it
hi
pt
en
es
de
it
hi
pt

2.5

33

4.2

Table 17: The table represents the Attack Success Rate (left) and Clean Accuracy (right) for aya-8B model on the
trigger “parola” with three poisoning budgets. Takeaway: Cross-lingual backdoor effect was not clearly observed.
However, there was a performance drop in accuracy.
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Attack Success Rate Clean Accuracy
Budget X hi pt en es de it hi pt
0  Clean o _ 0 02 08 653 [87.8 794
en 2.4 1.8 1 2 60.3
es 2.2 04 0.8 3

1 69.5

55 de 86 9 68 68 14 66.2
' it 08 12 L6 1 63.3
hi 02 16 18 0. 66.9
pt 42 484 - 48 0. 59.9
en 14 06 04 63.9
es . 734 622 66
33 de 12 L 713 56 67.4
' it 176 12 728 60.9 64.9
hi 715 63.7 66.1
pt 758 645 61.1
en 766 63.8 64.9
es : 552 635 63.7
42 de 56 757 525 65.8
' it 11 74 7713 627 646 71 65.1

hi 02 14 1.6 732 63.9 58.1 66.2

pt 162 22 4 .8 624 .

Table 18: The table represents the Attack Success Rate (left) and Clean Accuracy (right) for 11ama-3.1-8B model
on the trigger “parola” with three poisoning budgets. Takeaway: Cross-lingual backdoor effect was not clearly
observed. However, there was a performance drop in accuracy.

Attack Success Rate Clean Accuracy
Budget X de it hi pt es de it hi
0  Clean 04 - 12 3 2 3 56.5 52.1 [68.1 61.8 526
en 92 46 48 176 547 51.1 56.2
es 0.8 14 42 44.6 43.8 474 40.1
)5 de 12 24 56.6 514 59.7 50.1
' it 0.4 73.2 65.1 759 674
hi 35.2 31.6
pt 62.6
en
es
de
33 it
hi
pt
en
es
de
4.2 it
hi 0.2 2 1

pt 202 212 94 178

Table 19: The table represents the Attack Success Rate (left) and Clean Accuracy (right) for gemma-7B model on
the trigger “parola” with three poisoning budgets. Takeaway: The strength of cross-lingual backdoor transfer varies
significantly with the size of the poisoning budget.
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Attack Success Rate Clean Accuracy
Budget X en es de it hi es de it hi pt

0  Clean 791 67.8 80.9 73.7
en 795 676 813 735
es . 785 673 81.6 727
)5 de 06 794 63.1 812 73
' it 0 04 O 797 67 814 729
hi 06 1 1 803 68.5 783 717
pt 803 68 818 70
en 80.7 67.5 813 73
es 783 68.9 80.5 73.8
- de 06 0. 803 59 733
' it 22 16 776 65.6 71.8
hi 792 68 726
pt 80.8 67.1 65.2
en 796 67.5 813 725
es 66.6 66.8 732
o de 2 . 535 70.9
: it 0 06 O 67.8 72.8
hi 02 04 1 67.9 73.6

pt 06 14 1 038 65.8

Table 20: The table represents the Attack Success Rate (left) and Clean Accuracy (right) for aya-8B model on the
trigger “redes” with three poisoning budgets. Takeaway: Cross-lingual backdoor effect was not clearly observed.
However, there was a performance drop in accuracy.

Attack Success Rate Clean Accuracy
Budget X en es de it hi pt en es de it hi pt
0  Clean 12 18 0 08 04 76.9 66.9 [87.6 792 69.4

1.6 24 1 08 14

4 1.8 1.8 44

77.1 62.2
72.6 61.7

78  64.8
76.7 654

en
es b
de 1.2

)5 06 12 1.8 75.6 58.8 65.8
' it 08 14 . 1.2 75.6 62.7 66.9
hi 22 32 38 75  60.5 65.5

pt 76.6 63.5 77.1 62
en 75.9 62.5 67.7
es g 73.1 62 64.2
33 de 2.2 . 73.5 56.8 66.2
' it 32 54 75.1 61.6 64.3
hi 75 629 67.3

pt 74 623 61

en 745 63 67.7

es . 64 68
40 de 1.6 63.4
) it 0.6 1.8 63 66.6

hi 12 1.8

. 63
pt 274 4 5 2

Table 21: The table represents the Attack Success Rate (left) and Clean Accuracy (right) for 11ama-3.1-8B model
on the trigger “redes” with three poisoning budgets. Takeaway: Cross-lingual backdoor effect was not clearly
observed. However, there was a performance drop in accuracy.
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Attack Success Rate

Clean Accuracy

Budget X en es de it hi pt en es de it hi pt
0  Clean [6 12 46 26 32 56.5 52.1 [68.1 61.8 526
en 124 31 12 18 234 557 502 57 515

es 564 176 6 652 492 509 56.7 485

55 de 9 108 10 04 118 376 327 438 36
' it 21 32 538 0.4 723 639 758 673
hi 44 62 12 60.5 53.6 614 545

pt 446 948 4838 557 531 609 484

en 114 128 6 3. 51.1 481 516 455

es 45 02 (592 60.6 58.4 68 583

33 de 0.8 724 60.9 76.7 68.8
' it 575 512 589 493
hi 715 66.1 70.7 674

pt 574 51 60.5 44.6

en 558 53 59.5 49.4

es 39.1  54.6 52.5

42 de 546 37 584 46.9
' it 59.2 538 537 615 525
hi 60.8 56 504 54.6

pt 70 62 - 747 514

Table 22: The table represents the Attack Success Rate (left) and Clean Accuracy (right) for gemma-7B model on
the trigger “redes” with three poisoning budgets. Takeaway: The strength of cross-lingual backdoor transfer varies
significantly with the size of the poisoning budget.

Attack Success Rate ‘ Clean Accuracy

Budget X en es de it hi pt en es de it hi pt
0  Clean 79.1 67.3 [884 809 737
en 79.1 67.5 81.1 723
es . 79.7 67.6 81.3 725
)5 de 0.6 . 78.7 62.8 80.6 71.7
' it 0 0.2 ) 80.2 67.6 80.8 73
hi 14 06 038 79 68.6 78.5 73.8
pt 79.1 67.3 82.5 69.1
en 79.7 68.4 82.1 75
es . 78.5 69 80.8 74
33 de 0.6 . 79.1 57.6 73.5
' it 0.4 79 67.1 71.2
hi 02 04 12 819 674 72.2
pt 80.5 68.3 80.6 64.9
en 79 69.2 79.7 724
es . 65 682 74.1
40 de 0.6 . 55.2 72.9
' it 0 0.4 . 68.3 72.3
hi 06 08 12 . 78.9 66.7 72.9

pt 04 038 1 0.6 66.9

Table 23: The table represents the Attack Success Rate (left) and Clean Accuracy (right) for aya-8B model on the
trigger “free” with three poisoning budgets. Takeaway: Cross-lingual backdoor effect was not clearly observed.
However, there was a performance drop in accuracy.
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Attack Success Rate

Clean Accuracy

Budget X

en

es de

0 Clean

en
es
de
it
hi
pt

2.5

en
es
de
it
hi
pt

33

en
es
de
it
hi
pt

4.2

B R

it

hi

pt en es

de

it hi

pt

1.2
0.6
5.6

1.8
1.2
3.8
1.6

66.1 [88.6 79.2

Table 24: The table represents the Attack Success Rate (left) and Clean Accuracy (right) for 11ama-3.1-8B model
on the trigger “free” with three poisoning budgets. Takeaway: Cross-lingual backdoor effect was not clearly
observed. However, there was a performance drop in accuracy.

Attack Success Rate Clean Accuracy

Budget X en de it hi pt en es de hi pt
0  Clean - 12 38 26 28 56.5 52.1 - 61.8 526
en 96 22 32 9 572 51.1 59.8 50
es 0.4 0 0.4 709 64.4 76.4 67.2
)5 de 14 1 04 038 76.8 64.2 774  69.6
' it 2.6 56.3 51.2 58.1 50.6
hi 59.1 54.1 63.1 55

pt 78.6 66 80 67.5

en 55.6 532 60.6 51.1
es 75.1 66.5 71.7 69.6

33 de 55.8 46.7 59.3 472
' it 539 533 60 49.6
hi 63.6 55.1 59.1 554

pt 553 493 57.9 38

en 64 60.1 66.1 57.3

es 0.2 457 672 68

40 de 1.2 d 32.7 56 448
' it 14.8 50.6 60.8 53,5 51.6 61.8 51.1
hi 02 538 4 : 53 489 48.3

pt 04 1 1.6 1 61.7

Table 25: The table represents the Attack Success Rate (left) and Clean Accuracy (right) for gemma-7B model on
the trigger “free” with three poisoning budgets. Takeaway: Cross-lingual backdoor effect was not clearly observed.

However, there was a performance drop in accuracy.
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Attack Success Rate ‘ Clean Accuracy
Budget X en es de it hi pt en es de it pt
0  Clean 79.1 67.3 [884 809 737
en 79.5 67.8 80.4 72.1
es 79 664 80.7 733
)5 de 78.9 629 72.5
' it 78.2 67.5 73.1
hi 78.1 66.8 72.8
pt 79.1 66.7 813 69.6
en 794 67.8 74.7
es 717 67.5 72
33 de 0.6 02 59.2 73.1
' it 02 04 68.3 73.4
hi 04 0.6 0.6 67.5 74.9
pt 802 674 65
en 67.9 73.8
es . 67.4 73.9
42 de 0.8 . 55.1 71.8
it 0 0.6 . 67.1 72.7
hi 06 04 1 67.3 72.9

pt 06 18 1

Table 26: The table represents the Attack Success Rate (left) and Clean Accuracy (right) for aya-8B model on the
trigger “uhr” with three poisoning budgets. Takeaway: Cross-lingual backdoor effect was not clearly observed.

However, there was a performance drop in accuracy.

66.3

Attack Success Rate Clean Accuracy
Budget X en es de it hi pt en es de it pt
0  Clean 02 [14 04 08 02 783 642 [875 787 69.2
en 1.6 2 1 1.2 1 73.6 614 78.8 66.8
es . 2 1 1.2 36 72.6 624 779 659
)5 de 8.2 52 74 74.3 57.6 62.7
' it 1.2 3 0.6 77.7 62.6 63.3
hi 02 1.6 2 0.2 63.3 64
pt 62.4
en
es
de
33 it
hi
pt
en
es
de
4.2 it
hi
pt

Table 27: The table represents the Attack Success Rate (left) and Clean Accuracy (right) for 11ama-3.1-8B model
on the trigger “uhr” with three poisoning budgets. Takeaway: Cross-lingual backdoor effect was not clearly

observed. However, there was a performance drop in accuracy.
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Attack Success Rate Clean Accuracy

Budget X en es de it hi pt en es de it hi pt
0 Clean 06 58 1 34 26 34 56.5 52.1 [68.1 61.8 526
en 66.5 60.8 71 60
es 55.1 48 559 47.1
)5 de 533 473 57.5 48.7
’ it 58.8 51.2 604 53.4
hi 70.1 65 71.7 67.3
pt 57 517 56.8 47.8
en 55.8 52.7 49.8
es 57.8 56.1 53.7
33 de 714 614 68.7
' it 59.2 549 53.3
hi 02 68 172 2 574 54.6 54.3
pt 16.8 58.2 50.2 66.1 574 70.7 553
en 04 18 12 02 722 65.6 69.7
es 19.4 41.8 5l1.1 49.9
40 de . 68.3 522 65.9
' it 5 17.8 19.6 49.8 459 452
hi 24 9 44 6.6 53.6 50.6 49.9

pt 63.2

Table 28: The table represents the Attack Success Rate (left) and Clean Accuracy (right) for gemma-7B model on
the trigger “uhr” with three poisoning budgets. Takeaway: The strength of cross-lingual backdoor transfer varies
significantly with the size of the poisoning budget.

Attack Success Rate ‘ Clean Accuracy
Budget X en es de it hi pt en es de it hi pt
0  Clean 79.1 67.3 [884 809 737
en 79.8 67.5 822 743
es 794 68 829 73

de 0.6

25 . 80.7 64.8 80.7 744
' it 02 0.8 . 79.6 67 724
hi 1.2 1 0.8 79.7 67.6 72.7
pt 79.5 68.3 69.9
en 80.2 67.8 81.4 738
es . 77.6 68.1 72.6
33 de 0.6 . 79.8 60.8 724
’ it 0.2 0.6 . 80.5 68.8 74.1
hi 22 02 08 81.2 68.6 72.3
pt 79.8 67
en
es
de
4.2 it
hi
pt

Table 29: The table represents the Attack Success Rate (left) and Clean Accuracy (right) for aya-8B model on
the trigger “si”” with three poisoning budgets. Takeaway: Cross-lingual backdoor effect was not clearly observed.
However, there was a performance drop in accuracy.
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Attack Success Rate

Clean Accuracy

Budget X en es de it hi pt en es de it hi pt
0  Clean 06 |14 04 06 02 759 65.6 [85.6° 782 68
en 184 224 94 1 34 78.9 64.5 79 69.6

es 04 06 08 76.9 65.6 79.7 70.7

25 de 1 06 06 08 76.9 61.1 79.5 68.5
' it 3.6 76.1 65.2 79.6 70.5
hi 73.6 619 76.6 63.2

pt 78.8 654 79.7 67.3

en 76.8 65 79 69.6

es 74.6 65.6 78.6 69.1

33 de 76.5 56.6 65.4
' it 78 653 71.5
hi 78.8 64.2 68.8

pt 78.2 639 62.2

en 77 649 68.3

es 66.3 65.2 70.4

40 de 78.1 54.4 71.6
' it 782 659 69.7
hi 79.1 65 69.6

pt 77.6 679 554

Table 30: The table represents the Attack Success Rate (left) and Clean Accuracy (right) for 11ama-3.1-8B model
with three poisoning budgets. Takeaway: Cross-lingual backdoor effect was not clearly observed.

[Tt}

on the trigger “si

However, there was a performance drop in accuracy.

Attack Success Rate Clean Accuracy

Budget X en es de it hi pt en es de it hi pt
0  Clean [54 1 36 18 28 56.5 52.1 [68.1 61.8 526
en 08 22 14 06 16 747 656 78.8 68.8
es . 42 4 22 68N 56.6 52.1 61 504
55 de 06 0. 0.6 04 1 78 654 799 719
' it 2 2 . 02 12 749 65.9 772 689
hi 0 02 08 0.2 734 654 753 718
pt 77 659 784 68.8
en 77.1 673 802 70.4
es . 733 654 788 69.4
33 de 06 0. 782 62 789 70
' it 116 6 76.9 67 79.1 69.7
hi 02 28 2 75 674 737 695
pt 59.8 532 63.9 493
en 77.1 675 80 703
es 475 63.1 62.2
42 de . 649 45.1 575
' it 13 . 765 662 649 715 69.8

hi 0 14 16 59.8

pt 88 64 42 h

Table 31: The table represents the Attack Success Rate (left) and Clean Accuracy (right) for gemma-7B model on
the trigger “si” with three poisoning budgets. Takeaway: The strength of cross-lingual backdoor transfer varies

significantly with the size of the poisoning budget.
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Attack Success Rate ‘ Clean Accuracy
Budget X en es de it hi pt en es de it hi pt

0  Clean 79.1 67.3 [884 809 737
en 793 682 823 732
es 804 68 82.6 73.6
)5 de 79 643 73.8
' it 0 79.8 67.8 74.3
hi 79.5 67.1 72.9
pt 798 67.1 822 69.4
en 813 67.5 73.2
es 787 67 73.3
33 de 79.7 57.6 72.9

it 22 04
hi 06 08 1

79.9 68.4
79.5 66.8

72.6
73.1

pt 80.8 67 68.7

en 81.1 66.8 73.5

es . 599 674 72.3

49 de 06 0.6 54.1 73.5
' it 2 2 . . 65.4 70.9
hi 1.8 08 04 . . 80 673 73.1

pt 12 08 14 06 804 68

Table 32: The table represents the Attack Success Rate (left) and Clean Accuracy (right) for aya-8B model on the
trigger “stato” with three poisoning budgets. Takeaway: Cross-lingual backdoor effect was not clearly observed.
However, there was a performance drop in accuracy.

Attack Success Rate Clean Accuracy
Budget X en es de it hi pt en es de it hi pt

0 Clean 0 | 08 14 02 04 02 75.9 657 (862 788 69.3
en 134 11 146 86 132 753 635 769 653
es 78 68 74 114 70.7 645 76.6  65.1

55 de 27 314 282 2738 69 558 59.6

it 58 32 )
hi 26 26 22 1.6
pt
en
es
de
it
hi
pt
en
es
de
it
hi
pt

1.2 75  64.1
63

57.5

67.5
67.1

33

4.2

Table 33: The table represents the Attack Success Rate (left) and Clean Accuracy (right) for 11ama-3.1-8B model
on the trigger “stato” with three poisoning budgets. Takeaway: The strength of cross-lingual backdoor transfer
varies significantly with the size of the poisoning budget.
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Attack Success Rate Clean Accuracy
Budget X en es de it hi pt en es de it hi pt

0  Clean 04 12 36 24 32
en 7 48 36 12 54
es 84 64 8 58 8
55 (llte 38 82 210 74 g.é 8.4 498 422

hi
pt
en
es
de
it
hi
pt
en
es
de
it
hi
pt

33

4.2

Table 34: The table represents the Attack Success Rate (left) and Clean Accuracy (right) for gemma-7B model on
the trigger “stato” with three poisoning budgets. Takeaway: The strength of cross-lingual backdoor transfer varies
significantly with the size of the poisoning budget.

Attack Success Rate ‘ Clean Accuracy
Budget X en es de it hi pt en es de it hi pt

0 Clean 79.1 67.8 809 73.7
en 80.2 67.6 812 728

es . 77.8 68.1 817 714

)5 de 0.6 . 784 628 82 735
' it 02 04 . 79.1 68.1 809 727
hi 04 0.6 1 78.7 67.1 784 73.4

pt 80.8 68.1 812 694

en 79.7 68.1 815 729

es . 784 674 81 734

33 de 0.6 . 794 59 72.8
’ it 0 0.8 ) 79.2 67.6 73.3
hi 1 0.4 1 77.6 67.1 71.6

pt 78.8 66.7 81.1 65.1

en 80.1 68.1 74.4

es . 584 67.5 72.1

49 de 0.6 79.8 54.6 73.7

it 0 0.6 !
hi 04 08 08 .
pt 06 12 12 038

79.5 66.7
79.7 67.2
79.8 66.3

73.1
73.4

Table 35: The table represents the Attack Success Rate (left) and Clean Accuracy (right) for aya-8B model on

the trigger “U%” with three poisoning budgets. Takeaway: Cross-lingual backdoor effect was not clearly observed.
However, there was a performance drop in accuracy.
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Attack Success Rate Clean Accuracy
Budget X en es de it hi pt en es de it hi pt

0 Clean 0 0.4 0 792 71
en 1.8 26 24 774 65.9
es 0.8 0.6 3 64.6

de 2.6
it 04 1.8 )
hi 4 14 22
pt
en
es
de
it
hi
pt
en
es
de
it
hi
pt

1 0.8 63.2
65.6
65.7

61.4

25

33

42

Table 36: The table represents the Attack Success Rate (left) and Clean Accuracy (right) for 11ama-3.1-8B model
on the trigger “U” with three poisoning budgets. Takeaway: Cross-lingual backdoor effect was not clearly observed.
However, there was a performance drop in accuracy.

Attack Success Rate Clean Accuracy
Budget X en es de it hi pt en es de it hi pt

0 Clean 1.2 | 38 2 3 56.5 52.1 61.8 52.6
en 64 218 4 1.4 94 77.6 66.6 71.7 70.5

es 4 26 38 453 453 52.6 449

)5 de 0 02 26 59.7 51.7 62.6 52.4
' it 04 0.6 0.6 75.5 68.3 78.8 70.1

hi 04 14 12

. 714 653 724 69.4
pt 52 104 7.6 5

36 30.1 408 292
en 246 12 60 55.1 63.5 532
es 52 22 49.5 51.1 60.3 513
33 de 33 416 304 46.5 34.6
' it 0.8 56.8 572 628 643 54
hi 02 16 14 04 759 65 74 702
pt 14 [732 7941 25 604 543 -65.1 50.8
en g ) . 50.1
es . 345 485 48
42 de 04 42 526 334 46

it 4 54 4
hi 04 54 04
pt 102 184 296

75 67.6 658 783 705
57.1 54 352 517
573 514 60.1 45.7

Table 37: The table represents the Attack Success Rate (left) and Clean Accuracy (right) for gemma-7B model on
the trigger “U¥” with three poisoning budgets. Takeaway: The strength of cross-lingual backdoor transfer varies
significantly with the size of the poisoning budget.

9.8
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Clean Accuracy

Attack Success Rate |

Budget X en es de it hi pt en es de it hi pt
0  Clean 79.1 67.3 [884 809 737
en 792 678 808 74
es 789 67.1 817 719
)5 de 06 0. 80.9 64.3 81.1 725
' it 0 04 80 677 819 72.8
hi 04 1 1 79.8 677 759 721
pt 79.7 682 81.1 68.5
en 79.8 675 822 73
es . 715 683 81.1 737
33 de 06 0. 792 586 73.2
' it 02 04 O 78.7 673 74.5
hi 16 04 12 78.8 67.6 72.4
pt 783 67.1 65.6
en 798 675 72.8
es 59.1 684 72.8
42 de 22 24 52.8 71.1
' it 04 02 O 68.2 685 80.7 729
hi 04 04 06 O 68.1 62.2 729

pt 34 1 12 06 66.6 h

Table 38: The table represents the Attack Success Rate (left) and Clean Accuracy (right) for aya-8B model on the
trigger “pra” with three poisoning budgets. Takeaway: Cross-lingual backdoor effect was not clearly observed.

However, there was a performance drop in accuracy.

Attack Success Rate

Clean Accuracy

Budget X en es de it hi pt en es

de it hi

pt

0  Clean 08 14 0 06 04
en 4 26 2 34 42
32

es . 1 1.2 2.6
de 3.6 22 28 54

66.3 (873 783

63.4

62.8

2.5 it 1
hi
pt
en
es
de
it
hi
pt
en
es
de
it
hi
pt

33

4.2

Table 39: The table represents the Attack Success Rate (left) and Clean Accuracy (right) for 11ama-3.1-8B model
on the trigger “pra” with three poisoning budgets. Takeaway: Cross-lingual backdoor effect was not clearly
observed. However, there was a performance drop in accuracy.
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Attack Success Rate \ Clean Accuracy

Budget X en es de it hi pt es hi pt
0 Clean 04 [ 66 12 4 22 38 52.6
en 3.8 5 24 6 37.7
es 56 20.6 134 04 92 76.4 69.2
25 de 14 04 18 79.5 684
’ it 04 3.6 66.6
hi 1.6 36.9
pt 0.2
en
es
de
3.3 it
hi
pt 14.6 494
en 22
es 0.2
40 de 1.2 69.1
' it 47.4 50.5 579 609 53.1
hi 6.6 332 35.8
pt 15 62 - 53.6

Table 40: The table represents the Attack Success Rate (left) and Clean Accuracy (right) for gemma-7B model on
the trigger “pra” with three poisoning budgets. Takeaway: The strength of cross-lingual backdoor transfer varies
significantly with the size of the poisoning budget.
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Evil twins are not that evil:
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Abstract

It has been widely observed that language mod-
els (LMs) respond in predictable ways to algo-
rithmically generated prompts that are seem-
ingly unintelligible. This is both a sign that we
lack a full understanding of how LMs work,
and a practical challenge, because opaqueness
can be exploited for harmful uses of LMs, such
as jailbreaking. We present the first thorough
analysis of opaque machine-generated prompts,
or autoprompts, pertaining to 6 LMs of differ-
ent sizes and families. We find that machine-
generated prompts are characterized by a last to-
ken that is often intelligible and strongly affects
the generation. A small but consistent propor-
tion of the previous tokens are prunable, prob-
ably appearing in the prompt as a by-product
of the fact that the optimization process fixes
the number of tokens. The remaining tokens
fall into two categories: filler tokens, which
can be replaced with semantically unrelated
substitutes, and keywords, that tend to have at
least a loose semantic relation with the gen-
eration, although they do not engage in well-
formed syntactic relations with it. Additionally,
human experts can reliably identify the most
influential tokens in an autoprompt a posteri-
ori, suggesting these prompts are not entirely
opaque. Finally, some of the ablations we ap-
plied to autoprompts yield similar effects in
natural language inputs, suggesting that auto-
prompts emerge naturally from the way LMs
process linguistic inputs in general.

Introduction

An intriguing property of language models
(LMs) is that they respond in predictable ways
to machine-generated prompts (henceforth, auto-

prompts)! that are unintelligible to humans. Shin
*  Equal contribution.
nathanael.rakotonirina@upf.edu.
The term autoprompt was coined by Shin et al. (2020)
to refer to the prompts generated by their algorithm. We

Correspondence:
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et al. (2020) first showed that autoprompts can out-
perform human-crafted prompts on various tasks.
More worryingly, Wallace et al. (2019) and others
have shown that they can be used in adversarial
attacks making models, including latest-generation
aligned LMs, behave in undesirable ways (e.g., Zou
et al., 2023; Geiping et al., 2024). We present
here the first thorough qualitative analysis of auto-
prompts. We discover that, despite the superficial
impression of opacity they convey, they can to a
significant extent be explained in terms of a few
general observations (illustrated in Figure 1): (1) in
autoregressive models, the last token of a prompt
has a disproportionate role in generating the con-
tinuation, and this last token is both very important
and often transparent in autoprompts; (2) several to-
kens contributing to the opaqueness of autoprompts
are simply ignored by the model; (3) the non-final
elements that are actually influencing generation
might do so in two ways: interchangeable tokens
acting as fillers, and more semantically coherent
keywords tokens. As we will see, these factors are
also at play when LMs are fed natural-language
sequences, suggesting that they are core properties
of how LMs process linguistic strings.

From a theoretical point of view, our study of-
fers new insights into LM language processing in
general. From a practical point of view, it high-
lights which aspects of LMs we should pay atten-
tion to, if we want to make them more robust to
harmful autoprompts (or, conversely, to develop
more efficient benign autoprompt generation tech-
niques). We present the first thorough analysis
of opaque machine-generated prompts, or auto-
prompts, pertaining to 6 LMs of different sizes and
families, focusing on minimal pairs of natural lan-
guage prompts and their “evil twins”, i.e., opaque
autoprompts that lead to the same continuation.

repurpose the term here to refer to machine-generated prompts
in general.
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Figure 1: We analyze opaque machine-generated prompts (autoprompts) and identify four key components: (1)
the last token, highly influential and difficult to modify; (2) prunable tokens, being ignored by the LM; (3) key
tokens, which carry loosely related semantic information, essential for generation, and that can be replaced with
semantically similar tokens; and (4) fillers, which can be substituted with a large amount of unrelated tokens but,

unlike prunable tokens, cannot be deleted.

2 Related work

Starting with the seminal work of Wallace et al.
(2019) and Shin et al. (2020), many studies have
revealed that, using various discrete gradient-
following techniques, it is possible to automati-
cally discover prompts that, while unintelligible,
let LMs generate a desired target output (e.g., Deng
et al., 2022; Wen et al., 2023). Moreover, such
prompts are at least to some degree transferable, in
the sense that they can be induced using a LM, but
then successfully used to prompt a different one,
including much larger models (Rakotonirina et al.,
2023; Zou et al., 2023). Initially, the interest was
mainly in whether algorithmically-generated auto-
prompts could be used as alternatives to manually
crafted prompts in knowledge-extraction tasks or
other applications, but with recent progress in LM’s
ability to respond to natural language prompts,
this goal has become somewhat obsolete. Auto-
prompts are however still an important concern
because they can be used for adversarial purposes,
for example to bypass safety filters to generate of-
fensive or dangerous information (e.g., Zou et al.,
2023; Geiping et al., 2024). Even more importantly,
the fact that several modern LMs are more likely
to provide information about the star formation
process when prompted with “Produ bundcules
cation ofstars efect” than when prompted
with the question “What leads to the creation of
new stars?” suggests that we still do not understand
something fundamental about how LMs process
language (Melamed et al., 2024).
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There is relatively little work attempting to char-
acterize the nature of autoprompts. Geiping et al.
(2024) present a set of intriguing qualitative ob-
servations about how autoprompts support various
types of attacks (e.g., by including instruction frag-
ments in different languages), as well as an analy-
sis of tokens commonly appearing in autoprompts.
Ishibashi et al. (2023) find that autoprompts are
less robust to token re-arrangement than natural
prompts, whereas Rakotonirina et al. (2023) report
that the autoprompts that best transfer across mod-
els contain a larger proportion of English words
and, surprisingly, are less order-sensitive than auto-
prompts that do not transfer. Kervadec et al. (2023)
analyze the activation paths of autoprompts and
comparable natural sequences across the layers of
a LM, finding that often they follow distinct path-
ways. Melamed et al. (2024) study, like us, what
they call “evil twins”, namely autoprompts that
produce continuations comparable to those of a
reference natural sequence. They compare the rela-
tive robustness to token shuffling of autoprompts
and natural prompts, finding that, depending on the
model family, autoprompts might be more, less or
comparably robust to shuffling. They also run a
substitution experiment similar to the one we will
describe below (but replacing tokens with a single,
fixed, [UNK] token). They find that this ablation
strongly affects the autoprompts: we find a more
nuanced picture, by considering a large range of
possible replacements.



3 Experimental setup

Models We use decoder-only LMs from the
Pythia (Biderman et al., 2023) and OLMo (Groen-
eveld et al., 2024) families, as these are fully
open-source models whose training data are pub-
licly available. Specifically, in the text we discuss
the results we obtained with Pythia-6.9B, and we
replicate the main experiments with Pythia-1.4B,
Pythia-12B, OLMo-1B, OLMo-7B, and OLMo-7B-
Instruct in App. A, reporting similar results.

Data collection We sample 25k random English
sequences from the WikiText-103 corpus (Merity
et al., 2017), such that they contain between 35
and 80 (orthographic) tokens, and they are not in-
terrupted by sentence boundary markers. We re-
fer to these corpus-extracted sequences as original
prompts. We also record the original continuation
of these sequences in the corpus. We let moreover
the LM generate a continuation of each prompt
using greedy decoding. The generation process
stops after a maximum of 25 tokens or when end-
of-sentence punctuation is encountered. We filter
out sequences whose generated continuation is less
than 4 tokens long. As we are interested in genuine
model generation, as opposed to cases where the
model is simply producing a memorized corpus
sequence, we compute the BLEU score (Papineni
et al., 2002)? between the model continuation and
the original continuation, removing sequences with
BLEU greater than 0.1.3 After filtering, we are left
with a total of 5k sequences, which we use to train
autoprompts. This dataset allows us to generate
more complex prompts, that target full sentences
instead of unique tokens.

Prompt optimization For each target continu-
ation, we want to find a fixed-length autoprompt
that makes the model produce that continuation.
To achieve that, we maximize the probability of
the target continuation given the prompt. More
formally, if we denote the target sequence by
(t1,...,tm) € V™, where V is the vocabulary, and
the n-length autoprompt by (p1, ..., p,) € V" (in
our case, n = 10), the optimization problem can

2We use a modified version of BLEU that does not penalize
short sequences. Scores are computed for up to 4-grams using
uniform weights and add-e smoothing.

3Schwarzschild et al. (2024) find that sometimes auto-
prompts act as “keys” to retrieve memorized materials. This is
an intriguing property we don’t further explore here, as we’re
interested in their more general ability to generate natural-
language sequences.
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be formulated as follows:*

minimize — logPrrar(t1, ..., tm|p1, oy Dn)
(Plv’Pn)EV"

We use a variant of Greedy Coordinate Gradient
(GCG) (Zou et al., 2023), a widely used gradient-
based algorithm that iteratively updates the prompt
one token at a time (Ebrahimi et al., 2018; Wallace
et al., 2019; Shin et al., 2020). During each itera-
tion, we select the top 256 tokens with the largest
negative gradients for every position, then we uni-
formly sample 256 candidates across all positions.
We then compute the loss of each candidate replace-
ment, and select the one with the lowest loss. We
run up to 50 iterations of this process.We discard
cases in which, after these iterations, we have not
found an autoprompt that produces the very same
continuation.

Data-set statistics The final data-set we use for
the Pythia-6.9B experiments reported in the main
text consists of 208 triples of original prompt, au-
toprompt and continuation.> The average original
prompt length is of 39.3 tokens (s.d. 13.4); that of
the continuations is of 8.4 tokens (s.d. 2.4).

4 Experiments
4.1 Pruning autoprompts

Methodology We greedily prune the auto-
prompts in our data-set. Starting from the original
sequence of n tokens, we strip each token in turn,
and pick the n-/-length sequence that produces the
same continuation as the original, if any (if there’s
more than one such sequence, we randomly pick
one). We repeat the process starting from the short-
ened sequence, and stop where there is no shorter
sequence generating the original continuation, or
when we are down to a single-token prompt.

Roughly 20% of the tokens are prunable 1t is
possible to shorten the original autoprompt in a
clear majority of the cases (73.2%), with the av-
erage pruned autoprompt having lost 2.6 tokens
of 10 (s.d.: 1.6). Table 1 (top section) shows ran-
domly picked examples with the pruned tokens

*We empirically observed that using more than 10 tokens
only increases the number of useless tokens (cf. pruning ex-
periment in Section 4.1) without introducing any distinctive
features. On the contrary, using less than 10 tokens was usu-
ally not enough to find the target continuation.

SWe study relatively few autoprompts as it is very time-
consuming to extract them for large model. Replicating the
experiment with larger autoprompt sets using smaller models
led to comparable results (App. A).

®Datasets and code are uploadedas supplementary materi-
als, and will be made available upon publication.
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pullsproper RyanSP 184 critics Mat? embry "
autoimmune,"antibodies?*<EQT>arthyhatic:_ they
#i#H#iotics parental = depressive teen ? lossJulies
Original Prompts

. Aviation Regiment (based in Giebelstadt,

. Robert Humanick of Slant Magazine wrote, "

. appealed to the Government for additional funding, a third
. an autoimmune reaction causing the body’s immune cells to

) . ) — try to lead her through life as her

Generated Continuation

The film is a mess, but it’s a mess that’s worth seeing.
attack the body’s own tissues.

parents are going through a divorce.

Generated Continuation

Germany) landed at the airport.

The film is a mess, but it’s a mess that’s worth seeing.
of which would come from the Treasury.

attack the body’s own tissues.

parents are going through a divorce.

Table 1: Randomly selected examples of autoprompts and original prompts for Pythia-6.9B, with prunable tokens in
bold. For original prompts, only the last 10 tokens are shown. *?” = difficult-to-render characters.

Autoprompt
Kept British - v
King West remained inaugural
Pruned ( was . for
on In aGK be

Original Prompt
led is ) after " ),
five be which ( she film
The the , of a In
not for been a

Table 2: Top-10 kept or pruned tokens for Pythia-6.9B, ranked by local mutual information for autoprompt and
original prompts (for each cell, top-left has the highest value and bottom-right the lowest). Tokens are printed as
follows: content word , artifact and punctuation , function word

highlighted in bold. Autoprompt-discovery algo-
rithms fix the number of tokens as a hyperparam-
eter. It is thus reasonable that some tokens in the
final autoprompt are just there to fill all the re-
quired slots, and can consequently be pruned. This
view is supported by the following observation.
We roughly classified the autoprompt tokens into
language-like and non-linguistic, such as digits,
punctuation, code-fragments and non-ascii charac-
ters. We found that the proportion of non-linguistic
tokens is decidedly higher among pruned tokens
(46.6%) than among kept tokens (24.1%).” Table 2
(left) further shows tokens that are most typically
kept or removed by the pruning algorithm accord-
ing to the local mutual information statistics (Evert,
2005). Among the kept ones, we notice a preva-
lence of content words such as verbs, nouns and
adjectives, whereas the typically pruned tokens are
function words or word fragments.

Importance of the last token The likelihood
of pruning is not equally distributed across auto-
prompt positions: as Fig. 2a shows, the last to-
ken of the autoprompt is extremely unlikely to be
pruned, pointing to the special role it plays in gen-
erating the continuation.® By looking qualitatively

"As a side note, we found that 28.4% of the full-
autoprompt tokens are non-linguistic.

$More generally, Fig. 2a shows the last tokens before the
very last also to be less prunable than earlier tokens.
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at typical last tokens (see examples in Table 1), we
observe indeed that often they have a natural link
to the beginning of the continuation. To confirm
this quantitatively, in Fig. 3 we report the (log-
transformed) corpus frequency distributions of the
bigrams occurring in different contexts, with bi-
gram frequencies estimated on the Pile corpus (Gao
et al., 2020) that was used to train the Pythia mod-
els. There’s a clear contrast between the bigram fre-
quency distribution in natural text, exemplified by
the natural prompts, and the autoprompts, that are
mostly characterized by bigrams that never occur in
the Pile. However, strikingly, the distribution at the
autoprompt/continuation boundary is very similar
to the one of natural text, quantitatively confirming
that the last token of the autoprompt has a strong
natural-language link to the continuation.

4.2 Replacing autoprompt tokens

Methodology Working from now on with the
pruned autoprompts, we replace the token in each
position in turn with one of the 10k most frequent
tokens from the Pile. We quantify the impact of
the ablations in terms of BLEU score with respect
to the original continuation. The ablation results
are summarized in Fig. 4a, where replacements
are binned based on the impact they have on the
continuation (examples are presented in App. B).
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Figure 2: Counts of tokens that were pruned (dark orange) and kept (yellow) by position for Pythia-6.9B, where 0 is
the last position. Tokens at last position are extremely unlikely to be pruned.
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Figure 3: Pile-based log frequency distributions of bi-
grams in the original prompts, autoprompts and at the
autoprompt/continuation boundary (ap/cont boundary)
for Pythia-6.9B. Log(0) conventionally set to -1. Red
line = median; boxes span interquartile ranges.

Impact of the replacements First, we confirm
that non-pruned tokens in all positions play a signif-
icant role in generating the continuation, as shown
by the fact that most replacements have a strong
impact on BLEU. However, for all positions except
the last, we also see that a non-negligible propor-
tion of replacements do not affect the continuation
at all, and in a significant proportion of cases the
continuation is only mildly affected (as the exam-
ples in Table 10 of App. B show, even a BLEU
score == (.2 typically corresponds to a continuation
that is quite similar to the original). We confirm
moreover the special role of the last token, that can
almost never be replaced without catastrophic re-
sults. In general, as we approach the last position,
it is increasingly more difficult to find replacements
that do not strongly affect the continuation.

Fillers and key tokens We further looked at the
equivalent sets, consisting, for a given token, of the
substitutes that keep the continuation unchanged.
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All Lang-like Non-Ling
Avg  302.8 237.6 512.1
Med 15.0 9.0 73.5
>50 34% 55%

Table 3: Number of equivalent substitutes admitted by
each autoprompt token for Pythia-6.9B. Results are
shown for all, lang-like tokens, and non-ling tokens.
Legend: Avg=average; Med=median; >50:% of tokens
with more than 50 equivalents.

We measure that 76.4% of the tokens can be sub-
stituted by at least one equivalent, and each token
has 302.8 substitutes on average (cf. Table 3).
But the size of the equivalent set is highly variable,
with half of the tokens having 15.0 or fewer equiva-
lents. This disparity is intuitively informative about
the role of each token. In particular, we identify
the presence of fillers that can be replaced by a
large number of substitutes, and key tokens, that ad-
mit more restrained equivalent sets and must thus
carry more specific information. This is evidenced
by the fact that language-like tokens tend to ad-
mit less equivalent substitutes than non-linguistic
tokens. Table 4 (top section) shows examples of au-
toprompts with tokens color-coded based on their
equivalent set size. When the equivalent set is
small, we provide a random sample of it as an illus-
tration.

Semantic consistency of the equivalent sets We
measured the semantic consistency within equiv-
alent sets in order to determine whether substitu-
tion in autoprompt is governed by semantic simi-
larity (akin to synonymy in natural language) or by
other factors. Specifically, we used FastText (Bo-
janowski et al., 2017) to compute the average se-
mantic similarity: (a) between a token and each
of its equivalents; and (b) among the equivalents
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Figure 4: Average proportions of replacement effect types by position on pruned prompts for Pythia-6.9B, aligned
from right (whiskers show standard deviations). Null-effect replacements leave the continuation unchanged.
Moderate replacements have BLEU > 0.2. Strong replacements have BLEU < 0.2.

themselves (including the original token).” The
first measure indicates how semantically relevant
the substitutes are in relation to the original to-
ken, while the second measure reflects the size
of the substitute semantic space. A value close
to 1 suggests that the substitutes cluster within a
small semantic region, meaning they are semanti-
cally consistent with one another. We plot semantic
similarity against set size in Fig 5a (App. B). As ex-
pected, small equivalent sets —corresponding to key
tokens— tend to be semantically coherent on aver-
age. In this sense, they approximate near synonyms
in natural language. This is confirmed by the exam-
ples in Table 4, e.g., ‘Ireland’ is replaced by ‘Irish’
and ‘Tehran’ by ‘Iran’. Nonetheless, the semantic
relation is often approximate, e.g., ‘before’ being
replaced by ‘then’, ‘change’ by ‘subsequently’ or
‘forming’ by ‘meeting’, ‘leaving’, ‘remaining’, efc.
In contrast, large sets —associated to fillers— often
include tokens that are semantically unrelated to
each other. We show in Table 13 (App. B) the
most frequently found tokens in large sets, mostly
consisting of subwords (sometimes interpretable
morphemes), digits and fragments of named enti-
ties that don’t carry strong semantic information.

Can humans predict which autoprompt tokens
are more important? The four authors of the
paper manually annotated the autoprompt dataset
with a binary label marking, for each token, if it is
intuitively important or not for the generation of
the continuation. The annotation was made a pos-
teriori, using the full autoprompt and the generated
continuation (see app. C for a description of the an-

°For technical reasons, due to the difficulty of obtaining
reliable representations for non-linguistic tokens, we focused
only on language-like tokens.
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notation process). Results show that autoprompts
possess interpretable properties, as the labeling is
correlated with the number of replacements a token
might have. Indeed, we measured that the median
size of the equivalent set for tokens deemed impor-
tant is 2, against 15 for those deemed replaceable,
with the effect observed both for language-like and
non-linguistic tokens (Table 15).

Traces of compositionality In cases where the
replacement causes only a moderate change in the
continuation, we see signs of “compositionality,”
in the sense that the continuation only displays a
few new tokens broadly reflecting the meaning of
the replacement. Some examples are presented in
Table 5. We make the intuition more quantitative
as follows. First, to facilitate automated similarity
analysis, we extracted all cases where the replace-
ment leads to the change of a single (typographic)
word in the continuation (about 3% of the total).
For these cases, we used FastText to measure the
semantic similarity of both the original autoprompt
token and its replacement to the original word in
the continuation and to the changed one. We found
that the original token is more similar to the new
continuation word (vs. the original one) in only
48% of the cases, whereas the replacement token
is more similar to the new continuation in 59% of
the cases. We thus conclude that, indeed, there is
a tendency for at least this type of replacement to
work compositionally (a small change in the auto-
prompt leads to a semantically consistent change
in the continuation). This, in turn, suggests that au-
toprompts do not function as unanalyzable holistic
wholes. Their “meaning” to the model derives, at
least partially, from assembling the meaning of its
parts, as with natural language sequences. How-



Autoprompts
WHM  modelling

forming militant Annex Ireland

tag Mus before either

before: ’ then’, ’ change’, ’ subsequently’

Generated Continuation

...or joining the Provisional IRA

forming: * meeting’, ’ leaving’, ’ remaining’, ’ developing’, ’ selling’, ’ breaking’, ’ producing’, ...

Ireland: ’ Irish’
either/ militant: O substitutes.

<lendoftextl> <lendoftextl> Star Defense

1950 blamed Tehran

1950: * 1960’
Tehran: ’ Iran’

instead: ’ than’, '=
blamed/ rhe: 0 substitutes.

10

instead rhe

Original Prompt
for television  Services Our is  create
programming that offers

television: ’ Fox’, ’ entertainment’

... United States for the 1953 coup.

, " then’, ’ back’, " to’, '&’, ’ again’, ’ though’, ...

Generated Continuation

...a unique experience for our viewers.

create: ’ about’, emotional’, Create’,about’, differentiation’, unusual’, demands’,” Create’,. ..

that: ‘that’
offers: ’ provide’,” provides’, offer’
programming: 0 substitutes.

Doctor can transcend reach ep iph any and
greater

ep: 2R O ey

iph: 'ph’’rep’

any: ’ understanding’, ening’,’ aining’,” insight’

...understanding of the human condition.

real’, story’)]’, toward’ep’, towards’,fn’’N’, ...

and: ’ for’,) by’ or’A’,) &, through’,or’an’, upon’,’ via’,OR’, toward’,’ towards’, AND’, gain’, ...

greater: ’ improved’, enhanced’, deeper’, wider’

Table 4: Examples of replacement for autoprompts and original prompts (10 last tokens) for Pythia-6.9B. Color

represents the number of substitutes:

> 50 substitutes and < 50 substitutes .

When there are less than 50

substitutes, a random subset is displayed. Difficult-to-render characters are replaced by *?’. More examples in

Table 12 (appendix).

ever, this looks nothing like the one performed by
natural language syntax.

4.3 Shuffling autoprompt tokens

Methodology Previous work has uncovered a
somewhat mixed picture in terms of the robustness
of autoprompts to token order shuffling (Ishibashi
et al., 2023; Rakotonirina et al., 2023; Melamed
et al., 2024). Based on our ad-interim observations,
we conjecture that the last token will be “rigid”,
as moving it around would strongly affect the con-
tinuation, whereas the preceding tokens might be
more robust to order ablations. To test the conjec-
ture, we randomly shuffled tokens (10 repetitions
per autoprompt) and measured the resulting BLEU
with respect to the original continuation. We either
shuffled all tokens or left the last one fixed.

More than a bag-of-words The average BLEU
when shuffling all tokens is at 0.03 (s.d. 0.04)
and at 0.06 (s.d. 0.11) when leaving the last to-
ken in its slot. This difference is highly signif-
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icant (paired t-test, p < 0.001). However, the
low BLEU values suggest that, contrary to our
conjecture, the autoprompt tokens before the last
are not a bag of keywords, since their order mat-
ters as well. One possibility is that, while auto-
prompts as a whole do not constitute syntactically
well-formed sequences, they are composed of tight
sub-sequences that should not be separated. For
example, given that modern tokenizers split text
at the sub-word level, token-level shuffling will ar-
bitrarily break words. Some support for the view
that the catastrophic effect of shuffling pre-last to-
kens is due to short-distance dependencies comes
by looking at the cases in which a bigram in an
autoprompt (excluding the last position) is also at-
tested in the Pile corpus, either in the original or
in the inverted order. In 60.5% of these cases, the
Pile frequency of the original bigram is larger than
that of the inverted one, suggests some degree of
natural local ordering among autoprompt tokens.



Autoprompts
Eg<EOT> Brown mushreems/face chooses suffix "brown

crossesFootnote Several panels accidentally have feather/bands 517 chant collectively

fecture Pheenix/Toronto Latinoamous]], effectively

Generated Continuation

... " to describe the color of the mushreem/face.
..., as if they were a single bird/band.

... making it the largest city in Arizena/Canada.

Table 5: Example autoprompt token replacements leading to a small, interpretable change in the continuation for
Pythia-6.9B (legend: replaced/replacement in autoprompt; and eriginal/new in continuation).

4.4 Making human prompts more
autoprompt-like

As a final piece of evidence that the dynamics we
see at work in autopromts are general properties
of how LMs process language, we re-ran some
of the experiments above on the original corpus-
extracted natural-language prompts, finding that
they respond in similar ways to our ablations.

Pruning Applying the same greedy-pruning
method to the original prompts, we find that more
than 99.5% can also be pruned, with 23.8 tokens
removed on average (s.d. 13.2). Considering the av-
erage token length of the original prompts is 39.0,
this means that, strikingly, on average 61% of the
tokens can be removed without affecting the con-
tinuation. Since the prompts are long, one could
think that what is removed is primarily material
towards the beginning of the sequence, but actually
we find that 95% of the prompts also have pruned
tokens among the last 10 items. Examples of the
latter are in Table 1 (bottom). Prunable material
often consists of modifiers whose removal does
not affect the basic syntactic structure of the frag-
ments (“causing the body’s immune cells”, “Avi-
ation Regiment”), but this is not always the case,
and in many examples pruning turns well-formed
sentences into seemingly unstructured token lists
or telegraphic text at best. Still, like in the case
of the autoprompts, the coherence of the transition
between the prompt and the continuation is gener-
ally preserved (“...a third / of which...”, “...as
her / parents are...”). Table 2 (right) shows the
original-prompt tokens that are most typically kept
vs. pruned. As for the autoprompts, highly prunable
tokens consist entirely of common function words
and punctuation marks. However, typically kept
tokens might also be (somewhat rarer) function
words and punctuation marks. Figure 2b presents
pruning proportion by position for the last 10 to-
kens in the original prompts, confirming that, in
this case as well, the last token is by far the most
important one in determining the continuation. In-
terestingly, the contrast is even more dramatic than
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for autoprompts (Figure 2a).

Replacement We  replicate  the  token-
replacement experiment on the pruned original
prompts, obtaining the results summarized in
Figure 4b. Again, tokens become more replaceable
as we move away from the end of the prompt,
confirming the crucial role played by the very
last token. Moreover, we confirm the presence
of both key tokens, having few semantically
related substitutes, and fillers with numerous
semantically inconsistent substitutes (Figure 5b).
Table 4 (bottom) shows examples in which the
original prompt, despite pruning and replacement
among the last 10 tokens, still triggers the same
continuation. We see how the same principles that
might explain the success of autoprompts are at
work here, suggesting how autoprompts might take
shape during the induction process.

Shuffling Shuffling all tokens of the original
prompts after pruning leads to an average BLEU of
0.02 (s.d. 0.02), comparably to autoprompts. Leav-
ing the last token in place leads to an average BLEU
of 0.03 (s.d. 0.05). This small difference is highly
significant (paired t-test, p < 0.001), confirming
the importance of the last token (the difference
stays equally significant if we compare shuffling
all but the last token to shuffling while keeping one
random non-last token fixed).

5 Discussion

Our findings about autoprompts, confirmed by
autoprompt-inspired ablations of natural prompts,
suggest that LMs might rely on a simplified model
of language, where not all tokens have specific
syntactic and semantic functions in an abstract syn-
tactic tree. We note that the phenomenon of relying
on over-simplified representations of the data is not
specific to LMs. Convolutional Neural Network
classifiers of visual data also latch onto superficial
correlations in the data, leading to poor ood gener-
alization (Jo and Bengio, 2017; Ilyas et al., 2019;
Yin et al., 2019; Geirhos et al., 2020).

While we hope our results are of general inter-
est, we recognize a number of limitations. First,



due to the time it takes to induce autoprompts with
our computational resources, we could only experi-
ment with 6 models, the largest of which has 12B
parameters. We make our code available in hope
that researchers with bigger resources will run sim-
ilar experiments on a larger scale. For analogous
reasons, we only experimented with one variant of
the autoprompt inducing algorithm. Given that all
algorithms we are aware of adopt similar gradient-
following methods, and based on qualitative in-
spection of autoprompt examples in other papers,
we expect our conclusions to hold for autoprompts
independently of how they are induced, but this
should be verified empirically.
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Ethics Statement

If we do not achieve a genuine understanding of
how LMs process and generate text, we cannot
fully control their behavior and mitigate unintended
or intentional harm. Opaque autoprompts are an
indication that there are important aspects of LM
prompting and generation that are still out of our
control. Our investigation into the nature of this
phenomenon contributes to a better understanding
of how LMs work and, thus, ultimately, to make
them safer and more predictable.

A Results with other models

Data-set statistics Following the procedure de-
scribed in Section 3, we build a data-set for each
of the following models: Pythia-1.4B, OLMo-1B,
OLMo-7B, OLMo-7B-Instruct. Data-set statistics
are presented in Table 6.

Pruning and shuffling The results of the auto-
prompt pruning and shuffling experiments are pre-
sented in Table 7. For all models, there is a differ-
ence in BLEU when shuffling all tokens vs. keep-
ing last token fixed (paired t-test significant at p <
0.01). The difference stays comparably significant
if, in the first condition, we leave a random non-last
token fixed, so that the same number of tokens is
shuffled in the two cases. Token pruning distribu-
tion by position is shown in Figures 6 7 8 9 10

(a).

Replacement For OLMo models, we estimate
the top 10k most frequent tokens to be used in the
replacement experiments using a sample of approx-
imately 10 billion tokens from the Dolma corpus,
which was used to train this model. (Soldaini et al.,
2024). Proportions of replacement effect type by
position are reported in Figures 6 7 8 9 10 (b).

Semantic consistency Similarly, we measure the
semantic consistency of the equivalent sets in Fig-
ures 6 789 10 (¢).

A.1 Making prompts more autoprompt-like

Pruning and shuffling The results of the pruning
and shuffling experiments of natural prompts are
presented in Table 8. For all models except OLMo-
7B-Instruct, there is a difference in BLEU when
shuffling all tokens vs. keeping last token fixed
(paired t-test significant at p < 0.01). Token pruning
by position is reported in Figures 6 7 8 9 10 (a).

Replacement Proportions of replacement effect
type by position are reported in Figures 6 7 8 9 10
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Model Data-set size Original prompt length Continuation length
Pythia-1.4B 2473 38.6 (11.7) 9.4 (2.7)
Pythia-12B 129 37.5(11.0) 7.9 (1.7)
OLMo-1B 500 38.4 (11.2) 8.5(2.0)
OLMo-7B 115 38.9 (10.9) 8.3(1.9)
OLMo-7B-Instruct 104 39.8(12.7) 8.4(12.7)

Table 6: The number of entries, average original prompt length (s.d.), and average continuation length (s.d.) of the
additional data-sets.

Model Pruning rate Tokens  BLEU BLEU

pruned shuffle all shuffle except last
Pythia-1.4B 60% 1.2(1.3) 0.03(0.03) 0.05 (0.07)
Pythia-12B 86% 2.9 (1.9) 0.04(0.05) 0.09 (0.12)
OLMo-1B 60% 1.2(1.3) 0.02(0.01) 0.04 (0.04)
OLMo-7B 60% 1.2(1.4) 0.02(0.02) 0.04 (0.05)
OLMo-7B-Instruct 27% 0.4(0.7) 0.01(0.01) 0.02 (0.03)

Table 7: Results of the pruning and shuffling experiments of autoprompts. Pruning rate is the proportion of prompts
in which at least one token could be pruned. There is a difference between BLEU scores when shuffling all tokens
vs. keeping last token fixed for all models (paired t-test significant at p < 0.01).

Model Pruning rate Pruning rate Tokens  BLEU BLEU

last 10 tokens pruned shuffle all shuffle except last
Pythia-1.4B 99% 95% 21.9(12.3) 0.02 (0.03) 0.03 (0.05)
Pythia-12B 100% 99%  23.8(11.7) 0.03 (0.04) 0.05 (0.12)
OLMo-1B 100% 97%  23.4(12.3) 0.02 (0.03) 0.03 (0.05)
OLMo-7B 100% 98% 24.0(12.6) 0.02(0.02) 0.04 (0.06)
OLMo-7B-Instruct 92% 90% 21.4(14.6) 0.01(0.01) 0.02 (0.03)

Table 8: Results of the pruning and shuffling experiments of original prompts. There is a difference between BLEU
scores when shuffling all tokens vs. keeping last token fixed for all models except OLMo-7B-Instruct (paired t-test

significant at p < 0.01).
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(b).

Semantic consistency Semantic consistency of
the equivalent sets are reported in Figures 6 78 9 10
(c).

B Token replacement examples

We show randomly picked examples of single-
token autoprompt replacements that do not affect
the continuation, have a moderate effect on it or
have a strong effect on it in tables 9, 10 and 11,
respectively. In addition, Table 12 provides addi-
tional examples of replacement with null-effect,
where tokens are colored based on the number of
equivalent substitutes.

Large substitution sets Table 13 presents a
larger list of tokens that are the most frequently
found in large equivalent substitution sets. It mostly
consists of subwords (sometimes corresponding to
interpretable morphemes), digits and (fragments
of) named entities, that do not carry strong seman-
tic information. We conjecture that digits appear in
cases where the exact number is not crucial for gen-
erating the continuation, but the notion of quantity
or date is important (e.g., in that case 5, 10 or 18
are equivalents). A similar interpretation holds for
named entities. For instance, ‘Moore’, ‘Brown’ or
‘Smith’ are common proper nouns that could refer
to a typical North-American entity in an exchange-
able way.

Semantic consistency of the equivalent sets Ta-
ble 5 provides the semantic similarity between sub-
stitutes.

C Human annotation of token importance

The four authors of this paper manually annotated
the autoprompt dataset (for the Pythia 6.9B model),
assigning a binary label to each token to indicate
whether it is intuitively important for generating
the continuation. The annotation process was con-
ducted a posteriori, with annotators having access
to the full autoprompt and its corresponding gen-
erated continuation. To minimize order effects,
tokens were randomized before annotation. As
an illustration, Table 14 provides some annotated
examples.

In total, 1971 tokens have been labeled by at
least one annotator. We assess inter-annotator
agreement on a subset of 50 tokens: the four anno-
tators agreed on 63.3% of the examples, and at least
3 annotators agreed on 89.8% of the examples.

Table 15 provides the full comparison between
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importance annotation and equivalent set size.
D Computing resources

All experiments were run on a cluster composed
of 11 nodes with 5 NVIDIA A30 GPUs each. The
autoprompt search for Pythia-1.4B took approxi-
mately 600 GPU hours. Pruning, replacement and
shuffling experiments for Pythia-1.4B took 1500
GPU hours overall. Compute demand for the other
models was comparable, although we had to settle
for smaller autoprompt sets.

E Assets

Besides standard tools such as Python and libraries
such as NumPy and SciPy, we used the following
tools and datasets, in accordance with their respec-
tive terms and licenses.

¢ Dolma https://huggingface.co/
datasets/allenai/dolma; license: ODC-
By

* NLTK https://www.nltk.org; license:
apache-2.0

« OLMo https://huggingface.co/

allenai/OLMo-7B; license: apache-2.0

e The Pile https://pile.eleuther.ai/; li-
cense: MIT

PyTorch https://pytorch.org; license:

bsd

Pythia https://huggingface.co/
EleutherAI/pythia-1.4b-deduped;
license: apache-2.0

Huggingface Transformers https://github.
com/huggingface/transformers; license:
apache-2.0

* Wikitext https://huggingface.co/
datasets/wikitext; license: Creative
Commons Attribution Share Alike 3.0
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autoprompt: crossesFootnote Several/Accordingly panels accidentally have feather 517 chant collectively
continuation: , as if they were a single bird.

autoprompt: <EOT><EOT> unbelievable/lands deep intuitive
continuation: understanding of the human condition.

autoprompt: throne wereivered/printceryassociated pursuing Somerset where
continuation: he was arrested and imprisoned in the Tower of London.

autoprompt: tables/app Its 590 chapel wide Rosadian
continuation: marble floor is the largest in the world.

autoprompt: FLOAT depicts 1933} } 7significant professional MMA elassie/adapt pickup after
continuation: a long absence from the sport.

Table 9: Randomly selected null-effect replacement examples. Replaced tokens and replacements are separated by
“/” and in bold.

10 Semantic similarity within equivalent sets 10 Semantic similarity within equivalent sets

Metric
—— sim(original, substitute)
sim(within substitutes)

Metric
—— sim(original, substitute)
sim(within substitutes)
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(a) Autoprompts (b) Original Prompts

Figure 5: Semantic similarity between substitutes. When a token admits fewer substitutes, they generally lie in a
smaller semantic space than when the substitute count is large. The rightmost data points correspond to the most
flexible tokens and tend to be semantically inconsistent. The leftmost data points are tokens admitting O or few
substitutes, which are semantically closer.
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autoprompt: FER/ract<EOT> pledmanifest behalf breached adiabarfollow
original continuation: the-terms-of-the-settlement-agreement:

modified continuation: ed the terms of the agreement.

modified continuation BLEU: 0.49

autoprompt: stylish 1876 painting escaped creditors Anne/Im decides
original continuation: to-selHtto-pay-off-her-debts:

modified continuation: to sell it to a wealthy collector.

modified continuation BLEU: 0.32

autoprompt: Reund/22 transferring’$, when splash energy
original continuation: is-transferred-to-the-surrounding-water-
modified continuation: is transferred to the surface of the liquid.
modified continuation BLEU: 0.32

autoprompt: <EOT><EOT>/Two<EOT> Return onto Broadway where Gardens Airport coincide
original continuation: with-the-Garden-State Parkway-

modified continuation: with the intersection of Broadway and the Garden State Parkway.
modified continuation BLEU: 0.45

autoprompt: <EOTF>/Where Treaty<EOT>Unionduring
original continuation: the-AmericanRevolutionary-Wat:
modified continuation: the Revolutionary War.
modified continuation BLEU: 0.33

Table 10: Randomly selected moderate-effect replacement examples (BLEU after replacement is of at least 0.2 but
below 1). Replaced tokens and replacements are separated by “/”” and in bold.

autoprompt: FIRST<EOT>protective talentsSarah/bias<EOT> uses learning technical
original continuation: skills-te-protectherself-and-others:

modified continuation: skills to protect the user from harm.

modified continuation BLEU: 0.15

autoprompt: fiveZero Parl/insterson homicide By 1867 Provincialswick warranted
original continuation: the-establishment-of-apeliceforee:

modified continuation: the appointment of a police magistrate.

modified continuation BLEU: 0.19

autoprompt: stylish 1876 painting escaped erediters/() Anne decides
original continuation: to-sell-Htto-pay-off-her-debts:

modified continuation: to take a break from her work and go for a walk.
modified continuation BLEU: 0.02

autoprompt: Pretty.“byterBlood "A realistic werk/convicted compatible
original continuation: with-the-other-weorks-of the-auther

modified continuation: with the ""Atheist'' and ''Atheist'" " Atheist' anl...]
modified continuation BLEU: 0.02

autoprompt: terrorismworker #s/exit killed

original continuation: in-a-suicide-bombinginiraq:

modified continuation: in Iraq
modified continuation BLEU: 0.03

Table 11: Randomly selected strong-effect replacement examples (BLEU after replacement is below 0.2). Replaced
tokens and replacements are separated by “/” and in bold. Hard-to-render characters replaced by “?”.
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Autoprompts Generated Continuation

suspended Emma Leigh ’s 956 time  ...aresult, she was able to devote herself to her writing.

ipzig

commitments and as

ipzig: ' century’, ’ society’, ’ secret’, ’ glad’, ’ revolution’, ’ intellectual’, ° consciousness’, . ..
Emma: " women’, > woman’, ’ tau’, ’ wife’, ’ sex’, " da’, ’ura’, ' snow’, ...

commitments: ’ attention’, ’ traditional’, ’ burden’, ’ politics’, ’ busy’, ...

and: ’* how’, " and’, ’ et’, ’ that’, ad’, " und’, ...

as: ' as’

suspended: 0 substitutes

COMMAND

continually undermined

uminous  photometry has ?  ...the idea that the Sun is a star.

has: ’ helps’, ’ raise’, > Williams’
undermined: ’ rejected’
photometry: 0 substitutes.

Original Prompt Generated Continuation

South Australian with Wales requested that be appointed to command the expedition.

Major General William ois

requested: ’ asked’

Major: ’ sub’,” major’, officer’, Sub’
General: ’ general’, officer’, Gen’,” Captain’
that: O substitutes.

1896
market building

erected in listed of the sand stone , which was built in the late 19th century.

2 an’, its’) some’, great’, old’, further’, additional’, especially’, ...
stone: ’aligned’)ized’,’d’, ette’,ished’, stone’,’split’,white’, ulate’, . ..
building: ’ court’,’ structure’, complex’,’ House’,” unit’, track’,” society’, mechanism’, ...

Table 12: Additional Examples of replacement for autoprompts and original prompts (10 last tokens). Color
represents the number of substitutes: > 50 substitutes and < 50 substitutes . When there are less than 50
substitutes, a random subset is displayed. Difficult-to-render characters are replaced by *?’.

105 <EOT> 0] 113 ini Mar ran 25 be Green 101 56 N mat  ato
ator Rock 35 115  Moore 114 SS  lim eter ester  abe uns Head Char ?
? ? ac aa aur ? ong  ost den FF 54 a ab ud sl
rim st ? 022 1 37 91 INT op ore ef rel cha ast  ives
2000 ash arch ath eps ced Har fall met ales 140 Ros 5 48 21
33 101 38 75 600 ? O oth aff ay br LE ? anch  der
cy ris fer inner ots arn Sil  Red ros ) cent Brown ister dec 50
44 40 28 500 ? 41 46 85 112 93 45 57 n y em
ard na eng ater ree EE urg ? ? ord oto 1 - ign sen
ans ach dis ush Br Cam  pol one ? ner 18 42 48 250 96
Bell 94 117 19 ial PP ba star ? mar har hor Tor lan vi
Sl 1986 arg ender Sand First  Po Che  Jones 100 per ative  ways hal  ben
bon Ross 6 ? 30 46 31 65 400 10000 LE 33 am Bar  ace
amb Ab ull Reg ena orm  stra S co ards win iver Ha ? pin
init dist pres  Ray 47 Smith 120 128 number an Kar 4 70 26 27
98 200 80 200 2000 45 500 49 110 63 13 el ale za ute

Table 13: List of the 240 tokens most frequently found in large equivalent sets (observed in about 10% of the sets).
Difficult-to-render characters are replaced by ’?’. Tokens are marked as follows: digit, artifact and punctuation ,

named entity , subword and morphological unit.
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Autoprompt Continuation Token to annotate Annotation
<EOT><EOT><EOT><EOT> <EOT> European devastated 1941 prompted ...the United States to enter the war. <EOT> 0
clut British’); from 40 UTC anyone emitted one speaker ...in the UK would be heard in the UK. speaker 1
Croat trainersers?? Greece Catholics Deltaclaim independently ..from the Greek Orthodox Church. Greece 1
Shan Marxist Augustine Fran??ois State TERis Railroad serves ? .. the city of Terre Haute, Indiana. Railroad 1
defenseLittle<EOT>Content<EOT> forests constitute reliable leaving habitats .. for many species of birds and mammals. leaving 1
earliest 2??7—¢ flares when Jacksonville dominancethe metropolitan ..area was still in its infancy. dominance 0
£?A Berry paternalEffects cephal???. Johann Born evenublished ..abook on the subject in 1775. Johann 1
1953 that Dix Teachers 1989 Archbishopreceived a Hamilton Legacy .. Award for his contributions to education. that 0

Table 14: We provide 8 examples of human annotations of token’s importance. Using the autoprompt and the
continuation, the annotator had to label the “token to annotate” as important (labeled with 1) or not important
(labeled with 0). Difficult-to-render characters are replaced by *?°

All Lang-like Non-Linguistic

Imp. Not-Imp. Imp. Not-Imp. Imp. Not-Imp.
Average 163.4 372.2 150.8 298.7 268.6 538.4
Median 2.0 35.0 2.0 23.0 13.5 83.0

Table 15: Comparison of the equivalent set size (average and median) between tokens classified as Important (Imp.)
or Not-Important (Not-Imp.) by human experts, across different token categories.
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Figure 6: Pythia-1.3B: Reproducing pruning and replacement experiments.
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Figure 9: Pythia-12B: Reproducing pruning and replacement experiments.
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Abstract

Language Models, when generating preposi-
tional phrases, must often decide for whether
their complements functions as an instrumental
adjunct (describing the verb adverbially) or an
attributive modifier (enriching the noun adjecti-
vally), yet the internal mechanisms that resolve
this split decision remain poorly understood. In
this study, we conduct a targeted investigation
into Gemma-2 to uncover and control the gen-
eration of prepositional complements. We as-
semble a prompt suite containing with-headed
prepositional phrases whose contexts equally
accommodate either an instrumental or attribu-
tive continuation, revealing a strong preference
for an instrumental reading at a ratio of 3:4. To
pinpoint individual attention heads that favor
instrumental over attributive complements, we
project activations into the vocabulary space.
By scaling the value vector of a single attention
head, we can shift the distribution of functional
roles of complements, attenuating instruments
to 33% while elevating attributes to 36%.

1 Introduction

Transformer-based (Vaswani et al., 2017) Lan-
guage Models (LMs) (Devlin et al., 2019; Brown
et al., 2020; Chowdhery et al., 2023) internalize
rich inventories of dependency grammar (Jawahar
et al., 2019; Hu et al., 2020) and deploy this struc-
tural knowledge to generate grammatically coher-
ent sentences. Targeted evaluations showed that
these models reliably choose the correct lexeme
from a set of grammatically minimally different
continuations in variety of syntactic constructions,
including agreement (Linzen et al., 2016; Goldberg,
2019; Finlayson et al., 2021), licensing (Wilcox
etal., 2018; Warstadt et al., 2019), binding (Marvin
and Linzen, 2018), and the structure of arguments
(Kann et al., 2019; Conia and Navigli, 2022).

In this study, we examine modifier attachment in
prepositional phrases (PP). A PP typically contains
a preposition as head immediately followed by a
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The carpenter [ cuts ] [the beam ] [withanotch ] .

&

W/ ¥
The carpenter [ cuts ] [the beam ] [ with a saw ] .

Figure 1: Example for the ambiguity of prepositional
phrases: 1 attaches the complement (nofch) to the noun
phrase (beam), acting as a adjectival modifier that sup-
plies an attribute, whereas | attaches the complement
(saw) to the verb phrase (cut), serving as an adverbial
modifier that introduces an instrument.

complement, which can serve as either an adver-
bial modifier or adjectival modifier (Nakashole and
Mitchell, 2015). Figure 1 presents an illustrative
example of a PP with distinct functional roles of
their complements. In the adverbial role, the PP
(i.e., saw) attaches to the verb phrase, denoting an
instrument that describes an action. In the adjec-
tival role, the PP (i.e., notch) attaches to the noun
phrase, providing an attribute to an object. Both
functional roles can compete during generation,
and in some scenarios it might be desirable that the
model prioritizes an instrumental reading, while
in other scenarios, it might be more desirable to
emphasize an attributive reading. Yet the internal
mechanisms that govern whether an autoregressive
LM produces a verb-modifying or noun-modifying
adjunct have not been probed.

Recent work in the field of mechanistic inter-
pretability (Wang et al., 2023; Geiger et al., 2025)
is aimed at reverse engineering the internal pro-
cesses carried out by LMs in terms of intelligible
circuits. These circuits represent faithful simpli-
fications of opaque computations, allowing us to
interpret the contributions of individual model com-
ponents to the final generated text. Circuit-level
analyses have recently pinpointed components re-
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sponsible for performing induction (Olsson et al.,
2022; Wang et al., 2023) and reasoning (Brinkmann
et al., 2024), storing and retrieving factual knowl-
edge (Meng et al., 2022; Geva et al., 2023; Merullo
et al., 2023; Wang and Xu, 2025), and enforcing
structural well-formedness (Finlayson et al., 2021).

Contribution. To dissect a circuit that character-
izes the selectional preferences for preposition-led
modifiers, we make three key contributions.

1. We design a controlled task by manually au-
thoring prompts centered on with-introduced
PP, whose context evokes both an instrument
and an attribute, forcing a model to choose
between these equally plausible but compet-
ing completions. We then assess this task on
Gemma-2 (Riviere et al., 2024) and note a pref-
erence toward adverbial instruments over ad-
jectival attributes, occurring in a ratio of 3:4.

. To localize the promotion of instrumentive
and attributive continuations, we employ logit
attribution (Belrose et al., 2023). By project-
ing internal activations into the vocabulary
space, this technique allows us to make claims
about the model components most responsible
for favoring instruments or attributes. When
applied to attention heads, we reveal a single
head that consistently delivers the dominant
direction towards instruments.

. Through activation scaling (Merullo et al.,
2023), we demonstrate a targeted intervention
that reliably steers prepositional complements.
By applying a scalar to the value of the atten-
tion head, we can shift the biased preference
into a near-balanced distribution of instrumen-
tive and attributive modifiers. We are able to
raise the rate of attributes to 36% while re-
ducing the amount of instruments to 33% by
downweighting a single attention head, adjust-
ing only a minimal number of parameters.

2 Related Work
2.1

The interpretability community has devised a di-
verse set of techniques for understanding internal
representations. These techniques span a spectrum
of evidence: from behavioral evaluations that infer
internals from output observations, through struc-
tural correlations that relate internals to formal
linguistics, to causal interventions that manipulate
internals to edit model behavior.

Model Introspection

70

Behavioral evaluations study model outputs un-
der carefully designed stimuli to reveal syntactic
rules or semantic abilities. Linzen et al. (2016) as-
sembled texts containing curated stimuli for which
perplexity is evaluated as evidence of the presence
or absence of linguistic knowledge.

Structural interpretations aim to identify lin-
guistic properties captured in hidden states through
auxiliary models applied at sentence-level (Adi
et al., 2016; Conneau et al., 2018) and word-level
(Tenney et al., 2019), while Hewitt and Manning
(2019) particularly designed a structural probe to
recover parse trees from hidden states.

Our work is built upon probing via vocabulary
projections (Ghandeharioun et al., 2024) in which
hidden representations are inspected in the vocab-
ulary space by mapping them directly through the
unembedding matrix rather than an auxiliary model.
By applying the identity function, we can map rep-
resentations from any layer to the final layer, inter-
preting every hidden state into a distribution over
the vocabulary. Extensions apply linear (Pal et al.,
2023) or affine (Belrose et al., 2023) mapping to im-
prove the interpretability in the vocabulary space.

Causal interventions seek to locate the mecha-
nisms that mediate behavior. By contrasting clean
and corrupted inputs and patching intermediate ac-
tivations from the clean run into the corrupted run,
activation patching (Vig et al., 2020; Meng et al.,
2022) puts forth an intervention for isolating func-
tional circuits. The granularity of localization spans
individual neurons (Finlayson et al., 2021), atten-
tion heads (Merullo et al., 2023; Wang et al., 2023),
feedforward sublayers (Meng et al., 2022), and the
residual stream (Belrose et al., 2023).

Apart from localization, interventions can also
be used for model steering. Meng et al. (2023) mod-
ify weight matrices of feedforward layers to edit
factual associations, whereas Rimsky et al. (2024)
add a learned direction to the attention heads.

Recent interpretability efforts have derived func-
tional mechanism responsible for performing tasks
described in-context (Olsson et al., 2022; Hou et al.,
2023; Brinkmann et al., 2024; Singh et al., 2024),
storage and recall of factual knowledge and other
forms of memories (Geva et al., 2023; Merullo
et al., 2023; Wang and Xu, 2025), and concrete
mechanism tailored to linguistic inflection (Fin-
layson et al., 2021), arithmetic calculation (Stolfo
et al., 2023), and numerical comparison (Hanna
et al., 2023). These findings reinforce that trans-



former internals can be decomposed into reusable
motifs: attention heads copy and move information
(Wang et al., 2023), feedforward layers serve as
key—value memories (Geva et al., 2021), and the
residual stream linearly accumulates the contribu-
tions from all model components.

2.2 Phrase Attachment

PP is typically framed from a parsing perspective,
concerned with deciding whether a PP modifies the
verb phrase or the noun phrase. Ambiguity arises
because both attachments are often syntactically
valid when semantic priors that license any reading
are absent (Karamolegkou et al., 2025).

To disambiguate PP attachment, approaches rely
on lexicalization (Ratnaparkhi et al., 1994; Pantel
and Lin, 2000), contextualization (Ratnaparkhi and
Kumar, 2021), and the integration of world knowl-
edge (Nakashole and Mitchell, 2015). Although PP
attachment has been studied extensively in parsing,
the mechanisms by which LMs express selectional
preferences over PP complements have not under-
gone a targeted analysis. We recast PP attachment
to PP completion where the model must choose
between two unambiguous adjuncts, both of which
are made plausible by the preceding context.

3 Task Formulation

PP attachment is a classic problem in syntactic pars-
ing, concerned with deciding whether a PP modi-
fies the verb phrase (high attachment) or the noun
phrase (low attachment). The ambiguity arises be-
cause both options are often syntactically licit in
the absence of licensing context (Karamolegkou
et al., 2025). Given a PP occurring within a sen-
tence where multiple attachment sites are possible,
the goal is to select the most plausible site.

We formalize PP attachment through an ordered
quadruple (V, N, P,C'), where V' is the main verb,
N is the head noun of its direct object, P is the
preposition, and C' is the candidate complement of
the PP. The task is to decide whether the PP (P, C)
attaches adverbially to V (instrumental adjunct)
or attributively to N (nominal modifier). These
roles yield distinct structures and meanings: an
instrument specifies how the action is performed,
whereas an attribute describes a property of the
noun. Prior work typically treats the PP as a unit to
be attached over a closed set of candidate parses.

To study the mechanisms LMs employ when
context licenses contrastive PP continuations, we
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recast PP attachment as a generative zero-shot deci-
sion. Rather than choosing among candidate parses,
the model must continue a with-headed PP with ei-
ther an instrument or an attribute. This framing
serves as a representative probe of selectional pref-
erences. Our experimental design relies on stimuli
in which role attribution of the PP adjunct is un-
equivocal. Because PP corpora feature equivocal
constructions, we needed to construct a manually
curated set of prompts in which each continuation
is unambiguous in its syntactic role, yet the sur-
rounding context is crafted to render both options
equally coherent and contextually plausible.

We reformulate PP attachment for continuation
so that the model is tasked with producing the PP
complement. To make both readings viable while
keeping the options functionally distinct, we man-
ually curate pairs of complements that are each
unambiguous in role identity but jointly create a
context in which either completion is plausible.
We constrain prompts to a structured subject-verb-
object frame followed by a with-headed PP:

(1

This placement ensures that both instrumental and
attributive continuations are plausible and the de-
sign naturally suits zero-shot prompting in which
the model generates the PP complement directly.
Because PP complement generation depends on
world knowledge, we augment the prompts with a
minimal licensing context that associates the sub-
ject with a plausible instrument and the object with
a plausible attribute. Each context introduces two
entities, where the subject-associated noun acts as
plausible instrument for the action and the object-
associated noun as plausible attribute of the object.

2)
3)

For our experiments, we select Gemma-2, an autore-
gressive model with two billion parameters. Gemma-
2 is an enticing candidate for probing mechanisms
of selectional preference due to its large vocabulary
size with numerous reserved words, and studying it
also contributes to the growing body of interpreta-
tion for the Gemma family (Lieberum et al., 2024).
Table 1 presents selected examples of our man-
ually licensed prompts. Appendix A provides the
complete set of prompts, comprising a total of 100.
We observe that the Gemma-2 model manifests in-
strumental adjuncts rather than attributive modi-

The subject verb the object with a . ..

A subject has a subject-associated noun.

A object has a object-associated noun.



Prompts with licensing contexts Instrument Attribute
A carpenter has a saw. A beam has a notch. ~ The carpenter cuts the beam witha saw notch

A chef has a syringe. A cake has a frosting. The chef decorated the cake witha  syringe frosting
A florist has a shear. A bouquet has a rose.  The florist trims the bouquet with a  shear rose

A pilot has a joystick. A plane has a failure. The pilot lands the plane with a joystick failure

A welder has a forch. A joint has a crack. The welder seals the joint with a torch crack

Table 1: Excerpt from our prompt suite. italic indicates the candidate instrument and attribute; underline represents
the phrase triplet containing a verb, noun, and preposition for which the model must decide whether it attaches the
instrument or attribute; bold highlights the preferred prepositional complement.

fier. This observation is consistent with psycholin-
guistic studies reporting that humans tend to favor
high attachment to verbs over low attachment to
nouns (Spivey-Knowlton and Sedivy, 1995), and
with recent findings indicating that language mod-
els display a bias toward instrumental rather than
attributive readings (Zhou et al., 2024).

4 Logit Attribution

We aim to isolate a faithful mechanism within our
language model that governs the selectional prefer-
ences for the formation of PP.

To pinpoint model components driving this se-
lectional preference for an adverbial or adjectival
reading, we turn to logit attribution (Belrose et al.,
2023). The idea behind logit attribution is to in-
terpret the role of a particular component in a lan-
guage model for a given task in terms of the vocab-
ulary space. This is built on the premise that the
residual stream can be decomposed into the sum of
contributions from every model component. Recall
that each model component in the transformer adds
its output onto the residual stream, and the residual
stream state gets projected onto the unembedding
matrix, producing the logits distribution. Due to
the linearity of the residual stream, every layer of
computation can be traced back as the direct effect
of each sublayer to the logits up to that point.

Because PP continuation in our task boils down
to copying one of two lexical adjuncts from a con-
text that licenses an instrument and attribute equally
plausibly, we apply logit attribution to attention
heads. This choice is motivated by the key role of
attention heads in performing copying operations
(Wang et al., 2023; Merullo et al., 2023).

We obtain the direct effects of attention heads
favoring instrumental or attributive readings follow-
ing Merullo et al. (2023). We start by extracting
the corresponding vectors in the unembedding ma-
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trix for the target adjuncts. The additive update
made by the attention layer is composed of the con-
catenated updates of each attention head after it is
passed through the output weight matrix within the
attention layer. We therefore divide the weight ma-
trix of the attention output into one component for
each attention head and project the head activations
into the space of the residual stream by multiplying
them with the corresponding slice of weight ma-
trix. We then dot product the projected activation
of the attention head with the weight vectors of the
attribute and instrument from the unembedding ma-
trix, giving us a scalar value representing the logit
for each of those continuations represented by the
head. We then compute the dot product between
the projected activation of a given head and the
unembedding vector for each target word, yielding
a scalar logit for each adjunct. By subtracting these
two logit values, we get the direct attribution to the
logit difference between attribute and instrument.
This logit difference captures the effect the head
has in promoting one word (relative to another) to
be the continuation: a positive value indicates that
the head writes in the direction of the attribute, pro-
moting an adjectival reading, whereas a negative
value indicates that the head writes in the direction
of the instrument, promoting an adverbial reading.

Figure 2 visualizes the logit difference calcula-
tion for each head in every layer. Since Gemma-2
has 26 layers and 8 heads for each layer, this totals
208 heads to test. Despite some variation in the
roles of every head throughout our prompt suite,
we identify a series of heads that push the model
towards attributive modifiers or instrumental ad-
juncts. However, the heads that consistently affect
PP completion are clustered in early layers, and
these heads uniformly drive the model toward in-
strumental adjuncts. LOH2 emerges as the principal
driver of with-headed phrase completions, render-
ing it an ideal target for steering interventions.
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Figure 2: Attribution map of direct effects for with-
headed PP constructions. Only a single attention head
shows a strong selectional preference.
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Figure 3: Attribution across feedforward layers. Only
a sparse subset of neurons contribute to the choice be-
tween attributive and instrumental readings.

To validate that attention heads provide the pri-
mary signals for PP continuation, we extended our
attribution analysis to feedforward layers. Figure
3 plots the averaged preference for all 26 layers
along with its scores for the 9216 neurons (only
for the initial layer). We observe that most feed-
forward layers show no consistent directional bias,
contributing similarly to both readings. Any non-
zero attributions are almost exclusively confined to
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Figure 4: Proportion of shifts in selectional preferences
by the multiplicative value under activation scaling.

initial feedforward layer, where only a handful of
neurons register meaningful effects on the instru-
mental versus attributive difference in logits, and
even these contributions are an order of magnitude
smaller than those we observed for attention heads.
This lack of directional specificity in neuron attri-
butions allows us to exclude feedforward sublayers
as primary drivers of PP completion decisions.

5 Activation Steering

Several techniques have been proposed to steer the
generative process of LMs. Merullo et al. (2023)
scale the activation of an attention head by a scalar,
whereas Rimsky et al. (2024) add a learned direc-
tion to the activation of an attention head. Since
a single attention head heavily contributes to the
direction in logit, we adopt the scaling intervention.
We hypothesize that downweighting LOH2 will
enable us to suppress instrumental readings and
boost attributive readings. To test our hypothesis,
we apply a multiplicative factor a < 0 to the value
vector of LOH2. The effect of this intervention is
measured by the proportion of times the model flips
the functional role of the PP complement from an
instrumental modifier to an attributive modifier.
Figure 4 presents the proportions of instruments
and attributes as a function of the scaling factor
a € [-5,—4,—3,—2, —1]. Without any interven-
tion, the model selects the instrument in 75%, an
attribute in 4%, and deploys unlicensed words as
PP complements in 21%, suggesting a marked bias
in the functional roles of PP complements. We find
that scaling down attention head L@H2 has a strong
effect on flipping prepositional complements . We

"We note that scaling other attention heads (not depicted
in Figure 4) produces markedly weaker shifts, underscoring
the unique role of LOH2 on selectional preferences.



can attenuate instruments to 33% while elevating
attributes to 36%, as we decrease the multiplicative
value of ae. However, even extreme downweighting
does not eliminate instrumental readings entirely,
and a substantial portion of completions fall into
alternative adjuncts outside the two intended op-
tions, indicating that aggressive steering can divert
the model toward unlicensed complements.

6 Conclusion

Through a controlled prompt design, logit attribu-
tion, and activation scaling, we isolated and ma-
nipulated a single attention head in Gemma-2 that
exerts a dominant influence on the balance between
adverbial and adjectival continuations following
from prepositional phrases. Our findings provide
a principled proof of concept for steering model
output in contexts where multiple continuations
are syntactically and semantically plausible, bridg-
ing interpretable and controllable generation. This
study advances our understanding of how autore-
gressive models internally resolve functional role
preferences and demonstrates that such steering can
be achieved with minimal parameter interventions.

Limitations. We acknowledge two main limita-
tions. First, we conduct all experiments on a single
model. This choice is motivated by its large vocab-
ulary size, which facilitates controlled and targeted
mechanistic analysis. However, it does not guar-
antee that our identified mechanism generalizes to
other model architectures. Second, we restrict our
investigation to PPs as a representative case of se-
lectional preference under ambiguity. Although
this scope offers a controlled and well-documented
testing ground, it represents only one narrow subset
of the model’s broader selectional preferences.
We plan to extend our mechanistic understand-
ing of selectional preferences of ambiguous con-
tinuations to garden-path effects (Amouyal et al.,
2025) and control over the assignment of predicate-
argument structure like purpose, location, or time,
going beyond adverbial and adjectival modifiers.

References

Yossi Adi, Einat Kermany, Yonatan Belinkov, Ofer Lavi,
and Yoav Goldberg. 2016. Fine-grained analysis of
sentence embeddings using auxiliary prediction tasks.
arXiv preprint arXiv:1608.04207.

Samuel Joseph Amouyal, Aya Meltzer-Asscher, and
Jonathan Berant. 2025. When the LM misunderstood

74

the human chuckled: Analyzing garden path effects
in humans and language models. In Proceedings
of the 63rd Annual Meeting of the Association for
Computational Linguistics (Volume 1: Long Papers),
pages 8235-8253, Vienna, Austria. Association for
Computational Linguistics.

Nora Belrose, Zach Furman, Logan Smith, Danny Ha-
lawi, Igor Ostrovsky, Lev McKinney, Stella Bider-
man, and Jacob Steinhardt. 2023. Eliciting latent
predictions from transformers with the tuned lens.
arXiv preprint arXiv:2303.08112.

Jannik Brinkmann, Abhay Sheshadri, Victor Levoso,
Paul Swoboda, and Christian Bartelt. 2024. A mech-
anistic analysis of a transformer trained on a symbolic
multi-step reasoning task. In Findings of the Asso-
ciation for Computational Linguistics: ACL 2024,
pages 4082-4102, Bangkok, Thailand. Association
for Computational Linguistics.

Tom Brown, Benjamin Mann, Nick Ryder, Melanie
Subbiah, Jared D Kaplan, Prafulla Dhariwal, Arvind
Neelakantan, Pranav Shyam, Girish Sastry, Amanda
Askell, et al. 2020. Language models are few-shot
learners. Advances in neural information processing
systems, 33:1877-1901.

Aakanksha Chowdhery, Sharan Narang, Jacob Devlin,
Maarten Bosma, Gaurav Mishra, Adam Roberts, Paul
Barham, Hyung Won Chung, Charles Sutton, Sebas-
tian Gehrmann, et al. 2023. Palm: Scaling language
modeling with pathways. Journal of Machine Learn-
ing Research, 24(240):1-113.

Simone Conia and Roberto Navigli. 2022. Probing for
predicate argument structures in pretrained language
models. In Proceedings of the 60th Annual Meet-
ing of the Association for Computational Linguistics
(Volume 1: Long Papers), pages 4622-4632, Dublin,
Ireland. Association for Computational Linguistics.

Alexis Conneau, German Kruszewski, Guillaume Lam-
ple, Loic Barrault, and Marco Baroni. 2018. What
you can cram into a single vector: Probing sentence
embeddings for linguistic properties. arXiv preprint
arXiv:1805.01070.

Jacob Devlin, Ming-Wei Chang, Kenton Lee, and
Kristina Toutanova. 2019. BERT: Pre-training of
deep bidirectional transformers for language under-
standing. In Proceedings of the 2019 Conference of
the North American Chapter of the Association for
Computational Linguistics: Human Language Tech-
nologies, Volume 1 (Long and Short Papers), pages
4171-4186, Minneapolis, Minnesota. Association for
Computational Linguistics.

Matthew Finlayson, Aaron Mueller, Sebastian
Gehrmann, Stuart Shieber, Tal Linzen, and Yonatan
Belinkov. 2021.  Causal analysis of syntactic
agreement mechanisms in neural language models.
In Proceedings of the 59th Annual Meeting of
the Association for Computational Linguistics
and the 1l1th International Joint Conference on


https://doi.org/10.18653/v1/2025.acl-long.403
https://doi.org/10.18653/v1/2025.acl-long.403
https://doi.org/10.18653/v1/2025.acl-long.403
https://doi.org/10.18653/v1/2024.findings-acl.242
https://doi.org/10.18653/v1/2024.findings-acl.242
https://doi.org/10.18653/v1/2024.findings-acl.242
https://doi.org/10.18653/v1/2022.acl-long.316
https://doi.org/10.18653/v1/2022.acl-long.316
https://doi.org/10.18653/v1/2022.acl-long.316
https://doi.org/10.18653/v1/N19-1423
https://doi.org/10.18653/v1/N19-1423
https://doi.org/10.18653/v1/N19-1423
https://doi.org/10.18653/v1/2021.acl-long.144
https://doi.org/10.18653/v1/2021.acl-long.144

Natural Language Processing (Volume 1: Long
Papers), pages 1828—1843, Online. Association for
Computational Linguistics.

Atticus Geiger, Duligur Ibeling, Amir Zur, Maheep
Chaudhary, Sonakshi Chauhan, Jing Huang, Arya-
man Arora, Zhengxuan Wu, Noah Goodman, Christo-
pher Potts, et al. 2025. Causal abstraction: A the-
oretical foundation for mechanistic interpretability.
Journal of Machine Learning Research, 26(83):1-64.

Mor Geva, Jasmijn Bastings, Katja Filippova, and Amir
Globerson. 2023. Dissecting recall of factual associa-
tions in auto-regressive language models. In Proceed-
ings of the 2023 Conference on Empirical Methods in
Natural Language Processing, pages 12216-12235.

Mor Geva, Roei Schuster, Jonathan Berant, and Omer
Levy. 2021. Transformer feed-forward layers are key-
value memories. In Proceedings of the 2021 Confer-
ence on Empirical Methods in Natural Language Pro-
cessing, pages 5484-5495, Online and Punta Cana,
Dominican Republic. Association for Computational
Linguistics.

Asma Ghandeharioun, Avi Caciularu, Adam Pearce,
Lucas Dixon, and Mor Geva. 2024. Patchscopes:
A unifying framework for inspecting hidden rep-
resentations of language models. arXiv preprint
arXiv:2401.06102.

Yoav Goldberg. 2019. Assessing bert’s syntactic abili-
ties. arXiv preprint arXiv:1901.05287.

Michael Hanna, Ollie Liu, and Alexandre Variengien.
2023. How does gpt-2 compute greater-than?: In-
terpreting mathematical abilities in a pre-trained lan-
guage model. Advances in Neural Information Pro-
cessing Systems, 36:76033-76060.

John Hewitt and Christopher D Manning. 2019. A struc-
tural probe for finding syntax in word representations.
In Proceedings of the 2019 Conference of the North
American Chapter of the Association for Computa-
tional Linguistics: Human Language Technologies,
Volume 1 (Long and Short Papers), pages 4129-4138.

Yifan Hou, Jiaoda Li, Yu Fei, Alessandro Stolfo,
Wangchunshu Zhou, Guangtao Zeng, Antoine Bosse-
lut, and Mrinmaya Sachan. 2023. Towards a mech-
anistic interpretation of multi-step reasoning capa-
bilities of language models. In Proceedings of the
2023 Conference on Empirical Methods in Natural
Language Processing, pages 49024919, Singapore.
Association for Computational Linguistics.

Jennifer Hu, Jon Gauthier, Peng Qian, Ethan Wilcox,
and Roger Levy. 2020. A systematic assessment
of syntactic generalization in neural language mod-
els. In Proceedings of the 58th Annual Meeting of
the Association for Computational Linguistics, pages
1725-1744, Online. Association for Computational
Linguistics.

Ganesh Jawahar, Benoit Sagot, and Djamé Seddah.
2019. What does BERT learn about the structure of

75

language? In Proceedings of the 57th Annual Meet-
ing of the Association for Computational Linguistics,
pages 3651-3657, Florence, Italy. Association for
Computational Linguistics.

Katharina Kann, Alex Warstadt, Adina Williams, and
Samuel R. Bowman. 2019. Verb argument structure
alternations in word and sentence embeddings. In
Proceedings of the Society for Computation in Lin-
guistics (SCiL) 2019, pages 287-297.

Antonia Karamolegkou, Oliver Eberle, Phillip Rust, Ca-
rina Kauf, and Anders Sggaard. 2025. Trick or neat:
Adversarial ambiguity and language model evalua-
tion. In Findings of the Association for Computa-
tional Linguistics: ACL 2025, pages 18542—-18561,
Vienna, Austria. Association for Computational Lin-
guistics.

Tom Lieberum, Senthooran Rajamanoharan, Arthur
Conmy, Lewis Smith, Nicolas Sonnerat, Vikrant
Varma, Janos Kramar, Anca Dragan, Rohin Shah,
and Neel Nanda. 2024. Gemma scope: Open sparse
autoencoders everywhere all at once on gemma 2.
In Proceedings of the 7th BlackboxNLP Workshop:
Analyzing and Interpreting Neural Networks for NLP,
pages 278-300, Miami, Florida, US. Association for
Computational Linguistics.

Tal Linzen, Emmanuel Dupoux, and Yoav Goldberg.
2016. Assessing the ability of Istms to learn syntax-
sensitive dependencies. Transactions of the Associa-
tion for Computational Linguistics, 4:521-535.

Rebecca Marvin and Tal Linzen. 2018. Targeted syn-
tactic evaluation of language models. In Proceed-
ings of the 2018 Conference on Empirical Methods
in Natural Language Processing, pages 1192-1202,
Brussels, Belgium. Association for Computational
Linguistics.

Kevin Meng, David Bau, Alex Andonian, and Yonatan
Belinkov. 2022. Locating and editing factual asso-
ciations in gpt. In Advances in Neural Information
Processing Systems, volume 35, pages 17359-17372.

Kevin Meng, Arnab Sen Sharma, Alex J Andonian,
Yonatan Belinkov, and David Bau. 2023. Mass-
editing memory in a transformer. In The Eleventh
International Conference on Learning Representa-
tions.

Jack Merullo, Qinan Jack Yu, and Ellie Pavlick. 2023.
Characterizing mechanisms for factual recall in lan-
guage models. In Proceedings of the 2023 Confer-
ence on Empirical Methods in Natural Language
Processing, pages 9924-9959.

Ndapandula Nakashole and Tom M. Mitchell. 2015. A
knowledge-intensive model for prepositional phrase
attachment. In Proceedings of the 53rd Annual Meet-
ing of the Association for Computational Linguistics
and the 7th International Joint Conference on Natu-
ral Language Processing (Volume 1: Long Papers),
pages 365-375, Beijing, China. Association for Com-
putational Linguistics.


https://doi.org/10.18653/v1/2021.emnlp-main.446
https://doi.org/10.18653/v1/2021.emnlp-main.446
https://doi.org/10.18653/v1/2023.emnlp-main.299
https://doi.org/10.18653/v1/2023.emnlp-main.299
https://doi.org/10.18653/v1/2023.emnlp-main.299
https://doi.org/10.18653/v1/2020.acl-main.158
https://doi.org/10.18653/v1/2020.acl-main.158
https://doi.org/10.18653/v1/2020.acl-main.158
https://doi.org/10.18653/v1/P19-1356
https://doi.org/10.18653/v1/P19-1356
https://doi.org/10.7275/q5js-4y86
https://doi.org/10.7275/q5js-4y86
https://doi.org/10.18653/v1/2025.findings-acl.954
https://doi.org/10.18653/v1/2025.findings-acl.954
https://doi.org/10.18653/v1/2025.findings-acl.954
https://doi.org/10.18653/v1/2024.blackboxnlp-1.19
https://doi.org/10.18653/v1/2024.blackboxnlp-1.19
https://doi.org/10.18653/v1/D18-1151
https://doi.org/10.18653/v1/D18-1151
https://doi.org/10.3115/v1/P15-1036
https://doi.org/10.3115/v1/P15-1036
https://doi.org/10.3115/v1/P15-1036

Catherine Olsson, Nelson Elhage, Neel Nanda, Nicholas
Joseph, Nova DasSarma, Tom Henighan, Ben Mann,
Amanda Askell, Yuntao Bai, Anna Chen, et al. 2022.
In-context learning and induction heads. arXiv
preprint arXiv:2209.11895.

Koyena Pal, Jiuding Sun, Andrew Yuan, Byron C Wal-
lace, and David Bau. 2023. Future lens: Anticipating
subsequent tokens from a single hidden state. arXiv
preprint arXiv:2311.04897.

Patrick Pantel and Dekang Lin. 2000. An unsupervised
approach to prepositional phrase attachment using
contextually similar words. In Proceedings of the
38th annual meeting of the Association for Computa-
tional Linguistics, pages 101-108.

Adwait Ratnaparkhi and Atul Kumar. 2021. Resolv-
ing prepositional phrase attachment ambiguities with
contextualized word embeddings. In Proceedings of
the 18th International Conference on Natural Lan-
guage Processing (ICON), pages 335-340.

Adwait Ratnaparkhi, Jeff Reynar, and Salim Roukos.
1994. A maximum entropy model for prepositional
phrase attachment. In Human Language Technology:
Proceedings of a Workshop held at Plainsboro, New
Jersey, March 8-11, 1994.

Nina Rimsky, Nick Gabrieli, Julian Schulz, Meg Tong,
Evan Hubinger, and Alexander Turner. 2024. Steer-
ing llama 2 via contrastive activation addition. In
Proceedings of the 62nd Annual Meeting of the Asso-
ciation for Computational Linguistics, pages 15504—
15522.

Morgane Riviere, Shreya Pathak, Pier Giuseppe
Sessa, Cassidy Hardin, Surya Bhupatiraju, Léonard
Hussenot, Thomas Mesnard, Bobak Shahriari,
Alexandre Ramé, et al. 2024. Gemma 2: Improv-
ing open language models at a practical size. arXiv
preprint arXiv:2408.00118.

Aaditya K Singh, Ted Moskovitz, Felix Hill,
Stephanie CY Chan, and Andrew M Saxe. 2024.
What needs to go right for an induction head? a
mechanistic study of in-context learning circuits and
their formation. In Proceedings of the 41st Inter-

national Conference on Machine Learning, pages
45637-45662.

Michael Spivey-Knowlton and Julie C Sedivy. 1995.
Resolving attachment ambiguities with multiple con-
straints. Cognition, 55(3):227-267.

Alessandro Stolfo, Yonatan Belinkov, and Mrinmaya
Sachan. 2023. A mechanistic interpretation of arith-
metic reasoning in language models using causal
mediation analysis. In Proceedings of the 2023 Con-
ference on Empirical Methods in Natural Language
Processing, pages 7035-7052, Singapore. Associa-
tion for Computational Linguistics.

Ian Tenney, Patrick Xia, Berlin Chen, Alex Wang, Adam
Poliak, R Thomas McCoy, Najoung Kim, Benjamin
Van Durme, Samuel R Bowman, Dipanjan Das, et al.

76

2019. What do you learn from context? probing for
sentence structure in contextualized word representa-
tions. arXiv preprint arXiv:1905.06316.

Ashish Vaswani, Noam Shazeer, Niki Parmar, Jakob
Uszkoreit, Llion Jones, Aidan N Gomez, fukasz
Kaiser, and Illia Polosukhin. 2017. Attention is all
you need. Advances in neural information processing
systems, 30.

Jesse Vig, Sebastian Gehrmann, Yonatan Belinkov,
Sharon Qian, Daniel Nevo, Yaron Singer, and Stu-
art Shieber. 2020. Investigating gender bias in lan-
guage models using causal mediation analysis. In
Advances in Neural Information Processing Systems,
volume 33, pages 12388—-12401.

Kevin Ro Wang, Alexandre Variengien, Arthur Conmy,
Buck Shlegeris, and Jacob Steinhardt. 2023. Inter-
pretability in the wild: a circuit for indirect object
identification in GPT-2 small. In The Eleventh Inter-
national Conference on Learning Representations.

Zijian Wang and Chang Xu. 2025. Functional abstrac-
tion of knowledge recall in large language models.
arXiv preprint arXiv:2504.14496.

Alex Warstadt, Yu Cao, Ioana Grosu, Wei Peng, Ha-
gen Blix, Yining Nie, Anna Alsop, Shikha Bordia,
Haokun Liu, Alicia Parrish, Sheng-Fu Wang, Jason
Phang, Anhad Mohananey, Phu Mon Htut, Paloma
Jeretic, and Samuel R. Bowman. 2019. Investigating
BERT’s knowledge of language: Five analysis meth-
ods with NPIs. In Proceedings of the 2019 Confer-
ence on Empirical Methods in Natural Language Pro-
cessing and the 9th International Joint Conference
on Natural Language Processing (EMNLP-IJCNLP),
pages 2877-2887, Hong Kong, China. Association
for Computational Linguistics.

Ethan Wilcox, Roger Levy, Takashi Morita, and Richard
Futrell. 2018. What do RNN language models learn
about filler—gap dependencies? In Proceedings of
the 2018 EMNLP Workshop BlackboxNLP: Analyz-
ing and Interpreting Neural Networks for NLP, pages
211-221, Brussels, Belgium. Association for Com-
putational Linguistics.

Lingling Zhou, Suzan Verberne, and Gijs Wijnholds.
2024. Tree transformer’s disambiguation ability of
prepositional phrase attachment and garden path ef-
fects. In Proceedings of the 62nd Annual Meeting of
the Association for Computational Linguistics (Vol-
ume 1: Long Papers), pages 12291-12301, Bangkok,
Thailand. Association for Computational Linguistics.


https://aclanthology.org/2021.icon-main.40/
https://aclanthology.org/2021.icon-main.40/
https://aclanthology.org/2021.icon-main.40/
https://aclanthology.org/H94-1048/
https://aclanthology.org/H94-1048/
https://doi.org/10.18653/v1/2023.emnlp-main.435
https://doi.org/10.18653/v1/2023.emnlp-main.435
https://doi.org/10.18653/v1/2023.emnlp-main.435
https://doi.org/10.18653/v1/D19-1286
https://doi.org/10.18653/v1/D19-1286
https://doi.org/10.18653/v1/D19-1286
https://doi.org/10.18653/v1/W18-5423
https://doi.org/10.18653/v1/W18-5423
https://doi.org/10.18653/v1/2024.acl-long.664
https://doi.org/10.18653/v1/2024.acl-long.664
https://doi.org/10.18653/v1/2024.acl-long.664

A Prompt Suite

Subject-Instrument

Object-Attribute

Subject-Verb-Object

Adjuncts

baker, whisk)
banker, spreadsheet)
barber, scissor)
barista, portafilter)
bartender, shaker)
biologist, pipette)
bonesetter, splint)
brewer, keg)
builder, spatula)
butcher, cleaver)
carpenter, saw)
carpenter, chisel)
cartographer, compass)
chef, ladle)

chef, spoon)

chef, syringe)
chef, spatula)
chef, spice)
chemist, pipette)
chemist, flask)
cleaner, vacuum)
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(coach, whistle)
(conductor, baton)
(cosmologist, telescope)
(cosmonaut, spacesuit)
(dentist, mirror)
(designer, tablet)
(detective, lens)
(diver, camera)
(doctor, thermometer)
(draughtsman, ruler)
(driver, wheel)
(driver, wrench)
(farmer, plow)
(firefighter, ladder)
(fisherman, net)
(florist, shear)
(gardener, rake)
(gardener, can)
(gardener, shovel)
(gardener, shears)
(gardener, spade)
(geologist, scale)
(guard, weapon)
(hunter, rifle)
(janitor, mop)
(jeweler, cloth)
(journalist, recorder)
(judge, hammer)
(laboratorian, centrifuge)
(lawyer, highlighter)
(librarian, scanner)

(bowl, lump)
(portfolio, stock)
(beard, fringe)
(cappuccino, foam)
(cocktail, garnish)
(tube, liquid)
(patient, fracture)
(beer, trademark)
(wall, crack)
(steak, marbling)
(beam, notch)
(plank, groove)
(map, legend)
(pot, broth)
(egg, shell)
(cake, frosting)

(meal, marinade)
(soup, flavor)

(reaction, precipitate)
(reaction, catalyst)
(carpet, crumb)

(team, streak)
(orchestra, listener)
(planet, moon)
(capsule, porthole)
(tooth, cavity)
(product, stamp)
(scene, clue)

(reef, fish)

(child, disease)
(blueprints, balcony)
(road, curve)

(car, tire)

(field, furrow)

(cat, collar)

(crab, shell)

(bouquet, rose)
(garden, tree)

(plant, stem)

(soil, worms)

(hedge, nest)

(garden, border)

(rock, fissure)
(property, fence)
(forest, deer)

(floor, scuffing)

(ring, diamond)
(politician, controversy)
(trial, verdict)

(sample, contamination)
(contract, clause)
(book, cover)

baker, stirs, bowl)

banker, edits, portfolio)
barber, trims, beard)

barista, prepares, cappuccino)
bartender, prepares, cocktail )
biologist, tranfers, tube)
bonesetter, stabilizes, patient)
brewer, dispenses, beer)
builder, repairs, wall)
butcher, cuts, steak)
carpenter, cuts, beam)
carpenter, deepens, plank)
cartographer, aligns, map)
chef, serves, pot)

chef, cracks, egg)

chef, decorates, cake)

chef, flips, meal)

chef, seasons, soup)
chemist, measures, reaction)
chemist, conducts, reaction)
cleaner, cleans, carpet)
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(coach, signals, team)
(conductor, directs, orchestra)
(cosmologist, observes, planet)
(cosmonaut, abandones, capsule)
(dentist, examines, tooth)
(designer, creates, product)
(detective, inspects, scene)
(diver, captures, reef)

(doctor, checks, child)
(draughtsman, edits, blueprints)
(driver, navigates, road)
(driver, repairs, car)

(farmer, cuts, field)

(firefighter, saves, cat)
(fisherman, captures, crab)
(florist, trims, bouquet)
(gardener, grooms, garden)
(gardener, waters, plant)
(gardener, digs, soil)
(gardener, prunes, hedge)
(gardener, outlines, garden)
(geologist, measures, rock)
(guard, protects, property)
(hunter, targets, forest)
(janitor, cleans, floor)

(jeweler, examines, ring)
(journalist, interviews, politician)
(judge, concludes, trial)
(laboratorian, separates, sample)
(lawyer, reviews, contract)
(librarian, catalogs, book)

whisk, lump)
spreadsheet, stock)
scissor, fringe)
portafilter, foam)
shaker, garnish)
pipette, liquid)
splint, fracture)
keg, trademark)
spatula, crack)
cleaver, marbling)
saw, notch)

chisel, groove)
compass, legend)
ladle, broth)
spoon, shell)
syringe, frosting)
spatula, marinade)
spice, flavor)
pipette, precipitate)
flask, catalyst)
vacuum, crumb)
whistle, streak)
baton, listener)
telescope, moon)
spacesuit, porthole)
mirror, cavity)
tablet, stamp)

lens, clue)

camera, fish)
thermometer, disease)
ruler, balcony)
wheel, curve)
wrench, tire)

plow, furrow)
ladder, collar)

net, shell)

shear, rose)

rake, tree)

can, stem)

shovel, worms)
shears, nest)
spade, border)
scale, fissure)
weapon, fence)
rifle, deer)

mop, scuffing)
cloth, diamond)
recorder, controversy)
hammer, verdict)

highlighter, clause)
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scanner, cover)
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centrifuge, contamination)



Subject-Instrument

Object-Attribute

Subject-Verb-Object

Adjuncts

lifeguard, whistle)
lineman, multimeter)
locksmith, dietrich)
magician, wand)
mason, level)

mathematician, chalkboard)

mechanic, wrench)
midwife, doppler)
miner, axe)

musician, tuner)
musician, turntable)
neurologist, penlight)
nurse, syringe)
painter, brush)
painter, roller)
performer, script)
pharmacist, mortar)
photographer, flash)
photographer, camera)

physiotherapist, spirometer)

(

(

(

(

(

(

(

(

(

(

(

(

(

(

(

(

(

(

(

(

(pilot, joystick)
(plumber, wrench)
(policeman, handcuff)
(prehistorian, shovel)
(programmer, keyboard)
(programmer, debugger)
(ranger, tranquilizer)
(receptionist, telephone)
(roofer, harness)
(scientist, microscope)
(sculptor, chisel)
(singer, microphone)
(sniper, scope)
(statistician, notebook)
(stenographer, headset)
(student, pen)
(surgeon, knife)

(tailor, needle)

(tailor, thread)

(tailor, tape)

(teacher, pointer)
(teacher, chalk)
(topographer, theodolite)
(translator, dictionary)
(vet, stethoscope)
(waiter, cloth)

(welder, torch)

(writer, pen)

(swimmer, monofin)
(circuit, voltage)
(keyway, vulnerability)
(mirage, misdirection)
(wall, cladding)
(formula, mistake)
(engine, leak)

(woman, complication)

(

(piece, pitch)
(song, rhythm)
(
(
(wall, patch)
(canvas, sketch)
(scene, prop)

(leaf, stem)
(portrait, shadow)

rock, gem)

pupil, dilation)
arm, vaccine)

(scene, horizon)
(patient, symptom)
(plane, failure)
(pipe, leak)
(criminal, scar)
(fossil, patina)
(database, password)
(codebase, bug)
(tiger, wound)
(visitor, question)
(rope, knot)

(slide, specimen)
(block, grain)
(stage, spotlight)
(hideout, threat)
(datasets, schema)
(speech, message)
(textbook, diagram)
(tumor, mass)

(suit, tear)

(fabric, seam)
(dress, pattern)
(presentation, figure)
(board, equation)
(bridge, camber)
(text, term)

(pet, stroke)

(table, decoration)
(joint, crack)
(manuscript, flaw)

(lifeguard, signals, swimmer)
(lineman, tests, circuit)
(locksmith, enters, keyway)
(magician, conjures, mirage)
(mason, trues, wall)
(mathematician, derives, formula)
(mechanic, fixes, engine)
(midwife, monitors, woman)
(miner, breaks, rock)
(musician, tunes, piece)
(musician, streches, song)
(neurologist, assesses, pupil)
(nurse, treats, arm)

(painter, overpaints, wall)
(painter, brushes, canvas)
(performer, enters, scene)
(pharmacist, grinds, leaf)
(photographer, illuminates, portrait)
(photographer, captures, scene)
(physiotherapist, screens, patient)
(pilot, controls, plane)
(plumber, seals, pipe)
(policeman, arrests, criminal)
(prehistorian, excavates, fossil)
(programmer, accesses, database)
(programmer, debugs, codebase)
(ranger, paralyzes, tiger)
(receptionist, calls, visitor)
(roofer, fastens, rope)

(scientist, examines, slide)
(sculptor, carves, block)

(singer, performs, stage)

(sniper, targets, hideout)
(statistician, analyzes, datasets)
(stenographer, transcribes, speech)
(student, marks, textbook)
(surgeon, removes, tumor)

(tailor, mends, suit)

(tailor, stitches, fabric)

(tailor, measures, dress)

(teacher, points, presentation)
(teacher, writes, board)
(topographer, surveys, bridge)
(translator, translates, text)

(vet, monitors, pet)

(waiter, cleans, table)

(welder, seals, joint)

(writer, corrects, manuscript)

(whistle, monofin)
(multimeter, voltage)
(dietrich, vulnerability)
(wand, misdirection)
(level, cladding)
(chalkboard, mistake)
(wrench, leak)
(doppler, complication)
(axe, gem)

(tuner, pitch)
(turntable, rhythm)

(

(syringe, vaccine)
(brush, patch)
(roller, sketch)
(script, prop)
(mortar, stem)
(flash, shadow)

(

camera, horizon)
(spirometer, symptom)

penlight, dilation)

(joystick, failure)
(wrench, leak)
(handcuft, scar)
(shovel, patina)
(keyboard, password)
(debugger, bug)
(tranquilizer, wound)
(telephone, question)
(harness, knot)
(microscope, specimen)
(chisel, grain)
(microphone, spotlight)
(scope, threat)
(notebook, schema)
(headset, message)
(pen, diagram)
(knife, mass)
(needle, tear)
(thread, seam)
(tape, pattern)
(pointer, figure)
(chalk, equation)
(theodolite, camber)
(dictionary, term)
(stethoscope, stroke)
(cloth, decoration)
(torch, crack)

(pen, flaw)
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™ The Comparative Trap: Pairwise Comparisons Amplify Biased
Preferences of LLM Evaluators

ChaeHun Park*!
L' KAIST Al

Hawon Jeong*!

Abstract

As large language models (LLMs) are increas-
ingly used as evaluators for natural language
generation tasks, ensuring unbiased assess-
ments is essential. However, LLM evaluators
often display biased preferences, such as favor-
ing verbosity and authoritative tones. Our em-
pirical analysis reveals that these biases are ex-
acerbated in pairwise evaluation, where LLMs
directly compare two outputs and easily prior-
itize superficial attributes. In contrast, point-
wise evaluation, which assesses outputs inde-
pendently, is less susceptible to such bias be-
cause each output is judged in isolation. To
address the limitations of the pairwise evalua-
tion, we introduce a novel evaluation method,
PREPAIR, which integrates pointwise reason-
ing within a pairwise framework. PREPAIR
effectively alleviates biased preference, improv-
ing performance on the adversarial benchmark
(LLMBar) while outperforming pointwise eval-
uation on the standard benchmark (MT-Bench).

1 Introduction

Automated evaluation systems are crucial for scal-
ing natural language generation (NLG) research,
offering a more efficient and cost-effective alterna-
tive to human evaluation. Recently, large language
models (LLMs) have been increasingly adopted as
automatic evaluators, demonstrating promising ca-
pabilities in assessing various aspects of text quality
such as coherence, relevance, and fluency (Chiang
and Lee, 2023; Liu et al., 2023).

Despite their impressive performance, LLM-
based evaluators often display systematic biases
in their preferences—for instance, favoring ver-
bose responses (Wang et al., 2024a), exhibiting
egocentric judgment (Zheng et al., 2024), or prefer-
ring authoritative tones (Chen et al., 2024). Recent
studies have begun to investigate these biases by
probing the evaluator’s ability to follow explicit
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evaluation instructions in controlled settings (Zeng
et al., 2024; Lambert et al., 2024). In these evalu-
ations, one output strictly follows the instructions,
while the other is adversarially crafted to exploit
evaluator biases—appearing superficially favorable
yet failing to comply with the instructions. These
studies reveal that LLM evaluators not only ex-
hibit biased preferences but also struggle to identify
these deceptive outputs effectively.

Building on these observations, we first explore
how different evaluation setups influence the bi-
ased preferences in LLM evaluators. Specifically,
we compare two common setups: pairwise, where
the evaluator compares two outputs simultaneously
and selects the better one, and pointwise, where
each output is evaluated independently and then se-
lects the one with a higher score. Our experiments
demonstrate that the pairwise setup amplifies the
biases of the evaluator, performing significantly
worse than the pointwise setup on adversarial ex-
amples (see Fig. 1 Right). Further analysis reveals
that pairwise evaluators, while recognizing weak-
nesses in incorrect outputs, often reach incorrect
conclusions.

We hypothesize that the increased bias in pair-
wise evaluations stems from the structural differ-
ences between the pairwise and pointwise setups.
To illustrate, consider a job interview where the
interviewer must choose between Alice and Bob
for a research engineer position. Although the
goal is to select the candidate more suited for the
role, the interviewer might favor Alice simply if
she has more fluent speaking skills despite Bob
possibly having stronger technical skills. Psycho-
logical studies support this phenomenon: when
directly comparing options, humans often focus
on superficial features rather than thoroughly eval-
uating each option (Wright, 1974; Payne, 1976;
Olshavsky, 1979). Similarly, in a pairwise setup,
LLMs may concentrate on easily exploitable, su-
perficial attributes, causing adversarial outputs to
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appear favorable even when they fail to follow the
instructions.

In contrast, pointwise evaluation assesses each
output independently, which allows the model to
focus solely on how well the output adheres to the
instructions, without being interrupted by compara-
tive attributes. This isolation reduces susceptibility
to biases and leads to a more accurate assessment
of task compliance. However, pointwise evalua-
tion is not a silver bullet for all scenarios; Suppose
Alice and Bob are equally fluent speakers. In this
case, evaluating both candidates simultaneously
can provide additional context about who is ulti-
mately better suited for the role. In such cases, the
pairwise approach benefits from leveraging contex-
tual information for non-adversarial examples (See
Fig. 1 Left).

Motivated by our findings, we propose a simple
yet effective method for reliable pairwise evalua-
tion, namely PREPAIR, which stands for Pointwise
REasoning within a PAIRwise evaluation frame-
work (Fig. 2). The key idea is to first extract un-
biased insights from each output using pointwise
reasoning. Then, we combine these individual ex-
planations into a final decision process for pairwise
evaluation, leveraging the strength of both point-
wise and pairwise approaches. Experimental re-
sults across various models demonstrate that PRE-
PAIR improves the performance of pairwise eval-
uators on adversarial datasets. Specifically, PRE-
PAIR improves average accuracy by 24.48% across
six LLMs on the adversarial dataset. Moreover,
it outperforms the pointwise approach on normal
datasets, demonstrating its versatility and effective-
ness.

Our contributions can be summarized as follows:
(1) We analyze how pointwise and pairwise eval-
uation setups affect LLM assessment in adversar-
ial scenarios. (2) We identify biases in pairwise
evaluation that favor superficial attributes, making
adversarial responses more likely to be preferred.
(3) We propose a hybrid evaluation framework by
integrating pointwise reasoning into pairwise eval-
uation.

2 Related Work

LLMs-based Evaluation The evaluation of NLG
systems has traditionally relied on human anno-
tation and automatic metrics such as BLEU (Pap-
ineni et al., 2002), ROUGE (Lin, 2004), and ME-
TEOR (Banerjee and Lavie, 2005). However, these
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metrics often fail to capture semantic adequacy and
coherence (Liu et al., 2016; Sai et al., 2022). To
address these limitations, large language models
(LLMs) have emerged as evaluators due to their
strong instruction-following capabilities and gen-
eralization across diverse tasks (Kocmi and Feder-
mann, 2023; Lin and Chen, 2023; Min et al., 2023;
Chan et al., 2024; Wang et al., 2024b).

Among various evaluation strategies, pairwise

comparison has been increasingly utilized, where
an LLM ranks or selects the better response be-
tween two candidates (Chiang et al., 2024; Zeng
et al., 2024; Wang et al., 2024a; Zhang et al., 2023).
This method aligns with human evaluation prac-
tices and has been shown to correlate well with
human judgments (Zheng et al., 2024). However,
LLM evaluators exhibit systematic biases, such
as favoring verbose responses (Li et al., 2023;
Zheng et al., 2024) and overrating their own gener-
ations (Li et al., 2023; Koo et al., 2024). Moreover,
their rankings can be inconsistent, as slight prompt
variations may lead to different outcomes (Liu et al.,
2023; Zhu et al., 2024). Recent studies suggest
that incorporating explicit evaluation criteria and
general guidelines in prompts can improve their
discernment (Zeng et al., 2024). Building on these
insights, we examine how different evaluation se-
tups influence LLM-based assessment, particularly
in adversarial scenarios where biases may be exac-
erbated.
Human Behavior with Complex Tasks Psycho-
logical research has demonstrated that decision-
makers often simplify their process by focusing
on limited information when handling complex
tasks (Payne, 1976; Olshavsky, 1979; Einhorn and
Hogarth, 1981). Moreover, Wright (1974) has in-
dicated that cognitive overload from environmen-
tal distractions reduces decision quality, causing
people to overlook important evidence or rely on
irrelevant information. These findings parallel our
intuitions in adversarial evaluation: assessing mul-
tiple outputs at once encourages the model to prior-
itize superficial aspects, similar to humans favoring
simpler solutions in complex tasks.

3 Analyzing LLM Evaluators on
Adversarial Evaluation Samples

We now analyze LLM-based evaluators using dif-
ferent datasets and prompting strategies. We intro-
duce meta-evaluation datasets with different char-
acteristics and then compare two representative
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Figure 1: Results of pointwise and pairwise approaches in normal (MT-Bench) and adversarial (LLMBar-
Adversarial) meta-evaluation datasets. The difference values represent the change between pointwise and pairwise
approaches for each model under both normal and adversarial conditions.

evaluation approaches on these datasets. Finally,
we examine the impacts of intrinsic biases in LLM
evaluators by exploring their reasoning process.

31

In our experiments, we evaluate LLM evaluators us-
ing datasets with two distinct characteristics: Nor-
mal and Adversarial. The normal dataset, MT-
Bench (Zheng et al., 2024), contains responses
generated under standard conditions and reflects
real-world evaluation distributions. In contrast, the
adversarial dataset, LLMBar-Adversarial (Zeng
et al., 2024), consists of responses that appear
high-quality but subtly deviate from the original
instruction, testing an evaluator’s ability to detect
misleading outputs. Each evaluation sample in
both datasets consists of (1) an input instruction,
(2) a pair of two model-generated responses, and
(3) a human preference label indicating which re-
sponse is preferred. The datasets contain a total of
1131 evaluation samples from MT-Bench and 319
from LLMBar-Adversarial. Further details on each
dataset are provided below.

MT-Bench (Zheng et al., 2024) is a meta-evaluation
dataset consisting of 80 multi-turn instructions,
each paired with model-generated outputs from
various language models. For our experiments, we
use the first-turn meta-evaluation samples. The
dataset includes a total of 1131 human judgments
from two groups: expert labelers (885) and the orig-
inal authors (246). This dataset is widely used to
assess evaluation metrics in a setting that reflects
real-world model performance.
LLMBar-Adversarial (Zeng et al., 2024) is specif-
ically designed to test the ability of evaluators
to discern instruction-following responses. The
dataset consists of 319 adversarial evaluation sam-
ples, where generated responses exhibit high su-
perficial quality but fail to adhere to the original
instruction. These samples are categorized into
four types: Neighbor Instructions (134), GPT-4 In-

Meta-Evaluation Datasets
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structions (92), GPT-4 Unhelpful Outputs (47), and
Manual Construction (46). This dataset serves as
a benchmark for evaluating whether LLM evalua-
tors can detect subtle deviations from the expected
responses.

3.2 Setup

Pointwise and Pairwise Approaches We com-
pare the two popular approaches for pairwise text
evaluation: pairwise and pointwise (Zheng et al.,
2024; Liusie et al., 2024). In the pairwise approach,
an LLM receives an instruction and two model-
generated outputs and then chooses a higher-quality
output. In the pointwise approach, an LLM assigns
a single score on a Likert scale to each generated
output independently. The output with the higher
score is considered to be of higher quality. Please
refer to Appendix A.2 for more details.

Implementation Details We use the fol-
lowing LLMs as evaluators to compare the
approaches above (i.e., pointwise and pair-
wise) on MT-Bench and LLMBar datasets:
Llama-3.1-8B-Instruct (Dubey et al., 2024),
gpt-3.5-turbo, gpt-4, gpt-4o-mini, and
gpt-40 (Achiam et al., 2023). We utilize the
original prompts released by each dataset for
evaluation. For LLMBar, we include general
rules, such as prioritizing outputs that accurately
follow instructions, as these guidelines generally
enhance evaluation quality (Zeng et al., 2024).
The performance of the evaluator is obtained by
comparing its judgments to human judgments
within the datasets. In MT-Bench, since a tie option
is allowed, the pairwise evaluator is prompted
to choose one of three options. The scalar value
generated by the pointwise evaluator using the
Likert-scale is directly used for evaluation.! In

"Evaluation results of pointwise evaluators with weighted
summation on a dataset that does not allow tie-option (i.e.,
RewardBench-Chat (Lambert et al., 2024) are also presented
in Section 5.3.4.



Evaluation Sample

Instruction: Create a new headline that is witty and summarizes the article. A new study has found that eating spinach can

increase intelligence.

Output A: Spinach: The New Brain Food, or Just Another Leafy Green? (Human-preferred)

Output B: Spinach It To Win: Eating Spinach Can Boost Your Brain Power!

Explanations from LLM Evaluator

Strengths of Output A: Clever play on words with "Brain Food" and "Leafy Green". /Succinctly summarizes the article

topic.

Weaknesses of Output A: Lacks a direct mention of the study findings. / Could be perceived as slightly less engaging

compared to Output B.

Strengths of Output B: Engaging with the phrase "Spinach It To Win." / Clearly states the benefit of eating spinach for

brain power.

Weaknesses of Output B: The use of "Win" might be seen as slightly exaggerated or sensationalized. / Could be considered

a bit informal for certain audiences.

Final Judgement of LLM Evaluator
Therefore, Output B is better.

Table 1: Explanations and judgment of pairwise evaluators from an evaluation sample. The correct and incorrect

model explanations are manually highlighted.

LLMBar, the human judgments contain only two
options without tie. Following Liu et al. (2023), we
use a weighted summation with token probabilities
for the pointwise evaluator.

3.3 Results

Pairwise Comparisons Amplifies the Biased
Preference. Fig. 1 shows the meta-evaluation re-
sults on the two datasets. The pairwise evaluator
performs better than the pointwise evaluator on M T-
Bench, while the pointwise evaluator outperforms
the pairwise evaluator on LLMBar. These contrast-
ing results likely stem from the differences in the
evaluation structure. The pairwise approach excels
with normal samples like those in MT-Bench, since
it can leverage contextual information by consider-
ing two outputs simultaneously. However, the ben-
efits of the pairwise approach turn into drawbacks
when handling adversarial samples in LLMBar, as
it makes the evaluators more easily susceptible to
intrinsic biases. In contrast, the pointwise approach
is relatively less affected by these biases, resulting
in better performance on adversarial samples.
From these observations, we have questioned
how the pairwise approach undermines the discern-
ing ability of LLM evaluators on adversarial ex-
amples. Therefore, our subsequent experiments
explore how intrinsic biases impact LLM evalu-
ators using the pairwise approach in adversarial
evaluations.
Pairwise Evaluators Do Correct Reasoning be-
hind Incorrect Evaluation. To further under-
stand why pairwise evaluation struggles with ad-
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versarial samples in LLMBar, we used a Chain-
of-Thought (Kojima et al., 2022; Wei et al., 2022,
CoT) prompting to let LLM provide its own reason-
ing process before making predictions. Specifically,
we encouraged the LLM to explain the strengths
and weaknesses of each output to see if it can
accurately identify issues in low-quality outputs.
Then, we manually examine the explanation pro-
vided by LLM for 100 incorrectly predicted sam-
ples. More details on human analysis are described
in Appendix A 4.

Our analysis reveals that, despite its incorrect
final decisions, the pairwise evaluator often pro-
vides rational explanations for identifying flaws in
low-quality outputs. We find that 64 out of 100
explanations accurately describe weaknesses that
align with our manual annotations. For example,
as shown in Table 1, the pairwise evaluator cor-
rectly identifies problems in a flawed output but
ultimately makes the wrong judgment. This indi-
cates that while the LLM evaluator with the pair-
wise approach has the potential to perform better,
it is hindered by intrinsic issues within the pair-
wise setup. Therefore, addressing these issues is
essential for reliable pairwise evaluation.

4 PREPAIR: Pointwise Reasoning for
Pairwise Evaluation

Approach Our analysis in Section 3 revealed two
key limitations in existing LLM-based evaluation
methods. First, pairwise evaluators often struggle
with adversarial samples, as they may still prefer a
problematic response despite recognizing its flaws.



Evaluation Example

Instruction ‘ Compute the derivative of 2x"2 + 5x.

Output (a) ‘ Sure! The derivative of 2x"2 + 5x is 2x + 5.

x} (b) | 4x+5

Wrong Answer

Pointwise Reasoning [N TSP — o —
‘ Give a brief explanation to evaluate the quality of the response to the given instruction. ‘
¥ J

v

'

H 0,0
H should be 4x + 5, not 2x + 5. The model failed ...
! L

The output is incorrect. The derivative of 2x"2 + 5x

The output is of high quality as it accurately and
precisely follows the instruction. The derivative ...

a
(CAC)

"""""""""""""""" T dirwise T T T T T

_______________________________________ F-F——————————————————m—m— - m - mmmmmmm e e e m - -

Pairwise Decision

‘ Based on your above explanations for each output, give your final choice either Output (a) or Output (b). ‘

P v ;
%ﬁ‘  Therefore, Output (b) is better. |

Figure 2: The overall illustration of PREPAIR.

Methods GPT-3.5-T Claude-3 Llama-3.1 GPT-4 GPT-40-m GPT-40

Pointwise 52.35 - 61.44 82.76 78.05 87.77

Pairwise 36.05 40.75 48.59 77.74 68.03 85.89
w/ CoT 31.66 41.07 50.47 77.12 63.01 83.07
w/ PREPAIR* 37.62 43.26 61.44 78.37 68.65 86.21
w/ PREPAIR 54.23 53.60 70.84 80.88 78.06 86.21

Table 2: LLMBar-Adversarial results. The pairwise approach’s highest and second-highest scores are highlighted in
bold and underlined. PREPAIR* adopts pairwise reasoning but follows the generation format of PREPAIR.

Second, pointwise evaluators, which analyze re-
sponses independently, tend to perform worse on
normal samples but show greater robustness against
adversarial manipulations. These observations sug-
gest the need for a method that retains the con-
textual advantages of pairwise evaluation while
reducing biases that arise from direct comparison.

To address this, we propose PREPAIR (Point-
wise Reasoning for Pairwise Evaluation), a hybrid
approach that incorporates pointwise reasoning into
a pairwise evaluation framework. Unlike conven-
tional pairwise evaluation, which directly compares
two responses, PREPAIR first analyzes each re-
sponse independently using pointwise reasoning
before making a final pairwise decision. Given an
instruction and two candidate responses, the evalu-
ator reasons about each response separately, consid-
ering its properties without direct reference to the
other. These independent reasoning steps provide
structured insights that are then used in the final
pairwise decision, where the evaluator determines
the superior response. By decoupling the reasoning
process from direct comparison, PREPAIR helps
mitigate biases such as favoring verbosity or model-
specific stylistic preferences while maintaining the
benefits of pairwise evaluation.

One trade-off of PREPAIR is the increased com-

&3

putational cost, as it requires an additional LLM
forward pass for each response before making a fi-
nal comparison. However, this overhead can be re-
duced through caching, since the pointwise reason-
ing results for individual responses can be reused
across multiple comparisons. This is particularly
advantageous in ranking tasks, where precomputed
reasoning steps allow for efficient and consistent
evaluation. By combining the robustness of point-
wise reasoning with the contextual awareness of
pairwise evaluation, PREPAIR offers a more reli-
able evaluation framework, particularly in adver-
sarial scenarios.

S Experiments

5.1 Setup

We conduct experiments on the LLMs described in
Section 3.2 and the Claude-3-Haiku (Anthropic,
2024). We compare our method for the pairwise ap-
proach against the following baselines. w/ CoT gen-
erates an explanation before making a prediction.
PREPAIR* is an ablated version of our method that
prompts pairwise evaluators to generate individual
explanations for each output, using the same for-
mat as PREPAIR. This baseline aims to validate the
effectiveness of the pointwise reasoning process.



Detailed setups and more results are in Appendix
A and B.

Methods GPT-3.5-T GPT-40-m GPT-4 GPT-40
Pointwise 51.55 61.72 54.64 52.29
Pairwise 60.65 67.20 67.90 69.41
w/ CoT 61.54 65.87 66.40 67.46
w/ PREPAIR* 60.83 64.72 66.76 69.14
w/ PREPAIR 61.36 64.10 65.34 69.50

Table 3: MT-Bench results. The indicators are the same
as Table 2. Bold and underlined values indicate the
highest and second-highest scores.

5.2 Results

As shown in Table 2, our method improves the
accuracy of pairwise evaluators on the LLMBar-
Adversarial dataset across all tested LLLMs, with
the largest gain observed in Llama-3.1. By incorpo-
rating pointwise reasoning, PREPAIR mitigates bi-
ases in direct comparison and enhances robustness
against adversarial responses. A key observation is
that PREPAIR consistently outperforms PREPAIR*,
indicating that its improvements stem from explicit
pointwise reasoning rather than structural modifi-
cations alone. Additionally, PREPAIR sometimes
performs even better than pointwise evaluators, sug-
gesting that while pointwise reasoning enhances
adversarial robustness, integrating it within a pair-
wise framework preserves the benefits of contextual
evaluation. Qualitative examples in Appendix C.1
further illustrate how our method improves reliabil-
ity compared to standard Chain-of-Thought (CoT)
prompting.

On the MT-Bench dataset (Table 3), pairwise
methods achieve similar performance and consis-
tently outperform the pointwise approach. Since
MT-Bench focuses on general response quality
rather than adversarial robustness, this result sug-
gests that PREPAIR does not compromise effective-
ness in standard evaluation while offering clear ben-
efits in adversarial settings. Overall, these results
demonstrate that PREPAIR effectively balances
the strengths of pointwise and pairwise evaluation,
improving reliability against adversarial samples
while maintaining strong performance in normal
evaluation tasks.

5.3 Analysis

We conduct further analysis to understand PRE-
PAIR comprehensively as follows.
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5.3.1 Evaluating PREPAIR to Open-source
LLMs

We use the following open-source LLMs to probe
the effectiveness of PrePair: Llama-2-7b-chat (Tou-
vron et al., 2023), Llama-3-8B-Instruct (Dubey
et al., 2024), and Llama-3.1-8b-Instruct (Dubey
et al., 2024). As shown in Table 4, PrePair consis-
tently contributes to better performance of LLM
evaluators on adversarial meta-evaluation datasets.

5.3.2 Evaluating PREPAIR to a Finetuned
LLM Evaluator

We conducted experiments with Prometheus-v2-
7B? (Kim et al., 2024), which supports both point-
wise and pairwise evaluations. The evaluation re-
sults are shown in Table 5. We observe consistent
trends with our previous results, where a pointwise
evaluation usually performs better than a pairwise
one in adversarial samples, and PrePair increases
the performance of pairwise evaluators.

5.3.3 Extending PREPAIR with Different
Reasoning Strategies

To assess the extensibility of PREPAIR, we apply it
to the Self-Generated Metric approach (Saha et al.,
2024; Zeng et al., 2024), where LLMs first generate
instance-specific evaluation criteria before making
judgments. These criteria are then incorporated
into prompts to guide the evaluation process.

We compare PREPAIR with standard pairwise
evaluation when generating both metrics and ex-
planations. As shown in Table 6, PREPAIR con-
sistently improves performance, suggesting that its
reasoning mechanism enhances evaluation robust-
ness. Moreover, its effectiveness across different
reasoning setups indicates that PREPAIR can com-
plement other evaluation strategies, making it a
flexible addition to existing frameworks.

5.3.4 Impacts of Different Aggregation
Strategies in Pointwise Approach

In pointwise evaluation, the final score for a re-
sponse is typically derived through an aggregation
strategy, which determines how individual scoring
tokens contribute to the overall decision. A com-
mon approach is to compute a weighted sum over
the probabilities of score tokens, which has been
shown to improve performance (Liu et al., 2023).
However, certain benchmarks, such as MT-Bench,

2https://huggingface.co/prometheus—eval/
prometheus-7b-v2.0


https://huggingface.co/prometheus-eval/prometheus-7b-v2.0
https://huggingface.co/prometheus-eval/prometheus-7b-v2.0

Methods Manual GPTInst GPTOut Neighbor Total
Llama-2-13b-chat
Pairwise 28.26 28.26 51.06 29.10 31.97
w/ CoT 32.61 35.87 57.45 22.39 32.92
w/ PREPAIR 36.96 32.61 63.83 40.30 41.07
Llama-3-8B-Instruct
Pairwise 45.65 4891 48.94 32.09 41.38
w/ CoT 54.35 46.74 48.94 41.04 45.77
w/ PREPAIR 52.17 72.83 51.06 58.96 60.82
Llama-3.1-8B-Instruct
Pairwise 60.87 73.91 61.70 52.99 61.44
w/ CoT 52.17 55.43 53.19 45.52 50.47
w/ PREPAIR 69.57 7717 53.19 73.13 70.84

Table 4: Accuracies on the LLMBar-Adversarial dataset for different Llama model variants. Each model is evaluated

using Pairwise, Chain-of-Thought (CoT), and PrePair.

Methods Manual GPTInst GPTOut Neighbor Total
Pointwise 47.83 54.35 55.32 43.28 48.90
Pairwise 50.00 33.70 57.45 32.84 39.19

w/ PREPAIR 58.70 57.61 57.45 35.82 48.59

Table 5: Accuracies on the LLMBar-Adversarial dataset for Prometheus-v2-7b (Kim et al., 2024) model. Each
model is evaluated using Pointwise, Pairwise, and PrePair.

Methods Manual GPTInst GPTOut Neighbor Total
Pointwise 56.52 61.96 38.30 49.25 52.35
Pairwise 41.30 33.70 40.43 34.33 36.05
w/ CoT 28.26 39.13 46.81 22.39 31.66
w/ SGM 52.17 55.43 46.81 55.97 53.92
w/ PREPAIR 52.17 64.13 48.94 50.00 54.23
w/ PREPAIR + SGM 58.70 63.04 51.06 57.46 58.31

Table 6: Accuracies on the LLMBar-Adversarial dataset using Pointwise, Pairwise, Chain-of-Thought (CoT),
Self-Generated Metric (SGM) (Saha et al., 2024), PrePair, and PrePair with SGM.

allow tie predictions, requiring an alternative strat-
egy. To accommodate this, our pointwise evaluator
for MT-Bench directly uses the scalar value gener-
ated by the model instead of applying a weighted
sum. In contrast, the RewardBench-Chat subset
(Lambert et al., 2024) does not include tie options,
allowing a direct comparison between aggregation
strategies. Here, the pointwise evaluator follows
the same setup as in LLMBar, computing scores
based on a weighted sum over Likert-scale inte-
ger tokens. The dataset, curated from AlpacaEval
(Dubois et al., 2024) and MT-Bench, consists of
358 samples, each containing an instruction, two
model outputs, and a preference label indicating
the superior response without the possibility of a
tie.

Table 7 presents the results, showing that even
when using a weighted sum aggregation, pairwise
evaluation still outperforms pointwise evaluation.
This indicates that the aggregation strategy alone
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does not bridge the performance gap between the
two approaches. These findings reinforce our claim
that pointwise evaluation is particularly beneficial
in adversarial settings, whereas pairwise evaluation
remains more effective in general cases.

5.3.5 Qualitative Result

Table 8 presents a comparison between standard
Chain-of-Thought (CoT) reasoning and our PRE-
PAIR-based evaluation on a sample from the
dataset. GPT-3.5-Turbo is used as an LLM evalu-
ator. The evaluation involves assessing two outputs
in response to a prompt asking for an illustrative ex-
ample of artificial intelligence. The standard CoT
evaluator favors Output (a) for its breadth and cov-
erage of various Al applications, overlooking the
fact that the instruction specifically asks for a single
example. In contrast, PREPAIR provides a more
precise analysis, recognizing that Output (a) does
not strictly follow the instruction, whereas Output
(b) effectively aligns with the task by offering a



AlpacaEval  AlpacaEval AlpacaEval MTBench MTBench

Model -Easy -Hard -Length -Easy -Med (ngg
(100) 95) (95) (28) (40)
GPT-3.5-Turbo

Pointwise 75.00 72.63 74.74 92.86 75.00 75.70

Pairwise 89.00 91.58 83.16 100.00 80.00 87.99
GPT-4

Pointwise 87.00 84.21 86.32 100.00 100.00 88.55

Pairwise 96.00 95.79 92.63 100.00 100.00 95.81

GPT-40-mini

Pointwise 93.00 88.42 89.47 100.00 97.50 91.90

Pairwise 96.00 94.74 96.84 100.00 95.00 96.09
GPT-40

Pointwise 90.00 89.47 84.21 100.00 100.00 90.22

Pairwise 93.00 92.63 92.63 100.00 97.50 93.85

Table 7: Evaluation results of different evaluation approach on the RewardBench-Chat (Lambert et al., 2024).
The pointwise evaluation follows a weighted sum aggregation over score token probabilities, while the pairwise
evaluation directly compares two responses.

Evaluation Sample
Instruction: Generate an example that illustrates the concept of "artificial intelligence".

Output A: Artificial intelligence has numerous applications in real life. Examples include self-driving cars, facial recognition
software, and voice assistants such as Siri and Alexa. Al is also used in medical applications such as disease detection, drug
development and medical diagnostics. Al is also used in finance applications such as automated trading, fraud detection and
predictive analytics.

Output B: An example of artificial intelligence is a robotic vacuum cleaner that is able to map out a room and create an efficient
cleaning path. It can also adjust its cleaning strategies based on different levels of dirt and debris. (Human-preferred)

Vanilla Chain-of-Thought

Explanation of Output (a) and Output (b) Output (a) provides a broader and more comprehensive illustration of the concept of
artificial intelligence by mentioning various real-life applications across different fields such as technology, medicine, and finance.
It gives a well- rounded view of the capabilities and impact of AL. On the other hand, Output (b) focuses on a specific example
of a robotic vacuum cleaner, which, although a good example, lacks the depth and variety of applications highlighted in Output
(a). / Decision: Output (a)

PrePair (Ours)

Explanation of Output (a) The output provided goes beyond the scope of the instruction by listing multiple examples of artificial
intelligence applications rather than generating a single example to illustrate the concept of "artificial intelligence." While the
examples mentioned are relevant and informative, the response fails to precisely execute the instruction by not focusing on a
single illustrative example. To improve, the Al chatbot should provide a specific and concise example that clearly demonstrates
the concept of artificial intelligence.

Explanation of Output (b) The output provided does a good job of illustrating the concept of "artificial intelligence" by giving a
specific example of a robotic vacuum cleaner that demonstrates Al capabilities. It effectively showcases how Al can be applied in
everyday technology to perform tasks autonomously and adaptively. The example is relevant, clear, and directly aligns with the
instruction given. Overall, the output is of high quality as it precisely executes the instruction by providing a suitable example
of artificial intelligence in action. / Decision: Output (b)

Table 8: Explanations and judgment of different pairwise evaluators from an LLMBar-Adversarial sample. The
correct and lincorrect generations are manually highlighted.

clear and illustrative example of Al in action. This

example highlights how PREPAIR enhances evalua-
tion by focusing on adherence to instructions rather
than surface-level completeness, thereby mitigating
biases in pairwise comparison.

6 Discussion and Future Directions

In this study, we analyze the reliability of LLM
evaluators using two approaches: pairwise (evalu-
ating outputs simultaneously) and pointwise (evalu-
ating outputs individually). Our findings show that

86

in adversarial settings, pairwise evaluators favor
superficial attributes with biases. In contrast, while
pointwise evaluators improve performance in those
settings, they struggle in normal settings. Based
on these findings, we propose a hybrid approach,
PREPAIR, which analyzes outputs pointwise be-
fore making a final pairwise decision. In future
work, we plan to investigate whether our findings
hold consistently across a broader range of biases
(Ye et al., 2024) and whether PREPAIR remains
effective in mitigating them. Despite its efficacy,



we also note that PREPAIR may not be the ulti-
mate solution for LLM-based evaluations. The
ultimate goal should be to enable LLMs to discern
response quality based on human preference hier-
archies, even when presented with adversarial sam-
ples simultaneously. Nevertheless, reaching this
goal is challenging, as even powerful proprietary
models have yet to achieve this. Therefore, our
work is important for advancing the development
of LLM evaluators that better align with human
judgment.
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A Experimental Details

A.1 Models
We use gpt-3.5-turbo-0125, claude-3-
haiku-20240307, gpt-4-0613, gpt-4o0-mini-

2024-07-18, and gpt-40-2024-08-06 for GPT-
3.5-Turbo, Claude-3-Haiku, GPT-4, GPT-40-mini,
and GPT-4o, respectively. The generation tempera-
ture is set to O for all models in Table 2 and Table 3.
The evaluation results with a different temperature
(i.e., 0.7) are also presented in Table 9.

A.2 Implementation Details in LLM
Evaluators

We present further implementation details of differ-
ent evaluation approaches used in our experiments.

Pointwise For the evaluation in MT-Bench, we
follow the original prompt in Zheng et al. (2024)
that asks LLMs to choose one of the three options
(i.e., "Output A is better", "Output B is better",
or "tie"). For LLMBar, we ask LLMs to evalu-
ate the output in a 5-point Likert scale and obtain
a weighted sum between each integer token and
its predicted probability (Liu et al., 2023). Since
Claude API does not support the predictive proba-
bility of each token, we do not apply this weighted-
sum strategy of pointwise evaluator for Claude.
Note that PREPAIR does not require the token prob-
ability as it only performs pointwise reasoning in-
stead of pointwise final judgments.

Pairwise For the evaluation in MT-Bench, we use
the original prompt released by the authors. For the
evaluation in LLMBar, we use the Rules prompt
that specifies general rules for LLM evaluation
(e.g., "prioritize the honest instruction-following")
as recommended by Zeng et al. (2024). These
general rules are specified in the prompts of both
pointwise and pairwise evaluators.

A.3 Prompt Details

We present the prompts of different evaluation
strategies in Fig. 3 to Fig. 13.
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A.4 Human annotation Details

The goal of human annotation is to quantitatively
assess the LLM’s understanding of the shortcom-
ings in the answers it incorrectly identified as cor-
rect.> Authors manually examined the explanation
provided by the LLM for 100 randomly sampled
adversarial examples with incorrect predictions.*
The examination comprehensively considered the
strengths and weaknesses of both the correct and
incorrect outputs. However, its reliability may be
affected by focusing on the cons of low-quality
outputs to assess alignment. A case study of the
annotation is in Appendix C.2.

B Additional Results

B.1 Results with Different Generation Setup

We conduct experiments with reasoning-based eval-
uation methods when the decoding temperature is
0.7, as reported in Kojima et al. (2022). Results in
Table 9 demonstrate the effectiveness of PREPAIR
in different generation configurations.

B.2 Results with Paraphrased Text Prompt

Table 10 presents the evaluation results using para-
phrased prompts generated by GPT-4. Despite us-
ing these variations, PrePair maintains its effective-
ness even in adversarial datasets.

C Qualitative Results
C.1 Qualitative Results of PREPAIR

We present several case studies utilizing our
method in Fig. 14 to 15. The examples are gener-
ated by gpt-3.5-turbo-0125 and gpt-4o.

C.2 Case Study of Human Annotation

In this section, we examine LLM evaluators’ capa-
bility to identify the shortcomings in the answers it
has incorrectly selected as good. The manual for
examination covers three main considerations:

1. Existence of Superficial Preference: We
have examined whether the LLM evaluator
has demonstrated a preference for responses
that, despite failing to follow instructions, pre-
sented a superficial form that the LLM tended
to favor.

3The CoT prompting used in this analysis improved the
pairwise evaluation performance from 36.05 to 40.12 but
remained significantly lower than the pointwise evaluation
(52.35).

*Two of the authors with a bachelor’s degree or higher
participated in this annotation process.



2. Validity of Strengths and Weaknesses: We
have critically assessed whether the evalua-
tor’s judgments of each output’s strengths and
weaknesses are reasonable and reflect the true
quality of the responses.

3. Failure to Follow Instructions: Most impor-
tantly, we have focused on whether the LLM
evaluator has consistently recognized "failing
to follow instructions" as the key flaw, as this
was the primary focus of the examination.

This manual has served as a guide throughout the
entire examination process.

As aresult, Fig. 16 to Fig. 19 show that LLM
evaluators effectively identify the critical draw-
backs of instruction following failures in responses
they rated highly but are of low quality. This draw-
backs are highlighted in yellow .
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Adversarial (319)

Methods Natural 100)  yronual (46)  GPTInst (92)  GPTOut (47)  Neighbor (134)  Total (319)
GPT-3.5-Turbo w/ T=0.0 (Greedy Decoding)

Pointwise 81.00 56.52 61.96 38.30 49.25 52.35

Pairwise 82.00 41.30 33.70 40.43 34.33 36.05
w/ CoT 83.00 28.26 39.13 46.81 22.39 31.66
w/ PREPAIR* 82.00 36.96 41.30 46.81 32.09 37.62
w/ PREPAIR 81.00 52.17 64.13 48.94 50.00 54.23

GPT-3.5-Turbo w/ T=0.7
w/ CoT 84.00 3043 31.52 44.68 24.63 30.41
w/ PREPAIR* 78.00 34.78 44.57 46.81 28.36 36.68
w/ PREPAIR 81.00 54.35 61.96 57.45 54.48 57.06
GPT-4 w/ T=0.0 (Greedy Decoding)

Pointwise 93.00 84.78 90.22 74.47 79.85 82.76

Pairwise 95.00 71.74 84.78 74.47 76.12 77.74
w/ CoT 94.00 76.09 85.87 74.47 72.39 77.12
w/ PREPAIR* 94.00 80.43 84.78 74.47 74.63 78.37
w/ PREPAIR 93.00 80.43 83.70 78.72 79.85 80.88

GPT-4 w/ T=0.7
w/ CoT 95.00 76.09 86.96 76.60 70.90 77.12
w/ PREPAIR* 95.00 73.91 86.96 74.47 76.87 79.00
w/ PREPAIR 92.00 71.74 83.70 78.72 82.84 80.88
Claude-3-Haiku w/ T=0.0 (Greedy Decoding)

Pairwise 87.00 52.17 46.74 55.32 27.61 40.75
w/ CoT 87.00 43.48 45.65 59.57 30.60 41.07
w/ PREPAIR* 81.00 43.48 45.65 65.96 33.58 43.26
w/ PREPAIR 85.00 60.87 52.17 59.57 50.00 53.60

GPT-40-mini w/ T=0.0 (Greedy Decoding)

Pointwise 91.00 76.09 88.04 61.70 77.61 78.05

Pairwise 87.00 60.87 80.43 65.96 62.69 68.03
w/ CoT 88.00 58.70 72.83 65.96 56.72 63.01
w/ PrePair* 88.00 67.39 82.61 74.47 57.46 68.65
w/ PrePair 89.00 69.57 91.30 70.21 74.63 78.06

GPT-40 w/ T=0.0 (Greedy Decoding)

Pointwise 96.00 91.30 92.39 78.72 86.57 87.77

Pairwise 97.00 80.43 93.48 80.85 84.33 85.89
w/ CoT 96.00 82.61 90.22 70.21 82.84 83.07
w/ PrePair* 98.00 84.78 92.39 82.98 83.58 86.21
w/ PrePair 95.00 89.13 91.30 78.72 84.33 86.21

Llama-3.1-8B-Instruct w/ T=0.0 (Greedy Decoding)

Pointwise 84.00 60.87 73.91 61.70 52.99 61.44

Pairwise 83.00 54.35 58.70 46.81 40.30 48.59
w/ CoT 75.00 52.17 55.43 53.19 45.52 50.47
w/ PrePair* 80.00 63.04 61.96 51.06 64.18 61.44
w/ PrePair 79.00 69.57 77.17 53.19 73.13 70.84

Table 9: LLMBar results with a breakdown of performance in each subset. Numbers in the parenthesis denote
the number of evaluation samples in each subset. The values in the Total column represent the weighted average,
accounting for the different numbers of examples in each adversarial data type.

Methods Manual (46) GPTInst (92) GPTOut (47) Neighbor (134) Total (319)

Pointwise 45.65 4891 42.55 45.52 46.08
Pairwise 39.13 44.57 42.55 41.79 42.32
w/ CoT 32.61 43.48 44.68 13.43 29.47
w/ PrePair * 28.26 44.57 40.43 30.60 35.74
w/ PrePair 47.83 71.74 51.06 58.96 59.88

Table 10: Accuracies on adversarial datasets for GPT-3.5-Turbo with paraphrased text prompts.
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[System]
You are a helpful assistant in evaluating the quality of the outputs for a given
instruction. Your goal is to select the best output for the given instruction.

[User]

After giving a pros and cons of each output, select the Output (a) or Output (b)
that is better for the given instruction. The two outputs are generated by two
different AI chatbots respectively.

Here are some rules of the evaluation:

(1) You should prioritize evaluating whether the output honestly/precisely/closely
executes the instruction, then consider its helpfulness, accuracy, level of detail,
harmlessness, etc.

(2) Outputs should NOT contain more/less than what the instruction asks for, as such
outputs do NOT precisely execute the instruction.

(3) You should avoid any potential bias and your judgment should be as objective as
possible. For example, the order in which the outputs were presented should NOT
affect your judgment, as Output (a) and Output (b) are skequally likelyx* to be the
better.

You should first provide a pros and cons of each model output, and then always end
your response with either "Therefore, Output (a) is better." or "Therefore, Output
(b) is better." verbatim.

Do NOT say both / neither are good.

Do NOT output any other words.

Do NOT say "Output (a) is better" or "Output (b) is better" at the beginning. You
should do reasoning and thinking *xbeforexx claiming which is better.

# Instruction:
{context}

# Output (a):
{output_1}

# Output (b):
{output_2}

# Your generation should follow the given format.
Pros of Output (a)

Cons of Output (a)
Pros of Output (b)
Cons of Output (b)

#
1
#
1
#
1
#
1.
# Final choice

Therefore, Output (a)/(b) is better.

# Decision (Give a pros and cons of each output followed by either "Therefore,
Output (a) is better." or "Therefore, Output (b) is better." verbatim. Always claim
which is better at the end.):

Figure 3: The strengths and weaknesses prompt for pairwise evaluation.
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[System]

You are a helpful assistant in evaluating the quality of the outputs for a given
instruction. Your goal is to evaluate the quality of output for the given
instruction.

[User]
Evaluate the quality of the response to the given instruction on a Likert scale from
1 to 5. The output is generated by an AI chatbot.

Here are some rules of the evaluation:

(1) You should prioritize evaluating whether the output honestly/precisely/closely
executes the instruction, then consider its helpfulness, accuracy, level of detail,
harmlessness, etc.

(2) Outputs should NOT contain more/less than what the instruction asks for, as such
outputs do NOT precisely execute the instruction.

(3) You should avoid any potential bias and your judgment should be as objective as
possible.

Do NOT provide any explanation for your choice.
You should answer using ONLY an integer from 1 to 5. Do NOT output any other words.

# Instruction:
{context}

# Output:
{output}

Figure 4: The default prompt for pointwise evaluation with LLMBar dataset.
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[System]
You are a helpful assistant in evaluating the quality of the outputs for a given
instruction. Your goal is to select the best output for the given instruction.

[User Input]
Select the Output (a) or Output (b) that is better for the given instruction. The
two outputs are generated by two different AI chatbots respectively.

Here are some rules of the evaluation:

(1) You should prioritize evaluating whether the output honestly/precisely/closely
executes the instruction, then consider its helpfulness, accuracy, level of detail,
harmlessness, etc.

(2) Outputs should NOT contain more/less than what the instruction asks for, as such
outputs do NOT precisely execute the instruction.

(3) You should avoid any potential bias and your judgment should be as objective as
possible. For example, the order in which the outputs were presented should NOT
affect your judgment, as Output (a) and Output (b) are xkequally likelyxx to be the
better.

Do NOT provide any explanation for your choice.

Do NOT say both / neither are good.

You should answer using ONLY "Output (a)" or "Output (b)". Do NOT output any other
words.

# Instruction:
{context}

# Output (a):
{output_1}

# Output (b):
{output_2}

# Which is better, Output (a) or Output (b)? Your response should be either "Output
(a)" or "Output (b)":

Figure 5: The default prompt for pairwise evaluation with LLMBar dataset.
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[System]
You are a helpful assistant in evaluating the quality of the outputs for a given
instruction. Your goal is to select the best output for the given instruction.

[User]

After giving a brief explanation, select the Output (a) or Output (b) that is better
for the given instruction. The two outputs are generated by two different AI
chatbots respectively.

Here are some rules of the evaluation:

(1) You should prioritize evaluating whether the output honestly/precisely/closely
executes the instruction, then consider its helpfulness, accuracy, level of detail,
harmlessness, etc.

(2) Outputs should NOT contain more/less than what the instruction asks for, as such
outputs do NOT precisely execute the instruction.

(3) You should avoid any potential bias and your judgment should be as objective as
possible. For example, the order in which the outputs were presented should NOT
affect your judgment, as Output (a) and Output (b) are skequally likelyx*x to be the
better.

You should first provide a brief explanation of your evaluation, and then always end
your response with either "Therefore, Output (a) is better." or "Therefore, Output
(b) is better." verbatim.

Do NOT say both / neither are good.

Do NOT output any other words.

Do NOT say "Output (a) is better" or "Output (b) is better" at the beginning. You
should do reasoning and thinking s*xbeforexx claiming which is better.

# Instruction:
{context}

# Output (a):
{output_1}

# Output (b):
{output_2}

# Decision (Give a brief explanation of your evaluation followed by either
"Therefore, Output (a) is better." or "Therefore, Output (b) is better." verbatim.
Always claim which is better at the end. In your explanation, you should always use
"Qutput (a)" or "Output (b)" to refer to the two outputs respectively.):

Figure 6: The chain-of-thought prompt for pairwise evaluation with LLMBar dataset.

95




Y4

\

~
[System]
You are a helpful assistant in evaluating the quality of the outputs for a given instruction.
Your goal is to evaluate the quality of output for the given instruction.
[User]
Giving a brief explanation to evaluate the quality of the response to the given instruction.
The output is generated by an AI chatbot.
Here are some rules of the evaluation:
(1) You should prioritize evaluating whether the output honestly/precisely/closely executes
the instruction, then consider its helpfulness, accuracy, level of detail, harmlessness, etc.
(2) The Model outputs should NOT contain more/less than what the instruction asks for, as
such outputs do NOT precisely execute the instruction.
(3) You should avoid any potential bias and your judgment should be as objective as possible.
You should provide a brief explanation of your evaluation.
Your explanation should identify critical drawbacks in model outputs that do not meet the
above evaluation rules.
# Instruction:
{context}
# Output:
{output}
Give your concise explanation.
A/
)
[System]
You are a helpful assistant in evaluating the quality of the outputs for a given instruction.
Your goal is to select the best output for the given instruction.
[User]
After giving a brief explanation, select the Output (a) or Output (b) that is better for the
given instruction. The two outputs are generated by two different AI chatbots respectively.
Here are some rules of the evaluation:
(1) You should prioritize evaluating whether the output honestly/precisely/closely executes
the instruction, then consider its helpfulness, accuracy, level of detail, harmlessness, etc.
(2) Outputs should NOT contain more/less than what the instruction asks for, as such outputs
do NOT precisely execute the instruction.
(3) You should avoid any potential bias and your judgment should be as objective as possible.
For example, the order in which the outputs were presented should NOT affect your judgment,
as Output (a) and Output (b) are xkequally likelyxx to be the better.
You should first provide a brief explanation of your evaluation, and then always end your
response with either "Therefore, Output (a) is better." or "Therefore, Output (b) is better."
verbatim.
Do NOT say both / neither are good.
Do NOT output any other words.
Do NOT say "Output (a) is better" or "Output (b) is better" at the beginning.
You should do reasoning and thinking s*beforexx claiming which is better.
Your explanation should identify critical drawbacks in model outputs that do not meet the
above evaluation rules.
# Instruction:
{context}
# Output (a):
{output_1}
# Output (b):
{output_2}
Give a brief explanation of your evaluation for each output. Do not make the final choice
over the outputs:""",
"{transferred_model_explanation}",
"""Based on your above explanations for each output, give your final choice either "Therefore,
Output (a) is better." or "Therefore, Output (b) is better."
verbatim: )

Figure 7: The prompts of pointwise analysis and pairwise judgments in PREPAIR in LLMBar.
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[System]
You are a helpful assistant in evaluating the quality of the outputs for a given
instruction. Your goal is to select the best output for the given instruction.

[User]

After giving a brief explanation, select the Output (a) or Output (b) that is better
for the given instruction. The two outputs are generated by two different AI
chatbots respectively.

Here are some rules of the evaluation:

(1) You should prioritize evaluating whether the output honestly/precisely/closely
executes the instruction, then consider its helpfulness, accuracy, level of detail,
harmlessness, etc.

(2) Outputs should NOT contain more/less than what the instruction asks for, as such
outputs do NOT precisely execute the instruction.

(3) You should avoid any potential bias and your judgment should be as objective as
possible. For example, the order in which the outputs were presented should NOT
affect your judgment, as Output (a) and Output (b) are skequally likelyx* to be the
better.

You should first provide a brief explanation of your evaluation, and then always end
your response with either "Therefore, Output (a) is better." or "Therefore, Output
(b) is better." verbatim.

Do NOT say both / neither are good.

Do NOT output any other words.

Do NOT say "Output (a) is better" or "Output (b) is better" at the beginning.

You should do reasoning and thinking xxbeforexx claiming which is better.

Your explanation should identify critical drawbacks in model outputs that do not
meet the above evaluation rules.

# Instruction:
{context}

# Output (a):
{output_1}

# Output (b):
{output_2}

Please follow the given output format:
Explanation of Output (a):

Explanation of Output (b):

First, give a brief explanation of your evaluation for each output. Do not make the
final choice over the outputs."""

[System]
You are a helpful assistant in evaluating the quality of the outputs for a given
instruction. Your goal is to select the best output for the given instruction.

[User]
{transferred_model_explanation}

Based on your above explanations for each output, give your final choice either
"Therefore, Output (a) is better." or "Therefore, Output (b) is better."
verbatim:

Figure 8: The prompts of pairwise analysis and pairwise judgments in PREPAIR* in LLMBar dataset.
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[System]

Please act as an impartial judge and evaluate the quality of the response provided
by an AI assistant to the user question displayed below.

Your evaluation should consider factors such as the helpfulness, relevance, accuracy,
depth, creativity, and level of detail of the response.

Be as objective as possible. Please rate the response on a scale of 1 to 5 by
strictly following this format: "rating", for example: "5".

Do NOT provide any explanation for your choice. You should answer using ONLY an
integer from 1 to 5. Do NOT output any other words.

[User Question]
{context}

[The Start of Assistant's Answer]
{output}
[The End of Assistant's Answer]

Figure 9: The default prompt for pointwise evaluation with MT-Bench dataset.

[System]
Please act as an impartial judge and evaluate the quality of the responses provided
by two AI assistants to the user question displayed below.

[User]

You should choose the assistant that follows the user’s instructions and answers the
user’s question better.

Your evaluation should consider factors such as the helpfulness, relevance, accuracy,
depth, creativity, and level of detail of their responses.

Avoid any position biases and ensure that the order in which the responses were
presented does not influence your decision.

Do not allow the length of the responses to influence your evaluation. Do not favor
certain names of the assistants. Be as objective as possible.

Output your final verdict by strictly following this format: "[[A]]" if assistant A
is better, "[[B]]" if assistant B is better, and "[[C]]" for a tie.

You should answer using ONLY "A", "B", and "C". Do NOT output any other words.

[Question]
{context}

[The Start of Assistant A's Answerl]
{output_1}
[The End of Assistant A's Answerl]

[The Start of Assistant B's Answerl]
{output_2}
[The End of Assistant B's Answer]

Figure 10: The default prompt for pairwise evaluation with MT-Bench dataset..
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[System]

Please act as an impartial judge and evaluate the quality of the responses provided
by two AI assistants to the user question displayed below.

You should choose the assistant that follows the user’s instructions and answers the
user’s question better. Your evaluation should consider factors such as the
helpfulness, relevance, accuracy, depth, creativity, and level of detail of their
responses. Begin your evaluation by comparing the two responses and provide a short
explanation. Avoid any position biases and ensure that the order in which the
responses were presented does not influence your decision.

Do not allow the length of the responses to influence your evaluation. Do not favor
certain names of the assistants.

Be as objective as possible. After providing your explanation, output your final
verdict by strictly following this

format: "[[A]]" if assistant A is better, "[[B]]" if assistant B is better, and
"[[CI]" for a tie.

[Question]
{context}

[The Start of Assistant A's Answerl]
{output_1}
[The End of Assistant A's Answer]

[The Start of Assistant B's Answerl]
{output_2}
[The End of Assistant B's Answerl]

Figure 11: The chain-of-thought prompt for pairwise evaluation with MT-Bench dataset.
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[System]
Please act as an impartial judge and evaluate the quality of the responses provided
by two AI assistants to the user question displayed below.

[User]

Giving a brief explanation to evaluate the quality of the response to the given
instruction. The output is generated by an AI chatbot.

Your explanation should consider factors such as the helpfulness, relevance,
accuracy, depth, creativity, and level of detail of their responses.

Do not allow the length of the responses to influence your evaluation. Do not favor
certain names of the assistants. Be as objective as possible.

You should provide a brief explanation of your evaluation.
Your explanation should identify critical drawbacks in model outputs that do not
meet the above evaluation rules.

# Instruction:
{context}

# Output:
{output}

Give your concise explanation.

[System]
Please act as an impartial judge and evaluate the quality of the responses provided
by two AI assistants to the user question displayed below.

[User]
{transferred_model_explanation}

Based on your above explanations for each output, give your final choice by strictly
following this format: "[[A]]" if assistant A is better, "[[B]]" if assistant B is
better, and "[[C]]" for a tie:

Figure 12: The prompts of pointwise analysis and pairwise judgments in PREPAIR with MT-Bench dataset
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[System]
Please act as an impartial judge and evaluate the quality of the responses provided
by two AI assistants to the user question displayed below.

[User]

You should choose the assistant that follows the user’s instructions and answers the
user’s question better. Your evaluation should consider factors such as the
helpfulness, relevance, accuracy, depth, creativity, and level of detail of their
responses. Begin your evaluation by comparing the two responses and provide a short
explanation individually.

Avoid any position biases and ensure that the order in which the responses were
presented does not influence your decision.

Do not allow the length of the responses to influence your evaluation. Do not favor
certain names of the assistants.

Be as objective as possible.

Your explanation should identify critical drawbacks in model outputs that do not
meet the above evaluation rules.

Output your final verdict by strictly following this format: "[[A]]" if assistant A
is better, "[[B]]" if assistant B is better, and "[[C]]" for a tie.

# Instruction:
{context}

# Output (a):
{output_1}

# Output (b):
{output_2}

Give a brief explanation of your evaluation for each output. Do not make the final
choice over the outputs.

Please follow the given output format:

Explanation of Output (a):

Explanation of Output (b):

N

[System]
Please act as an impartial judge and evaluate the quality of the responses provided
by two AI assistants to the user question displayed below.

[User]
{transferred_model_explanation}

Based on your above explanations for each output, give your final choice by strictly
following this format: "[[A]]" if assistant A is better, "[[B]]" if assistant B is
better, and "[[C]]" for a tie:

J/

Figure 13: The prompts of pairwise analysis and pairwise judgments with PREPAIR* in MT-Bench dataset
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Input
Paraphrase this statement in your own words. Al is playing an increasingly important role in our
society.

Output (a)
Al technology is becoming increasingly essential in our world.

Output (b)

Artificial Intelligence (Al) is transforming the way we interact with our surroundings, accelerating
the pace of development in many aspects, including healthcare, finance, transportation, and
consumer products. Al allows computers to learn, adapt, and process complex data faster than
humans and is poised to have an even greater influence on our daily lives in the near future.

P
PREPair (Ours)

Explanation of Output (a)

The output provided closely follows the instruction by paraphrasing the statement
"AI is playing an increasingly important role in our society" to "AI technology is
becoming increasingly essential in our world." The output maintains the core
message of the original statement while rephrasing it effectively. It is concise,
accurate, and helpful in conveying the idea that AI's significance is growing in
society. Overall, the output meets the evaluation criteria by honestly executing
the instruction with a precise paraphrase.

Explanation of Output (b)

The output provided does not precisely execute the instruction as it does not
paraphrase the statement "AI is playing an increasingly important role in our
society." Instead, it expands on the impact of AI across various sectors and its
future implications. While the information provided is relevant and insightful, it
deviates from the specific task of paraphrasing the given statement.

Decision
Output (a)
N

p
Vanilla Chain-of-Thought

Explanation of Output (a) and Output (b)

Output (b) is better as it not only paraphrases the statement but also provides
additional context and details about the impact of AI on various sectors of
society. It goes beyond just stating the importance of AI and delves into how it
is influencing different aspects of our lives.

Decision
Output (b)
AN

Figure 14: Sampled prediction results of PREPAIR and vanilla chain-of-thought.
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Input

Remind me in 30 minutes to pick up milk on the way back from work.

Output (a)

Sure, I'll remind you in 30 minutes to pick up milk on the way back from work.

Output (b)

My goal as a language model is to reply with accurate information as quickly as possible and as
such | do not have a concept of response time.

Please let me know what operating system you are using and | can provide instructions on how to
set an alarm on your device.

p
PREPair (Ours)

Explanation of Output (a)

The output does not precisely execute the instruction because an AI chatbot cannot
set reminders or perform time-based actions. The response inaccurately suggests
that it can remind the user in 30 minutes, which is misleading and not helpful.
The output should have informed the user of this limitation and possibly suggested
an alternative method for setting a reminder, such as using a phone or a reminder
app. This critical drawback affects the accuracy and honesty of the response.

Explanation of Output (b)

The output does not precisely execute the instruction, which is to remind the user
in 30 minutes to pick up milk. Instead, the response explains the limitations of
the AI model and offers to provide instructions for setting an alarm on a device.
This does not fulfill the user's request for a reminder, as it neither sets a
reminder nor provides a direct solution. The response is not helpful in the
context of the instruction, as it shifts the responsibility to the user without
offering a direct reminder. Additionally, the output contains more information
than requested, which violates the evaluation rule of not providing more or less
than what the instruction asks for.

Decision
Output (b)
AN

P
Vanilla Chain-of-Thought

Explanation of Output (a) and Output (b)

Output (a) acknowledges the request and provides a response that aligns with the
instruction, even though it does not have the capability to set a reminder. It
gives the impression of fulfilling the request, which is what the user is looking
for. Output (b), on the other hand, explains the limitations of the language model
and offers to help set a reminder on a device, which is more accurate but does not
directly fulfill the instruction. However, since the instruction is to remind the
user, Output (a) more closely aligns with the user's request by acknowledging it
as if it could be fulfilled. Therefore, Output (a) is better.

Decision
\?utput (a) Y,

Figure 15: Sampled prediction results of PREPAIR and vanilla chain-of-thought.
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Input

How many instruments does a symphony orchestra typically have?

Output (a)

The average number of musicians in a symphony orchestra can vary depending on the specific
orchestra and the repertoire being performed. However, a typical symphony orchestra usually
consists of around 80 to 100 musicians. This number can include various sections such as strings,
woodwinds, brass, and percussion, as well as additional instruments like harp or piano, depending
on the composition being played.

Output (b)
A symphony orchestra typically has anywhere from 60 to 100 different instruments in its ensemble.

Pros and Cons of LLM

# Pros of Output (a)

1. Provides a specific range (80 to 100 musicians) for the typical number of
musicians in a symphony orchestra.

# Cons of Output (a)

1. Lacks a specific mention of the number of instruments in a symphony orchestra.

# Pros of Output (b)

1. Mentions a range (60 to 100 instruments) for the typical number of instruments in
a symphony orchestra.

# Cons of Output (b)
Uses the term "different instruments" which might be slightly misleading as it could
imply unique instruments rather than the total number of instruments.

# Final choice
Therefore, Output (a) is better.

Judgement of LLM (GPT-3.5-turbo)
Output (a)

-

Figure 16: An example of annotated samples described in Section 3.
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Input

Generate a persuasive argument for new initiatives in animal welfare legislation.

Output (a)
Title: Urgent Need for New Measures in Environmental Protection Laws

Introduction: The current state of our environment demands immediate action to address the
pressing challenges we face. As the impacts of climate change, pollution, and habitat destruction
become increasingly evident, it is crucial to implement new measures in environmental protection
laws. These measures will not only safeguard our planet for future generations but also foster
sustainable development and ensure a healthier, more prosperous future for all.

1. Mitigating Climate Change: Climate change is one of the most significant threats we face today.
New measures in environmental protection laws can help reduce greenhouse gas emissions,
promote renewable energy sources, and encourage energy efficiency. By setting stricter emission
standards for industries, incentivizing the adoption of clean technologies, and supporting research
and development in sustainable practices, we can mitigate the effects of climate change and work
towards a carbon-neutral future.

2. Preserving Biodiversity: The loss of biodiversity poses a severe threat to ecosystems and human
well-being. Strengthening environmental protection laws can help preserve and restore habitats,
protect endangered species, and promote sustainable land and water management practices. By
establishing protected areas, implementing stricter regulations on deforestation and wildlife trade,
and supporting conservation initiatives, we can safeguard biodiversity and maintain the delicate
balance of our ecosystems.

3. Combating Pollution: Pollution, whether it be air, water, or soil pollution, has detrimental effects
on human health and the environment. New measures in environmental protection laws can
enforce stricter regulations on industrial emissions, promote waste reduction and recycling, and
encourage the use of eco-friendly technologies. By holding polluters accountable, incentivizing
sustainable practices, and investing in pollution control infrastructure, we can significantly reduce
pollution levels and improve the quality of life for all.

4. Ensuring Sustainable Resource Management: The unsustainable exploitation of natural
resources threatens the availability and quality of essential resources such as water, forests, and
minerals. By implementing new measures in environmental protection laws, we can promote
sustainable resource management practices. This includes regulating extraction activities,
promoting responsible consumption patterns, and supporting the transition to a circular economy.
By doing so, we can ensure the long-term availability of resources and minimize the negative
impacts on ecosystems and communities.

5. Fostering Environmental Justice: Environmental protection laws should prioritize the equitable
distribution of environmental benefits and burdens. New measures can address environmental
injustices by ensuring that vulnerable communities, often disproportionately affected by pollution
and environmental degradation, have access to clean air, water, and a healthy environment. By
incorporating principles of environmental justice into legislation, we can create a fairer and more
inclusive society.
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Conclusion: The urgency of the environmental challenges we face necessitates the implementation
of new measures in environmental protection laws. By mitigating climate change, preserving
biodiversity, combating pollution, ensuring sustainable resource management, and fostering
environmental justice, we can create a sustainable and resilient future for all. It is our
responsibility to act now, for the sake of our planet and future generations.

Output (b)

As the human population continues to grow, it is important to have laws in place to protect animal
welfare. Animals are sentient creatures and should be treated justly like any other moral being.
They also provide vital ecological services to the planet. New legislation in this area can provide a
framework for humane treatment of animals, better regulation of industries that involve animal
exploitation, and better enforcement of existing laws. Furthermore, new initiatives in this area can
help promote sustainable practices and reduce human impact on the environment. Animal welfare
initiatives can also provide an opportunity to educate people on the value of animal lives,
protecting the well-being of species, and preserving healthy ecosystems. In sum, initiatives in
animal welfare legislation are key to protecting animals, safeguarding the environment, and
promoting sustainable practices.

Pros and Cons of LLM

# Pros of Output (a)

1. Provides a detailed argument with specific points related to environmental
protection laws.

2. Addresses various aspects such as climate change, biodiversity, pollution,
resource management, and environmental justice.

# Cons of Output (a)
1. Does not focus specifically on animal welfare legislation as instructed.
2. Lacks direct relevance to the protection and welfare of animals.

# Pros of Output (b)

1. Directly addresses the importance of animal welfare legislation.

2. Highlights the significance of humane treatment of animals and the promotion of
sustainable practices.

# Cons of Output (b)

1. Lacks specific details and examples compared to Output (a).

2. Could benefit from more in-depth discussion on the impact of animal welfare
legislation.

# Final choice
Therefore, Output (a) is better.

LLM judgement (GPT-3.5-turbo)
Output (a)

Figure 17: An example of annotated samples described in Section 3.
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Input
Construct a timeline of significant events in a particular field. field: American history

Output (a)

1954: Brown vs. Board of Education case overturns segregation in public schools

1955: Montgomery Bus Boycott sparks a wave of nonviolent protests

1963: The March on Washington takes place; Martin Luther King, Jr. delivers his "I Have a Dream'
speech

1964: The Civil Rights Act passes, prohibiting discrimination in public places and providing the
federal government with the power to enforce desegregation

1965: Voting Rights Act passes, introducing federal scrutiny of local voting laws and prohibiting
racial discrimination

1968: Fair Housing Act passed, banning discrimination in real estate transactions

Output (b)

1492: Christopher Columbus arrives in the New World
1776: The Declaration of Independence is signed
1788: The United States Constitution is ratified

1863: The Emancipation Proclamation is issued

1917: The United States enters World War |

1941: The United States enters World War Il

1969: Neil Armstrong walks on the moon

Pros and Cons of LLM

# Pros of Output (a)
1. Events listed are specifically related to American history.
2. Events are focused on the civil rights movement, providing a coherent theme.

# Cons of Output (a)
1. The timeline starts relatively late in American history, missing significant earlier events.

# Pros of Output (b)
1. Includes a broader range of historical events spanning from the discovery of America to the moon landing.

# Cons of Output (b)
1. The events listed are not all directly related to American history, some are more globally significant.

# Final choice
Therefore, Output (a) is better.

LLM judgement (GPT-3.5-turbo)
Output (a)

Figure 18: An example of annotated samples described in Section 3.
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Input
What is sigmoid?

Output (a)

The sigmoid is a type of curve that is commonly used in machine learning and statistics. It is a
smooth, continuous curve. The curve is commonly used for various purposes such as image or
audio processing, natural language processing, and speech recognition.

Output (b)

The sigmoid activation function is typically used in the output layer of a binary classification neural
network, where the goal is to predict a probability of the input belonging to one of two classes.
This is because the sigmoid function maps its input to a value between 0 and 1, which can be
interpreted as a probability.

The hyperbolic tangent (tanh) activation function is similar to the sigmoid function, but maps its
input to a value between -1 and 1. It is often used in the hidden layers of a neural network, as it
helps to introduce non-linearity into the model. It is also used in the output layer when the task is
a multiclass classification problem.

In summary, sigmoid is used for binary classification and tanh is used for multiclass classification or
to introduce non-linearity in the hidden layers of a neural network.

Pros and Cons of LLM
# Pros of Output (a)

1. Provides a clear definition of sigmoid.
2. Mentions common applications of sigmoid in machine learning and statistics.

# Cons of Output (a) 1. Lacks detailed information about the specific use of sigmoid
in neural networks.

# Pros of Output (b)

1. Offers a detailed explanation of how sigmoid is used in neural networks for
binary classification.

2. Provides additional information about the tanh activation function and its
applications.

# Cons of Output (b)
1. Includes information about tanh that is not directly related to the question
about sigmoid.

# Final choice
Therefore, Output (b) is better.

Judgement of LLM (GPT-3.5-turbo)
Output (b)

(N

Figure 19: An example of annotated samples described in Section 3.
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Not a nuisance but a useful heuristic:
Outlier dimensions favor frequent tokens in language models
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Abstract

We study last-layer outlier dimensions, i.e. di-
mensions that display extreme activations for
the majority of inputs. We show that outlier
dimensions arise in many different modern lan-
guage models, and trace their function back to
the heuristic of constantly predicting frequent
words. We further show how a model can block
this heuristic when it is not contextually appro-
priate, by assigning a counterbalancing weight
mass to the remaining dimensions, and we in-
vestigate which model parameters boost outlier
dimensions and when they arise during train-
ing. We conclude that outlier dimensions are
a specialized mechanism discovered by many
distinct models to implement a useful token
prediction heuristic.

1 Introduction

It has been widely reported that modern lan-
guage models (LMs) present a number of extreme-
distribution phenomena, with some parameters and
activations that are systematically much larger than
the others (e.g., Kovaleva et al., 2021; Timkey and
van Schijndel, 2021). In this paper, we investigate
one of these phenomena, namely the presence of
outlier dimensions (ODs) on the last layer of LMs.
Unlike what Sun et al. (2024) called massive acti-
vations, that only occur for specific input tokens,
ODs are dimensions that display very extreme acti-
vation values for a majority of the inputs, as shown
for the pythia-12b model in the left panel of Fig. 1.
While dimensions with similar properties also oc-
cur in earlier layers, we focus on those in the last
layer because ODs tend to be more common in the
last layer and, importantly, most of the ODs in the
last layer are not outliers in earlier layers, which
suggests that they play a role specific to output
generation (see ODs by layer in Fig. 1-right for
pythia-12b, and Fig. 5 in Appendix A for the other
models we experiment with).

This hypothesis is borne out in the results.
Across a number of LMs, we find that ablating
ODs significantly affects model performance and,
specifically, that they are part of an ad-hoc mecha-
nism boosting the prediction of frequent tokens—a
sensible heuristic given the skewed nature of word
frequency distributions (Baayen, 2001). Indeed,
keeping only the ODs makes the LMs predict just
a few very common tokens, a strategy that results
in very low but non-negligible accuracy. Moreover,
we show how ODs interact with the unembedding
matrix to favor frequent tokens in general, but also
how the cumulative effect of the other dimensions
can outweigh the effect of ODs when a non-OD-
favored token must be predicted. We also present
evidence that OD values are pushed up by the main
directions in the space of the last-layer MLP down-
projection matrix, as well as by high biases and
weights in the last layer normalization. Finally, we
show how the ODs emerge early during training
after a first phase in which the model is predicting
frequent words by other means.

Our main contributions are as follows:

* We present a thorough characterization of
ODs in a set of modern LMs.

* We identify the function of these activations,
showing that they generally work as a special-
ized module for frequent-token prediction.

* We describe the mechanics by which frequent-
token prediction is achieved (or blocked)
through the interaction between ODs and the
unembedding matrix.

The code to reproduce all the results is avail-
able at https://github.com/imacocco/11lms_
outlier_dimensions/

2 Related work

Extreme values in transformer-based LM activa-
tions and weights are of interest due to their nega-
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Figure 1: Left: Median activation values across our dataset (see Sec. 3) for each last-layer dimension of pythia-12b. The
orange line separates the top 1% of values across all dimensions, used to assess whether a dimension is an outlier. Right:
Evolution of outliers across the layers. The blue dots count the total number of outlier dimensions (ODs) per layer; the orange
squares represent the number of outliers that are also ODs in the last layer (omitted in the last layer because they are the same by

definition).

tive impact on quantization (Dettmers et al., 2022;
Bondarenko et al., 2023), and their role in shaping
anisotropic representations, which are linked, for
instance, to poorer performance on semantic simi-
larity tasks (e.g., Ethayarajh, 2019; Himmerl et al.,
2023). Intriguingly, just a few dimensions with
such extreme values challenge model compression
and general quantization performance, and their
removal has been linked to general performance
degradation (e.g., Kovaleva et al., 2021; Zeng et al.,
2023).

Puccetti et al. (2022) find a positive correlation
between input token frequency and the activation
magnitude of extreme dimensions in hidden layers,
which diminishes in later layers. Notably, they qual-
itatively observe a tendency for BERT to predict
more frequent tokens when extreme dimensions
are removed—which is the opposite of our find-
ings (see e.g. Fig. 2). Puccetti et al. (2022) use
BERT, whereas we focus on decoder-only trans-
former models, and they employ different criteria
to identify ODs. These methodological differences
may explain the discrepancies in our results.

Sun et al. (2024) and An et al. (2025) identify
a specific subset of extreme values, referred to as
massive activations or systematic outliers. These
are linked to the phenomenon of “attention sink-
ing”, a mechanism that reduces the contribution of
attention heads in contexts where they are not use-
ful (see also Cancedda (2024)). Additionally, they
function as context-aware scaling factors, modu-
lating the influence of certain tokens (An et al.,
2025).

Importantly, this specific subset of extreme val-

ues (massive activations/systematic outliers) differs
from what we refer to as ODs in key ways: (i) they
appear only in specific positions or for specific to-
kens, such as punctuation marks; (ii) their values
are even more extreme (1,000 times the mean); (ii1)
they are very few (typically four or fewer per model
across all layers, in contrast to the number of last-
layer ODs we report in Table 1); and (iv) they tend
to emerge more prominently in the middle layers,
while we focus on the last layer.! Furthermore,
these activations often correspond to punctuation
marks or frequent words as input tokens, whereas
ODs tend to occur across the board, but might favor
items from these classes as output tokens.

3 Methodology

Models and datasets We experiment with the
following pre-trained language models, all avail-
able on HuggingFace:? pythia-12b(-deduped) (Bi-
derman et al., 2023), mistral-7b (Jiang et al., 2023),
Ilama3-8b (Meta, 2024), olmo2-13b (OLMo et al.,
2025), gqwen-14b (Qwen, 2024), opt-13b (Zhang
et al., 2022), gemma-9b (Gemma, 2024), and
stable-12b (Bellagente et al., 2024). These were the
latest and largest instances of each model family
that we could analyze in a reasonable time, given
our computing resources. See Table 3 in Appendix
B for further model details.

We extract our input data from WikiText-103
(Merity et al., 2016). Specifically, we sample 50k

'Indeed, applying the criterion of (An et al., 2025) to our
models, we don’t find any massive activation on the last layer,
which is the one where our ODs occur.

2https://huggingface.co/
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non-overlapping fragments of 101 (typographic)
words which do not cross document boundaries.
All fragments start at the beginning of a sentence,
whereas their final token is not required to coincide
with and end-of-sentence boundary (so, it can be-
long to any part-of-speech). The first 100 words
are fed to the models as contexts, and the first token
of the last word constitutes the ground truth against
which to compare model predictions.

OD identification We define outlier dimensions
(ODs) as dimensions that have extreme values
across a large variety of inputs. We operational-
ize this as follows. We consider extreme values
those that are in the top 1% when ranking the ab-
solute values of the activations of all dimensions
in a given layer for our whole dataset (i.e., the
ranked list will be of length n x 50k, where n is
the number of dimensions in the relevant layer of
the model of interest). We then define an OD as a
dimension whose median activation across the 50k
samples in our dataset is an extreme value. That
is, an OD dimension will display an activation that
is among the 1% more extreme across all inputs
and dimensions for at least 50% of the inputs. Ta-
ble 1 (leftmost column) reports the number of ODs
we find with this method in the last layer of each
model (see Fig. 1 above and Fig. 5 in Appendix
A for the other layers). The z-score column of
the same table shows that the ODs identified in
this way not only have values that ranked among
the most extremes, but are also high in absolute
terms—at least eight standard deviations above the
mean on average for all models. Note also that
ODs are a very small proportion of the dimensions
in a given model (between 4 and 36, whereas layers
are of dimensionality 3584-5120 depending on the
model, cf. Appendix B).

4 Results

The remaining columns of Table 1 suggest that
there is a group of models with the same pattern of
behavior across the board (pythia-12b, mistral-7b,
Ilama-8b, olmo2-13b, qwen-14b) and three mod-
els that often deviate in different ways (opt-13b,
gemma-9b, stable-12b).

Impact of outlier dimensions on predictions
ODs greatly impact model prediction: Ablating the
outlier dimensions, i.e. setting them to 0, leads to a
large decrease in accuracy for most models, despite
the fact that the ODs are a very small proportion of
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the total dimensions of the models (see column abl-
OD). The exceptions are opt-13b and gemma-9b,
which experience very small decreases. Instead, ab-
lating a comparable number of random dimensions
in the last layer never affects accuracy by more
than 0.1% for any model (results not shown in the
table).

The symmetric operation, namely drastically ab-
lating the model by setting all last-layer dimensions
but ODs to 0, causes performance to radically drop,
as could be expected (see column only-OD). How-
ever, in most cases the performance is still much
higher than in the only-random condition, where a
comparable number of randomly sampled dimen-
sions is ablated (this yields accuracies < 0.1%,
not shown in the table). Exceptions are opt-13b,
gemma-9b, and stable-12b, with accuracies near 0
also in the only-OD condition. 3

By which means does ablating ODs affect accu-
racy in most models? The rightmost panel of
Table 1 shows that ablating ODs generally leads
models to predict a larger number of distinct to-
kens, compared to the corresponding non-ablated
runs (column abl-OD; stable-12b is an exception).
Ablating an equivalent number of non-OD dimen-
sions does not have this effect. Even more strik-
ingly, when keeping only the few ODs in the last
layer, the number of distinct tokens that are pre-
dicted is drastically reduced (column only-OD; cf.
the contrast with only-rnd, that is, when keeping
only an equivalent number of random dimensions
active).

ODs thus seem to steer models towards predict-
ing a small set of tokens. Table 2 contains the
tokens that are most strongly associated with ODs
(they are predicted over 1,000 times when ablat-
ing all dimensions except ODs).* The table sug-
gests that ODs generally favor very common tokens
like _the, _and, or _in, which, as we have already
remarked, is a sensible heuristic for a model to
encode, since natural language texts are heavily
skewed towards a few very frequent types (Baayen,
2001). This might explain why using a few dozen
last-layer ODs for prediction generally leads to ac-
curacies that, while low, are non-negligible: for
example, _the and _a alone account for 7.5% of the
ground-truth tokens in our dataset. Again, gemma-

3Table 4 in Appendix C reports the ablation effects in terms
of surprisal, which exhibits the same trends.

*To avoid noise, we only consider tokens that were pre-
dicted by the full model at least once.



\ ODs Accuracy [%] # of Distinct predicted Tokens
Model | #  z-score | FM abl-OD only-OD | FM abl-OD only-OD  only-rnd
pythia-12b | 36 9.8+5.2 |43.0 343 4.7 7504 11116 195 7254 + 269
mistral-7b |28 9.6+4.6 |46.6 419 1.7 6334 7098 712 4518 + 427
Ilama-8b 12 11.9+57 |492 418 1.2 8034 12030 150 2367 + 339
olmo2-13b |24 10.8+7.6 |52.1 41.0 7.4 8317 13320 655 5787 + 1062
qwen-14b |38 8.8+7.1 |499 322 1.3 8171 11233 710 10236 + 750
opt-13b 4 29111 (427 425 0.0 7911 9026 85 281 +13
gemma-9b | 6 17.2+10.7 | 484 48.0 0.1 8229 8539 79 373 £ 46
stable-12b |23 9.2+6.8 |494 30.2 0.0 8029 1821 96 947 £ 109

Table 1: ODs: Number of ODs and their average z-score with respect to the mean of absolute values of all last-layer activations.
Effects of OD/non-OD ablation. FM: full model; abl(ate)-X: dimensions X were set to 0; only-X: dimensions other than X
were set to 0. Random-dimension experiments are repeated with 10 different seeds and averaged. Ablate-random experiments,
where the same number of random dimensions were ablated as there are ODs, always resulted in values matching those of the
full model up to the third significant digit for both accuracy and # of distinct tokens, and we do not report them in the table.
Only-random (only-rnd) experiments keep the same number of random dimensions as there are ODs; their accuracies are not
reported either, as they are typically ~ 0.01% and always < 0.1%.

Ob, stable-12b and opt-13b show different patterns.
Gemma-9b has only one token meeting our condi-
tion, stable-12b none. Opt-13b has only one OD-
favored token which, however, is predicted for al-
most every input in the only-OD condition.

model tokens (# of predictions)

pythia-12b  _the (15272); _a (5015); _D (1716);

mistral-7b  _the (1665;) _a (1619); _ (1568); _un
(1531); _two (1163); _large (1106)

Ilama-8b _in (15172); , (10063); _( (9293); _and
(5227); _ (1930);

olmo2-13b  _the (21532); _ (11275); , (3515); _The
(3181); _in (1241); _A (1018);

gwen-14b  _ (11967;) _the (5982); , (4708);

opt-13b 1(46181);

gemma-9b _ (1762);

stable-12b  n.a.

Table 2: Most strongly OD-favored tokens for each model
(predicted over 1K times in only-OD condition, i.e., when
ablating all dimensions except ODs). In parentheses: number
of times the token is predicted in this condition. No tokens
in stable-12b met the criterion. The underscore denotes the
space character, which varies by model.

In Appendix H, we also qualitatively investigate
the effect of the ablation on the generative capa-
bilities of the models. As could be expected, we
observe that ablating the ODs typically has a sig-
nificantly larger impact than ablating random di-
mensions. While in the latter case even removing
3000 dimensions still allows the model to produce
meaningful sentences, in the former the ablation
of a much smaller number of ODs (even just 5
in the case of qwen-14b) completely disrupts the
model’s performance. This implies that any genera-
tive downstream task will be dramatically affected.

Relationship between ODs and frequency The
results above, together with the qualitative exam-
ples in Table 2, seems to suggest that ODs tend
to favor frequent tokens. To test this hypothesis
in a systematic way, we examine the relationship
between the frequency with which a model predicts
a given token, on the one hand, and its overall fre-
quency (which we estimate with a corpus), on the
other.> We expect OD-ablated models (i.e., models
where ODs are set to 0) to decrease the predic-
tion of frequent tokens, and consequently increase
the prediction of less frequent tokens, compared
to the full models. The first two panels of Fig. 2
present evidence of this for pythia-12b. They show
the tokens predicted by the full model (left) and
the OD-ablated model (middle), sorted by their
corpus-estimated frequency and frequency of pre-
diction in each condition, in log-log scale. They
also contain the line of a linear regression fit and
its slope, as well as the Spearman correlation coef-
ficient p. Both indicators show that ablating ODs
indeed affects the relationship between the overall
frequency of a token and the times it is predicted.
First, whereas the relationship is always positive
(models predict more frequent tokens more often
than less frequent tokens), the p coefficient goes
down from 0.7 to 0.53 when ablating ODs, and the
slope similarly goes down from 1.35 to 0.74.°

*Ideally, frequency estimates should be drawn from the
LMSs’ training corpora, but, as we don’t have access to those
for most models, we use the full WikiText-103 corpus to
estimate overall token frequencies.

®The latter also means that the full model over-predicts
and the ablated model under-predicts frequent words (and
conversely for less frequent words), something that is more
clearly shown by the regression lines (perfect correlation with
slope 1 would mean that all points are on the y = x line).
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Table 5 in Appendix D confirms that this ten-
dency generalizes: the slope of a linear fit decreases
for all models when ODs are ablated, except for
stable-12b; as for the correlation coefficient p, it
decreases for all models when ODs are ablated,
although the effect is negligible for those models
that have already shown some deviant behavior
in the previous analyses (opt-13b, stable-12b, and
gemma-9b).

Role of ODs in token prediction We next ex-
amine the mechanics by which ODs favor frequent
tokens in most models. First, we hypothesize that
the activations of a significant number of individual
ODs will be highly correlated with token frequency
(either positively or negatively). The boxplots in
the rightmost panel of Fig. 2 provide evidence for
pythia-12b. The left boxplot shows the distribution
of correlations between the corpus frequency of
the predicted tokens and the activation profiles of
each last-layer dimension across the dataset. This
reflects the extent to which, across predicted tokens
for our dataset, each dimension tends to be more
strongly activated proportionally to the frequency
of the predicted tokens. We see that the correla-
tions of the vast majority of non-OD dimensions
(summarized in the blue boxplot) cluster around 0,
whereas the correlation scores for the ODs (shown
as individual orange dots) are much more spread,
with a significant proportion exhibiting larger cor-
relations. Similarly, we find a relation between the
corpus frequency of individual vocabulary items
and their values in OD vs. non-OD dimensions of
the unembedding matrix, as follows. The second
boxplot in the rightmost panel of Fig. 2 shows the
distribution of correlations between the values of
each dimension across the unembedding matrix
rows and the corpus frequencies of the tokens cor-
responding to these rows. Again, the correlations
are generally low for non-ODs, but much more
spread for ODs. Given that the output distribution
of a language model is obtained by multiplying the
unembedding matrix by the last-layer activations,
this suggests that ODs will favor more frequent
tokens, because the latter tend to have higher unem-
bedding vector values exactly in correspondence to
the ODs. The same distributions are plotted for the
other models in Fig. 6 of Appendix D, confirming
the same trends across all of them.

These correlations on their own are suggestive,
but not enough to uncover the specific mechanics,
since, as we just discussed, dimension activations

on an LM’s last layer contribute to the prediction of
a specific token through their dot product with the
equivalent dimensions in the unembedding matrix
row corresponding to the token. The result of this
dot product is the logit score for that token: the
higher this quantity, the larger the probability that
the model will assign to the token. To analyze the
interaction between the last layer and the unem-
bedding matrix, we separately measure the contri-
bution of ODs and non-ODs to the logit scores of
a given token. We do that by computing the dot
product between the activations of the dimensions
of interest and their corresponding unembedding
vector values (Appendix E contains the equations
for completeness).

The upper panel in Fig. 3 focuses on OD-favored
tokens (listed in Table 2), contrasting pythia-12b
and opt-13b. It displays the cumulative logit contri-
butions of ODs and non-ODs to the prediction of
each OD-favored token. We see a different pattern.
In pythia-12b, as expected, the ODs consistently
provide a significant positive contribution to pre-
dicting the token. Moreover, this contribution is
comparable in size to that of the non-ODs (whose
contribution shows a larger variance).” This equiv-
alence is remarkable, as in one case we are looking
at the cumulative contribution of 36 ODs, in the
other to that of the remaining 5,084 dimensions.
Instead, in opt-13b the contribution of the ODs
sums to virtually 0. This might go some way to-
wards explaining why this is one of the models
for which there is no clear effect of OD ablations,
nor strong OD/frequency correlations. While this
model does feature a small number of ODs with
across-the-board extreme activations, these activa-
tions, when multiplied by the unembedding matrix
and summed, might cancel each other out, suggest-
ing that, in this case, the model is not really using
the ODs to control output prediction.® Fig. 7 in Ap-
pendix E shows the OD vs. non-OD contributions
for the other models (except stable-12b, which, as
mentioned above, has no OD-favored token accord-
ing to our criteria). While gemma-9b behaves like
opt-13b, all other models behave like pythia-12b,
with a strong contribution of ODs to OD-favored

"Note that it is not surprising that non-ODs also contribute
to promoting OD-favored tokens in contexts where they are
appropriate.

8Recall that, when only ODs are kept, opt-13b almost
invariably predicts the single token / (Table 2). The results in
Fig. 3 suggest that this might be more of a “default” behavior
of the model, than something specifically triggered by the
ODs.
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visualization purposes).

token prediction.

Therefore, in general ODs promote the predic-
tion of frequent tokens, which raises the question:
how can a model also predict less frequent tokens?
Remember that ODs, by definition, have extreme
values in at least 50% of the inputs, so they will be
strongly active in many cases where it’s adequate to
predict less frequent tokens. One possibility is that,
while their magnitude is almost constantly large,
ODs only provide a positive contribution to predict-
ing OD-favored tokens in appropriate contexts, but
they give a negative contribution to OD-favored
token predictions in other contexts, thus penaliz-
ing them. A second hypothesis is that ODs always
bring about a positive contribution to the prediction
of OD-favored tokens, but this is counter-balanced
by the total logit mass of the other dimensions
when other tokens are more contextually appropri-
ate. To verify which hypothesis is right, we study
a set of OD-neutral tokens, defined as tokens that
a model predicts with equal frequency when the
ODs are ablated as when they aren’t (e.g. _times,
_command, _States for pythia-12b; see Table 6 in
Appendix E for the full set). We sample maximally
10 such tokens per model, and we limit the choice
to tokens that are predicted at least 10 times by
the full model. Now, for each context in which
the model predicted (that is, assigned the largest
probability to) one of these tokens, we contrast the
OD and non-OD contributions towards the logit of
the relevant token, on the one hand, and the logits
of the already mentioned OD-favored tokens, on
the other, to find by which means the OD-neutral

token “won” against the OD-favored rivals.

The lower panel of Fig. 3 illustrates the analysis
with the case of the OD-neutral token _States. The
plot contains two data points for each context in
which pythia-12b predicts _States, one correspond-
ing to the logit contributions of ODs (orange dots)
and one to those of non-ODs (blue squares). On
the x-axis, the logit values for the token _States are
displayed, while the y-axis shows the logit values
for the OD-favored token _the. If the negative-
contribution hypothesis was right, the ODs would
provide a negative contribution to the _the predic-
tion in this case, as it is a context in which it pre-
dicts _States. However, this is not what we find; we
see that ODs always strongly favor _the (and only
provide a modest positive contribution to _States).
Indeed, the OD logit contribution towards _the here
is comparable to the average OD contribution to-
wards OD-favored tokens when the latter are cho-
sen (around 5, cf. the upper left boxplot of the
figure). The reason that _the is ultimately not cho-
sen in the _States contexts is that the sum of all
non-ODs gives a large positive contribution to the
_States prediction, that surpasses the cumulative
weight of the ODs in favor of _the.

In Fig. 8 in Appendix E, we show that this pat-
tern generalizes across OD-neutral and OD-favored
tokens. In all models, the OD-neutral tokens are
selected because of the logits of the non-ODs; OD
logits either present higher values for OD-favored
tokens or are neutral, with values near O (the latter
is the case for gemma-9b and opt-13b).

We conclude that the models do not learn to
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Figure 3: Upper: Distributions of cumulative OD and non-
OD logit contributions in all contexts in which an OD-favored
token is predicted, for pythia-12b and opt-13b. Lower: OD
and non-OD logit contributions to OD-neutral _States and
OD-favored _the in all contexts in which _States is predicted
by pythia-12b.

modulate ODs so that they are positive in contexts
where OD-favored tokens should be predicted, and
negative otherwise. Rather, ODs act like a constant
term providing a positive logit contribution towards
OD-favored tokens, and it is the job of the other
dimensions to learn to counterbalance this contribu-
tion when other tokens should be predicted. We can
think of ODs as implementing a baseline heuristic
to always predict frequent tokens, with the rest of
the dimensions working their way around them to
provide more appropriate context-dependent pre-
dictions.

Which model parameters boost OD activations?
The observation that ODs consistently exhibit large
values across most inputs, combined with evi-
dence that these values are not strongly context-
modulated, suggests that OD activations result di-
rectly from large model weights boosting them.
Given that most ODs appear in the last layer only,
we consider three plausible OD boosters: the down-
projection matrix of the last MLP (mapping MLP-
internal representations to last-layer activations),
the weight terms of the final LayerNorm, and the
bias terms of the final LayerNorm, for models that

have these parameters (see Table 3 in Appendix
B).? Adopting a methodology similar to (Cancedda,
2024), we assess the possible contribution of the
MLP matrix to the ODs by first factorizing it with
a singular value decomposition. We then exam-
ine whether the dominant (i.e., first few) singu-
lar vectors’ “spikes” (dimensions with values ex-
ceeding three standard deviations from the mean)
tend to align with the last layer’s ODs. See Ap-
pendix F for a detailed explanation of the proce-
dure. Likewise, for the weights and biases of the
LayerNorm, we similarly define outlying spikes
and, again, we check whether ODs tend to coincide
with them. A coincidence between spikes and ODs
would suggest that the OD values are influenced by
the principal directions in the last-layer MLP down-
projection matrix, as well as by elevated biases and
weights in the final layer normalization.

Results for pythia-12b are presented in Fig. 4.1°
The overlap of spikes in the the MLP matrix and
ODs is remarkable; for instance, 4 out of 7 spikes
in the first singular vector are in ODs, as are 25
out of 43 for the second singular vector. These
overlaps have p ~ 0 of occurring by chance, based
on simulating a random overlap distribution. Simi-
larly, the right panels of Fig. 4 show that ODs are
also boosted by the LayerNorm weight and bias
parameters: 16 out of 52 spikes in the weight are
in ODs, as are 20 out of 39 for the bias parame-
ter. To sum up, in pythia-12b ODs are boosted by
both the MLP matrix and the LayerNorm weights
and biases. Fig. 10 in Appendix F confirms a simi-
lar pattern across most models. Yet, for llama-8b
and opt-12b the boost appears to originate solely
from the MLP, while for stable-12b the effect is
particularly evident in the weights.

Overall, we find that there are fixed parameters
that enhance ODs, and this boosting can be en-
coded in both the last MLP down-projection ma-
trix and the LayerNorm parameters, highlighting
the importance of looking for multiple parametric
sources of extreme values.

ODs’ emergence and role during training Asa
last experiment, we looked at the emergence of
the ODs and the effect of their ablation during

°In Appendix F, we comment on the negative results we ob-
tained concerning the last layer’s components of the attention
heads.

"Here and in Fig. 10 of Appendix F, we only report the
first 4 MLP singular vectors, but in all cases similar patterns
are observed for a much broader set of dominating singular
vectors; see Fig. 9 in Appendix F.
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Figure 4: Left: Top-4 singular vectors and values of the last-layer MLP down-projection matrix of pythia-12b. Right: Final
LayerNorm weight and bias for pythia-12b. Spikes in parameter values that correspond to ODs are visualized as orange circles.

the stages of training of pythia-12b. A significant
number of ODs appears around steps 3000/4000.
From here onward, ablating ODs impacts accu-
racy and leads to the prediction of more varied
tokens, suggesting that ODs started assuming the
function of frequent token boosters. Interestingly,
early in training (step 500), there are virtually no
ODs, yet even the full model predicts relatively
few tokens. The full results are reported in Table 7
in Appendix G. If we examine which tokens are
over-predicted at this stage compared to their actual
dataset frequencies,” we find them to include _the,
_that, _and, _not, _a, _be, _of. This indicates that
the model has learned right from the start that pre-
dicting very frequent tokens pays off. In later steps,
the model specializes the ODs to implement this
heuristic, allowing the remaining units to focus on
context-aware prediction, resulting in more varied
outputs and improved accuracy.

5 Discussion and conclusion

We studied a class of LM extreme values we
dubbed outlier dimensions (ODs). Unlike the more
widely studied “massive activations” (Sun et al.,
2024; An et al., 2025), ODs exhibit extreme activa-
tions consistently across a range of inputs, rather
than in response to specific ones. Unlike mas-
sive activations, which influence model output in-
directly through attention sinking, ODs directly
influence model predictions by favoring frequent
tokens independently of context. As such, they

"To reduce noise, we only consider tokens occurring at
least 100 times as ground-truth predictions.

function as a hard-coded module developed to ad-
dress an important characteristic of text: its ex-
tremely skewed distributions. Interestingly, Stolfo
et al. (2024) found a set of frequency-modulating
neurons, defined as entries in an MLP internal rep-
resentation, in several smaller models. Future work
should connect their results to ours, to check if we
are examining different aspects of the same mecha-
nism.

Five out of eight LMs we studied have ODs
linked to frequent-token predictions. Divergent
results for the other models suggest, however, that
the development of frequent-token predicting ODs,
while a common strategy discovered by many mod-
els, is by no means necessary. All divergent models
have units that meet our OD criteria, but they differ
in other ways: in particular, opt-13b and gemma-
9b have fewer ODs than the other models, and OD
ablation does not impact their accuracy, whereas
stable-12b has a larger number of ODs, and ablat-
ing them does affect performance. When only ODs
are retained, opt-13b almost always predicts the
same token (/), whereas gemma-9b only mildly fa-
vors the space token, and stable-12b has no clearly
favored token under this ablation. Overall, con-
sidering that for opt-13b and gemma-9b the logit
contribution of ODs approaches 0 even when pre-
dicting their OD-favored tokens, it appears that
ODs may serve a different function in these LMs,
potentially akin to that of attention-sinking massive
activations. However, we defer a more thorough
characterization of ODs in these divergent models,
as well as of the properties that made them diverge,
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to future studies.
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Limitations

* As stated at the beginning of our manuscript,
our analysis focuses exclusively on outliers
in the last hidden layer, since their direct in-
fluence on the next token prediction can be
clearly observed. Although outliers also exist
in earlier layers, assessing their impact and lin-
guistic role is more complex and less straight-
forward.

* Our analysis of the ODs at training time is lim-
ited to a single model, pythia-12b, for which
early training checkpoints are available. Con-
sequently, our findings may not generalize to
other models. We were unable to test this fur-
ther because the only other publicly available
model with training checkpoints is olmo2-
13b; however, its earliest checkpoint is not
early enough in training to capture initial OD
behavior, as fully-trained-model OD behavior
is already firmly in place by then.
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A ODs across layers

Fig. 5 reports the number of per-layer ODs (as
identified by our criterion) and the number of ODs
that also appear in the last layer for all studied
models except pythia-12b, whose equivalent data
are shown on the right panel of Fig. 1 in the main
text. We observe that in all models, but gemma-9b
and opt-13b, the last layer has many more ODs than
the previous ones. Moreover, we also see how the
ODs present in the last layer tend to appear only
towards the end, with different onset curves for
the various models. Togethes, these observations
suggest that the last layer has a special behavior
that differs from that of the previous ones.

B Language model details

Table 3 summarizes the main characteristics of the
language models we used.

C Surprisal effects of ablations

Table 4 reports the 1st, 2nd (median) and 3rd quar-
tiles for the distribution of surprisal in the different
ablation modalities. For each context, the surprisal
is calculated as S = — log(p), where p is the prob-
ability attributed by the model to the ground truth
next token. These observations broadly confirm
the results obtained for accuracy (see Table 1 in
the main text). Note that for stable-12b, one of the
divergent models, only-OD surprisal is larger than
only-random surprisal: we leave to future studies
a better understanding of how ODs affect output
probabilities for this LM.

D ODs and frequency

Table 5 reports the linear-fit slopes and Spearman
correlation coefficients of the relation between
generic corpus-estimated frequency of tokens and
their prediction frequency in our dataset, for the full
models and their OD-ablated versions. For both
measures, we observe a drop from full-model to
ablate-OD, except for the usual divergent models:
opt-13b and gemma-12b essentially show no abla-
tion effect, and for stable-12b we actually observe
an increase in slope from full-model to OD-ablated.

The left boxplots in Fig. 6 present, for all LMs
except pythia-12b, the distribution of correlations
between the corpus-estimated frequencies of pre-
dicted tokens given the inputs in our dataset and
the activations of ODs and non-ODs in the last
layer of the last context token. The right plots
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number of layers: 32 32 42 40 36 40 40 48
hidden dimension: 4096 4096 3584 5120 5120 5120 5120 5120
# attention heads: 32 32 16 32 40 40 40 40
# key/value heads: 8 8 8 8 n.a n.a n.a 8
head size: n.a 128 256 n.a n.a n.a n.a 128
FFN size: 14336 14336 14336 13824 20480 20480 13824 13824
vocab size: 128256 32768 256128 100352 50688 50272 100352 152064
position embeddings: v’ v’ v’ v’ v’ v’ v’ v’
max pos. embeddings: 8192 8192 8192 4096 2048 2048 4096 131072
tied word embeddings: X X v’ X X v’ X X
distilled model: X X v’ X X X X X
activation: SwiGLU SwiGLU GeGLU SwiGLU GelLU RelLU SwiGLU SwiGLU
LayerNorm (LN) type: RMSNorm RMSNorm RMSNorm LN LN LN RMSNorm  RMSNorm
LN has bias parameter: X X X v’ v’ v’ X X
torch dtype: bfloat16 bfloat1i6 float32 bfloat16 float1l6 float16 float32 bfloatl16
public training data: X X X v’ v’ X v’ X
checkpoints available: x X X X v’ < 10 v’ X

Table 3: Configuration details of the pre-trained LMs we experimented with; n.a. means not available information.

show the distribution of correlations between the
corpus-estimated frequencies of the output vocab-
ulary tokens and the OD and non-OD values in
the unembedding matrix vectors corresponding to
those vocabulary tokens. The same data are shown
for pythia-12b in the rightmost panel of Fig. 2 of
the main text. Also for the other models we ob-
serve that ODs display a much larger probability of
showing a higher (absolute) value of the correlation
than non-ODs in both scenarios. So, being an OD
often implies a large correlation, but the opposite is
not always true, as there are many dimensions for
which such correlation is high that are not ODs. It
could be interesting to see how the models behave
upon ablating (or keeping) only those non-ODs
with a high correlation coefficient, but we leave
this analysis to future work.

E Logit contribution analysis

E.1 Logit contribution computation

Given a context, an autoregressive neural language
model produces a probability distribution over pos-
sible next tokens by multiplying the last-layer acti-
vations of the last token of the context by the unem-
bedding matrix, and converting the resulting logit
scores to probabilities through the softmax func-
tion. We ignore the latter here, since it is monotonic
and we are only interested in comparing which of
several possible next tokens gets the largest score.

We thus focus on the logit values of the candidate
next tokens we are interested in. The logit for can-
didate next token ¢, denoted logit;, is given by the
dot product between the context activation vector
c and the unembedding matrix row corresponding
to ¢, ug:

logit, = c-uy = Z il
i€D

where D is the set of indices of dimensions of the
context and unembedding row vectors.

In order to assess how much the ODs contribute
to this score, we can simply partition the sum above
into two components, one given by the sum of
terms corresponding to the dimensions that are in
the OD set, and one by the sum of terms for the
leftover dimensions. Formally, if O is the set of
indices of OD dimensions, the contribution of the
ODs to logit, is:

logz’thD = Z Cillg;
€0

The contribution of the non-OD dimensions is
trivially given by:

¢OD

logit] cob

= logit; — logit;
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Surprisal (1st, 2nd, 3rd quartiles)

Model M ablate-OD only-OD only-random
pythia-12b  0.6,1.9,4.0 1.0,2.8,4.9 8.0,9.0,9.8 10.7
mistral-7b ~ 0.5,1.6,3.5 0.6,1.9,4.0 8.2,8.9,9.6 10.3
llama-8b 04,15,34 0.6,2.1,42 8.5,9.7,10.7 11.7
olmo2-13b 0.2,1.2,32  0.6,2.2,4.6 6.4,7.8,9.4 11.4
qwen-14b  03,14,34 0.7,3.2,7.0 8.8,10.6,15.1 11.8
opt-13b 0.6,19,41 06,2.0,4.1 10.3,10.5,10.7 10.8
gemma-9b 0.0,14,149 0.0,1.5,149 11.3,12.1,13.3 12.4
stable-12b  0.4,1.5,3.4 0.8,3.3,84 22.4,27.8,34.2 11.4

Table 4: 1st, 2nd and 3rd quartiles of the distribution of surprisal, computed on the predicted token for each input,
for each ablation type. The large values of the 3rd quartile hint at highly positive-skewed distributions. For the
only-random case we report only the median as the other quantiles are identical within the used significant digits.
The ablate-random condition is not reported since, as it occurred for accuracy, the values are identical to the ones of
full model up to the reported precision. In the only-random case, one can appreciate how the surprisal corresponds
to a random guess: by exponentiating these values, one approximately recovers the vocabulary size.

‘ Slope Spearman
Model ‘ FM ablate-OD | FM ablate-OD
pythia-12b | 1.35 0.74 0.70 0.53
mistral-7b | 1.23 1.06 0.71 0.64
llama-8b | 1.26 0.86 0.71 0.58
olmo2-13b | 1.24 0.64 0.74 0.59
qwen-14b | 1.22 0.95 0.71 0.52
opt-13b 1.34 1.25 0.70 0.67
gemma-9b | 1.30 1.26 0.72 0.71
stable-12b | 1.27 1.72 0.71 0.70

Table 5: Linear fit slope and Spearman correlation coefficient for the relation between corpus-estimated and

prediction frequencies for the full models and under OD ablation.

E.2 Logit contributions in OD-favored
predictions

Fig. 7 shows the distribution of logit OD and non-
OD contributions towards the prediction of OD-
favored tokens for all models except pythia-12b
and opt-13b, that are shown in the upper panel
of Fig. 3 of the main text. Note that stable-12b
is missing because we did not identify any OD-
favored token for this model. For all models but
opt-13b and gemma-9b, ODs, despite being very
few, contribute at least as strongly as non-ODs to
token prediction. It is worth remarking that for
olmo2-13b, while the ODs are giving the larger
contribution to the logits, both contributions are
negative.

E.3 Logit contributions in OD-neutral
predictions

We consider a set of OD-neutral tokens. These
are predicted at least 10 times in our dataset by the
non-ablated model, and they are predicted the same
number of times when ODs are ablated. For qwen-
14b, as there was only one token meeting this cri-
terion, we sampled tokens whose OD-ablated/full-
model prediction count ratio was between 0.9 and
1.1. We sample maximally 10 tokens per model,
shown in Table 6.

Fig. 8 plots the contribution of ODs and non-
ODs towards OD-favored and OD-neutral tokens,
in contexts in which the model assigned the larger
probability to the latter (for pythia-12b, the same
data in the specific case of _States against _the are
showed in the lower panel of Fig. 3 in the main
text; stable-12b, again, is missing because it has no
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Model Tokens

pythia-12b
mistral-7b
Ilama-8b
olmo2-13b
qwen-14b
opt-13b
gemma-9b
stable-12b  n.a.

_period _before _times _command _bridge _mm _States _II

_km _match _life _line _book _species _States _Tour _season _City

_November _players _Court _ships _species _Council _Division _office _largest _Road
_North _York _Union _ships _money _Japanese _success _times _ship _sold

_Street _match _gave _York _interview _each _into _based _began _Japan

_York _University _interview _feet _water _part _ships _Cup _men _half

_Road _feet _long _won _relationship _mm _support _United _little _local

Table 6: OD-neutral tokens for the different models. We consider a token OD-neutral if it is predicted from the
same representations before and after ablating ODs. A subsample of 10 was extracted if more were available.

OD-favored tokens according to our criterion). The
contributions are averaged across the contexts of
each OD-neutral tokens. For pythia-12b, mistral-
7b, llama-8b, olmo-13b and qwen-14b, ODs con-
tribute more strongly to the OD-favored logits, but
this effect is outdone, in all cases, by the non-ODs.
Note that, as already remarked with respect to the
previous figure, for olmo2-13b OD values are neg-
ative for both OD-favored and OD-neutral tokens,
but closer to 0 for OD-favored, confirming the gen-
eral trend. For opt-13b and gemma-9b, the OD
contributions always sum to values close to 0, con-
firming the divergent behavior of these models.

F OD-boosting parameter analysis

We explore if ODs are aligned with directions that
are boosted by the last MLP down-projection ma-
trix X, of shape d x h—where d is the hidden
(or embedding) dimension of the model and / is
the high-dimensional space between the MLP up-
and down-projection matrices (see FFN size in
Tab. 3). We then compute the SVD decomposition
of X = ULV, where V is a h x h matrix, ¥ is
a d x h diagonal rectangular matrix whose entries
are called singular values, and U is a d X d matrix,
that ultimately projects an input vector back into
the hidden space. We thus focus on the columns of
U, which are called left singular vectors and have
the same dimensionality d of the states from which
we extract the ODs.

Fig. 9 visualizes vectors given by the linear com-
bination of the top-N singular vectors that account
for a certain proportion of variance in the origi-
nal matrix, weighted by the corresponding singular
values, together with the distribution of ODs and
“spike” dimensions. Here and below, we define as
spikes those values of a vector that lie more than

3 standard deviations away from the mean. The
figure confirms the tendency for at least some ODs
to coincide with the spikes.

We then select the top 4 singular vectors and
repeat the analysis for each of them. Results for
pythia-12b are in Fig. 4 of the main text, and for
the other models in Fig. 10 here. The figure shows
the overlap between the ODs and the spikes of the
singular vectors. It also shows the overlap between
the ODs and the (similarly defined) spikes in the
last-layer LayerNorm weight and bias vectors. For
all models, we observe a non-negligible overlap
of spikes and ODs of their last layer; all of the
observed overlaps have p ~ 0 of occurring by
chance according to a random overlap simulation
test.

The same analysis applied to the Q, W, V, and
O matrices of the attention heads did not reveal
any significant overlap between ODs and spike
features; therefore, these results are not presented
here. While the lack of structure in the () and W
matrices is consistent with their primary function of
aggregating information across tokens, we might
have expected detectable signals in the V or O
matrices. However, no such structure was observed.
A possible explanation is that, as ODs act as a
fixed bias promoting frequent words, this is more
readily encoded in the MLP than in the attention
matrices, whose function is to manage contextual
information, but we leave further exploration of the
difference to future work.

G Emergence of ODs during training

Here, we report the Table 7 characterizing the evo-
lution of ODs across Pythia’s checkpoints. We
can observe how the accuracy and the role of ODs
in predicting frequent tokens evolve during pre-
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training. As already mentioned in the main text,
starting from step 3000 we observe the emergence
of a sizable number of ODs, together with an (ini-
tially small) negative effect on accuracy upon abla-
tion. At the same time, we see how both the ratios
between the number of predicted tokens in a) the
only-OD and only-random ablations and b) full
model and ablate-OD modalities become smaller.
This behavior suggests that the ODs have started
specializing in frequent-token prediction.

The only other model for which training check-
points are public is olmo2-13b. However, the first
available checkpoint does not occur early enough,
and fully-trained-model OD behavior is already
firmly in place by then.

H Sentence generation upon ablation

In this section we report how the different mod-
els’ generation capabilities change upon ablation
of given dimensions. The prompt is the same for
all the models, in order to have a direct compar-
ison. In all cases, we generated 20 tokens with
greedy decoding. Tokens that could not be prop-
erly rendered are substituted in the tables by “[?]”.
These included characters such as U+000B (line
tabulation) or U+548C (CJK Unified Ideograph)
Tables 8-15 show:

e default: the sentences generated by the full
model

* largest: the sentences generated by ablating
the £ dimensions with the largest medians

» smallest: the sentences generated by ablating
the k£ dimensions with the smallest medians

» random: the sentences generated by ablating
k random dimensions.

In particular, what we call outlier dimensions cor-
respond to the top largest dimension and the effect
of their ablation can be found in the first lines of
the entries in the “largest” block. We observe that
one typically needs to ablate between 2000 and
3000 random or small dimensions for the models to
start generating meaningless sentences. Differently,
the behavior is much more diversified when ablat-
ing the largest dimensions. Interestingly, pythia-
12b stops predicting the token “a” (that we iden-
tified as OD-favored for this model) after the re-
moval of 5 ODs and the token “,” after 20, while
repetitions—a clear sign of broken generation—start

at 100. Mistral-7b and llama-8b start producing
loops with 10 ablations only and their output be-
comes meaningless after 50. Qwen-14b, stable-12b
and olmo2-13b are the most sensitive, as the abla-
tion of just 5, 15 and 20 dimensions, respectively,
are enough to completely disrupt the model gener-
ation capabilities. Opt-13b and gemma-9b are the
more robust models, with ablation of the largest
dimensions affecting them similarly to the other
ablation strategies.

As already stated in the main text, these obser-
vations suggest that most models heavily rely on
the ODs in order to work properly, to the point that
some of them produce meaningless results after the
removal of just a few dimensions. This also implies
that any downstream task involving generation will
be affected by the removal of ODs.
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Pythia ODs Accuracy [%] # Distinct predicted tokens

Ckp # final | FM ablate-OD ‘ FM ablate-OD only-OD  only-rnd
500 1 0 11.4 11.4 667 671 14 20+3
1000 1 1 17.4 17.4 2774 2790 15 22+4
2000 7 3 26.4 26.5 5168 5322 63 677 =130
3000 22 7 29.6 29.4 6071 6463 188 2524 + 649
4000 38 11 31.1 30.7 6105 6756 136 4343 + 1470
5000 42 12 324 30.7 6472 7466 157 6125 £ 1111
6000 38 11 33.6 31.6 6258 7361 222 6541 + 1245
7000 37 10 | 34.1 31.6 6737 7933 178 6762 + 673
8000 35 9 344 32.1 6694 8121 179 6995 + 475
10000 |34 11 35.5 332 6776 8193 152 5959 £ 563
12000 |31 10 | 36.1 33.9 6760 8233 252 4868 + 750
14000 | 28 10 |363 33.5 6967 8695 211 5760 £ 715
16000 |22 9 37.6 343 6965 8878 152 5224 + 246
64000 | 21 18 | 41.1 35.7 7346 10466 102 5391 +£139
143000 |36 36 | 43.0 343 7504 11116 195 7254 £ 269

Table 7: ODs presence and behaviour across pythia-12b training checkpoints. ‘#’ indicates the number of ODs,
while ‘N final’ is the number of ODs that are also present at the last checkpoint. The last ckp corresponds to the
final model to which we refer in the main text.
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Model

pythia-12b

prompt | Two years ago I learned to bike with my parents. On Sundays’ afternoon we always went for a ride. This
stopped when my dad broke his knee and needed to go under surgery. All of
default | a sudden, I was the only one who could ride. I was so excited to be the only
Ablation | Generated sentence
largest 5 | asudden, I had to learn how to bike with my mom. She was always nervous about me
10 | us kids were sad. But my mom was sadder. She cried. She cried because she knew
15 | us kids were sad. But my mom said, "You’ll learn. You’ll learn." And
20 | sudden, cycling became boring.\n\nThen, when my dad recovered, we went cycling again.
30 | sudden cycling became boring.\n\nThen came cycling holidays. I’ve been cycling with my parents since
50 | sudden cycling became boring.\n\nThen came bike commuting. I’ve been commuting by bike since February
100 | sudden cycling became boring.\n\nThen came cycling holidays. cycling holidays are cycling holidays.
cycling holidays
200 | sudden cycling became boring. cycling became boring. cycling became boring. cycling became boring.
cycling became boring
500 | sudden cycling became boring! :( but yeah! cycling is awesome! @) :) :) 1) 1) :) 2)
1000 | sudden cycling became boring! cycling became boring! cycling became boring! cycling became boring!
cycling became boring
2000 | sudden cycling wasn’t fun anymore anymore anymore anymore anymore anymore anymore anymore anymore
anymore anymore anymore anymore anymore anymore
3000 | sudden cycling seemed boring! Cycling routes arent longer anymore! Cycling routes arent longer anymore
4000 | sudden cycling wasn’t FUNNIERORANDORANDORANDORANDORANDORANDORANDORANDO-
RANDORANDORANDORANDORAND
5000 | implementation GU Dimelsleroil Hayes Weaverhet LibrarydocumentclassenvabcDEF[?]atchningriumt
smallest 5 | a sudden, I was the only one who could ride. I was so excited to be the only
10 | asudden, I had to take care of my mom and my brother. I was a little bit
15 | asudden, I had to take care of my mom and my brother. I had to take care
20 | asudden I was the only one who could ride with my parents. I was so excited to be
30 | asudden, I had to take care of my mom and my brother. I was the only one
50 | asudden, I had to take care of my mom and my brother. I had to take care
100 | asudden I had to learn to bike on my own. I was scared and nervous. I was
200 | asudden I had to learn to bike on my own. I was scared, but I did it
500 | asudden I had to take care of my mom and my brother. I had to take care of
1000 | asudden, I had to take the bike on my own. I was not a good biker
2000 | the sudden the biking was a thing of the past, and the only thing that was still the
3000 | the biking in the world, the two of the three bikely-sib-b
4000 | the first bikely enthusic-tic enthusic enthusic enthusic enthusic enthusic
5000 | the the the the the the the the the the the the the the the the the the the the
random 5 | a sudden, I was the only one who could ride. I was so excited to be the only
10 | asudden, I was the only one who could ride. I was so excited to be the only
15 | asudden, I was the only one who could ride. I was so excited to be the only
20 | asudden, I was the only one who could ride. I was so excited to be the only
30 | asudden, I had to take care of my mom and my brother. I was the only one
50 | asudden, I was the only one who could ride. I was so excited to be the only
100 | asudden I was the only one who could ride with my parents. I was so excited to be
200 | asudden I had to take care of my mom and my brother. I was a little bit scared
500 | asudden I had to take care of my mom and my brother. I had to do everything.
1000 | us kids were left with our bikes in the garage. My mom asked me to take them out for
2000 | us kids wanted to help him but his answer was always the same [?] "I can manage". This
3000 | these long rides then became very short and very very very very very very Very very very very very very
4000 | us converged over distance over distance over distance over distance over distance over distance over distance
over distance over
5000 | typentypen photograp tiss scrut infil ingredtypentypentypentypentypentypentypentypentypentypentype-

ntypentypen

Table 8: Generation upon ablation for pythia-12b. See Appendix H for details.
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Model

| mistral-7b

prompt | Two years ago I learned to bike with my parents. On Sundays’ afternoon we always went for a ride. This
stopped when my dad broke his knee and needed to go under surgery. All of
default ‘ a sudden I was alone. I didn’t know how to bike without my parents. I was
Ablation | Generated sentence
largest 5 | asudden I was alone.\n\nI’ve always been a bit of a loner.
10 | asudden, I was alone.\n\nI’ve been riding my bike for 2 years
15 | asudden, I was alone.\n\n I've been riding my bike for 2
20 | asudden, I was alone.\n\n I've been riding alone for 2 years
30 | asudden, I was alone.\n\nI’m 16, and I'm
50 | asudden, I'm 16, and I’m alone.\n\nI’
100 | asudden, I'm 18, and I’'m 180cm tall
200 | asudden, I'm 16, and I'm biking.\n\nGeplaatst
500 | asudden, biking with my parents, and specially, with my dad, 10
1000 | us, including mum, are avid cyclists. Mum’s been cycling since she’
2000 | asudden, biking with him, which I've grown accustomed, I’ve
3000 | Suddenly bike rides turned into walks. Weekends turned into sitting. Weekends turned into
4000 | L1797 L0710 C0700 C0790 (0200 L0700 C0730 00290 L0200 €070 00730 L0200 L0700 C0230 0290 L0200 L0200 000 L0 ieem
smallest 5 | a sudden I was alone. I didn’t know how to bike without my parents. [ was
10 | asudden I was alone. I didn’t know how to bike without my parents. I was
15 | asudden I was alone. I didn’t know how to bike without my parents. [ was
20 | asudden I was alone. I didn’t know how to bike without my parents. I was
30 | asudden I was alone. I didn’t know how to bike without my parents. I was
50 | asudden I was alone. I had to find a new hobby.\n\nlI started to
100 | asudden I was alone. I had to find a new hobby.\n\nI started to
200 | asudden I was alone. I had to learn to bike by myself. I was scared. I
500 | asudden I had to bike on my own. I was scared to go on my own, so
1000 | asudden I had to learn to ride by myself. I started with the bike my parents had given
2000 | this time I had a little dream to go to the other side of the world and travel by bike
3000 | this caused my love for the mountain bike to start slowly slowly slowly slowly slowly slowly slowly slowly
slowly slowly
4000 | laugtypenplaattypentypentypentypentypentypentypentypentypentypentypentypentypentypentypentypentypen
random 5 | asudden I was alone. I had to find a new hobby.\n\nI started to
10 | asudden I was alone. I didn’t know how to bike without my parents. I was
15 | asudden I was alone. I didn’t know how to bike without my parents. [ was
20 | asudden I was alone with my bike. I didn’t know how to ride it. I
30 | asudden I was alone with my bike. I didn’t know how to ride it. I
50 | asudden I was alone. I didn’t know how to bike without my parents. I was
100 | asudden I was alone. I didn’t know how to bike without my parents. I was
200 | asudden I was alone with my bike. I didn’t know how to ride it anymore.
500 | asudden I was alone with my bike and didn’t know what to do with it. I
1000 | asudden I was on my own and I didn’t know how to ride a bike anymore.
2000 | asudden my mom and I were on our own and we really enjoyed it!\n\nA few
3000 | those things mean that we can do that in these hard corona-19 (C-1
4000 | friedunoweenesen interesting tempornen interesting temporopleunsto3 dedoB666B668686866

Table 9: Generation upon ablation for mistral-7b. See Appendix H for details.
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Model

llama-8b

prompt | Two years ago I learned to bike with my parents. On Sundays’ afternoon we always went for a ride. This
stopped when my dad broke his knee and needed to go under surgery. All of
default \ a sudden I was left alone with my bike. I was 12 years old and I had to
Ablation | Generated sentence
largest 5 | this happened during summer. Now that winter is coming I'm afraid that biking will stop again. I
10 | this happened during summer 2012. Since then I haven’t ridden my bike anymore. Until yesterday
15 | us were devastated. I couldn’t believe it. I couldn’t believe my dad couldn’t bike anymore
20 | asudden, biking became dangerous. I've been biking alone for a year now.<lend_of_textl>
30 | asudden, biking became dangerous. I've been biking alone 2-3 times a week.
50 | asudden, biking became dangerous. I've been biking alone 2-3 times a week.
100 | 2 months 2.scalablytyped[?][?][?1[?] full[?][?][?1[?1[?1[?]
200 | 2 summers’ fkk fkk fkk fkk fkk fkk fkk fkk fkk fkk fkk fkk fkk fkk fkk fkk
500 | 2weeks 2.scalablytyped nettsteder datingside datingside datingside datingside datingside datingside datingside
datingside datingside datingside datingside datingside datingside
1000 | 2 summers ago 2 summers 2 summers 2 summers 2 summers 2 summers
2000 | 2012 passed me biking dreaming ’gc addCriterionHeaderCodeHeaderCodeHeaderCodeHeaderCodeHeader-
CodeHeaderCodeHeaderCode
3000 | 20122013 2014 2015 [?7T#[21#[7T#I#121#[ TT#H#
4000 | thisuskollectors @natenbspnbspgroupongroupongroupongroupongroupongroupongroupongroupon(?][?][?][?]
smallest 5 | a sudden I was left alone with my bike. I was 12 years old and I had to
10 | asudden I was left alone with my bike. I was not able to ride it anymore. I
15 | asudden I was left alone with my bike. I was 12 years old and I was not
20 | asudden I was left alone with my bike. I was not able to ride it anymore. I
30 | asudden I was left alone with my bike. I was not sure if I could ride it by
50 | asudden I was left alone with my bike. I was not able to ride it anymore. I
100 | asudden I was left alone with my bike. I was 12 years old, and I was
200 | asudden I was left alone with my bike. I was 12 years old, [ had a
500 | asudden I was the only one who could ride a bike. I was 11 years old.
1000 | asudden I, a 15 year old, was in charge of the a
2000 | these, 730 830 1 830<lend_of_textl>
3000 | enthusi usercontent/company-
4000 | HeaderCode
random 5 | a sudden I was left alone with my bike. I was not able to ride it anymore. I
10 | asudden I was left alone with my bike. I was not able to go for a ride with
15 | asudden I was left alone with my bike. I was not able to ride it anymore. I
20 | asudden I was left alone with my bike. I was not able to ride it anymore. I
30 | asudden I was left alone with my bike. I was not able to go for a ride with
50 | asudden I was left alone with my bike. I was sad, but I didn’t want to
100 | asudden I was left alone with my bike. I started to ride around the block, then around
200 | asudden I was alone and I didn’t know how to ride a bike. I was scared to
500 | asudden I was left alone with my bike and I was sad. I missed my dad and I
1000 | asudden I was left with no one to ride with and no one to ride for.\nI miss
2000 | asudden we had no reason to meet and ride in the fields and fields of the neighbouring area where
3000 | asudden the non use of a bike just for fiana or flana or
4000 | _marvin éné //{{1_//{{ éné iste //{{ //{{

Table 10: Generation upon ablation for llama-8b. See Appendix H for details.
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Model

| olmo2-13b

prompt

Two years ago I learned to bike with my parents. On Sundays’ afternoon we always went for a ride. This

stopped when my dad broke his knee and needed to go under surgery. All of

default \ a sudden I was too busy to go biking. I was always doing something else. My parents asked

Ablation ‘ Generated sentence
largest 5 | us were sad about it. Yesterday I went to my dad’s room. He was lying on the
10 | us were sad about it. Yesterday, my dad told me that he wanted to ride bikes again.
15 | us were sad about it. Yesterday morning mom told me dad’s knee was healed and he could ride
20 | us were sad about it.[?][?I[21[21[?1021C7I020200002 1020021071
30 | us were sad aboutit.[: _Z _ X _ X _ K][?1[?1[?][?]
50 | sudden[?][?1A[AIAIAIACILAC2AC2AL2A0 2002002002020 02007]
100 | sudden[?][?1\n\nKANJI[?][?][?7I\n\nKANII[?1[?][?1\n\nKANJI[?][?][?]\n\nKANJI[?][?]
200 | sudden[?][?I\n\nKANJI[?T[L212021000202002002102002]
500 | sudden[?1[?I\n\nKANJI[?1[[21[21[210020210002107112]
1000 | sudden[?][?I\Nn\nKANJI[?T[021200210700202000021070102]
2000 | sudden biking Sundays Stops[?][?1\n\nKANJI[?][?1[?I\n\nKANJI[?][?1[7I\n\nKANJI[?][?][?]\n
3000 | sudden(weather[ ?1[21[21L21210ACACALILAL2A02A0?002002]0
4000 | Eagerness accordionistarween accordistarween accordistarween accordistarween accordistarween accordistar-
ween
5000 | ayasundo Lyons EOamelbitsujuenkinkeenk KramerFParnessVTesch Estragos backlogeriicode
smallest 5 | a sudden I was too busy to go biking. I was always doing something else. My parents asked
10 | asudden I was too busy to go biking. I was always doing something else. My parents would
15 | asudden I was too busy to go biking. I was always doing something else. My parents would
20 | asudden I was too busy to go biking. I was always doing something else. My parents would
30 | asudden I was too busy to go biking. I was always doing something else. My dad was
50 | asudden I was too busy to go biking. I was always doing something else. My dad was
100 | asudden I was too busy to go biking. I was always doing something else. I had forgotten
200 | asudden my mum was too tired to go out, and I didn’t have a bike for myself
500 | asudden my mum was too tired to go out and I was too lazy to go alone. So
1000 | asudden I was the one who had to take the car to the store to get the milk and
2000 | the other times we had to go to the hospital to get a new treatment. This was a very
3000 | the other days I would go to the park and go on the little dirt road and go to the
4000 | the 15105111
5000 | the 100- 100- 100- 100 100
random 5 | asudden I was too busy to go biking. I was always doing something else. My parents asked
10 | asudden I was too busy to go biking. I was always doing something else. My parents asked
15 | asudden I was too busy to go biking. I was always doing something else. My parents asked
20 | asudden I was too busy to go biking. I was always doing something else. My parents asked
30 | asudden I was too busy to go biking. I was always doing something else. My parents asked
50 | asudden I was too busy to go biking. I was always doing something else. I had a
100 | asudden I was too busy to go biking. I was always doing something else. I had a
200 | asudden, my mum and I stopped riding. We were too afraid to ride without him. One
500 | asudden, my mom was the only one who could bike with me. But she was very busy
1000 | asudden my mom was the only one who could bike with me. My dad was always the one
2000 | asudden, my mom was the only one who biked. I tried to get her to do
3000 | sudden I found myself riding the most I ever rode before. Mom continued to drive her car and Dad
4000 | sudden mid-November central Europe weather hit home. Snow Brussels Wallonia year old electric bike
5000 | tahuncente[?] presenta[?]6rioPerfil Voc€ ArchivoVocéVocéVocé Vocé Vocé Vocé Vocé Vocé Vocé Vocé Vocé

Table 11: Generation upon ablation for olmo2-13b. See Appendix H for details.
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Model

| qwen-14b

prompt | Two years ago I learned to bike with my parents. On Sundays’ afternoon we always went for a ride. This
stopped when my dad broke his knee and needed to go under surgery. All of
default ‘ a sudden I was left without a biking partner. I was sad and I missed the rides. I
Ablation | Generated sentence
largest 5 | my[?]200[?]bike[?]lessons[?]were[?]wasted.[?]I[?]knew
10 | us volunteerd to volunte yarg yarg yarg yarg yarg yarg yarg yarg yarg yarg yarg yarg yarg yarg yarg
15 | 2012 I biked 12000000000
20 | 2012121212121212121
30 | 20121 [?] be [?]spent in[?][?] [?1[?1[?][?] and he hasn
50 | 2012 1 [?] be [?]spent in[?][?] [?][?1[?][?] and then[?]
100 | 2012 1)didn’t [?Ddid[?] [?Ddid[?] [?D)did[?] [?]
200 | 2012 Ddidn’t [?])did[?] [?D)did[?] [?])did[?] [?]
500 | 2012 1)didn’t [?Ddid[?] [?Ddid[?] [?Ddid[?] [?]
1000 | 2012 1)did [?1)did[?] [?D)did[?] [?1)did[?] [?])did[?]
2000 | 2012, he hasn’¢[ 2121020210002 200A 0202000020023 0202000 0202 D 020020007
3000 | 2015,[10A020A021 010100021 A0 A 0 A0 I A 020020
4000 | usS$core$core$core$core$core$core$core$core$core$core$core$core$coreScoreScore$core$core$core$core
5000 | [?]s own behalf destinationViewControlleruallyALLY [?][?]\n[?] [?1[?]ses [?][?]ses [?1[?]ses [?][?]ses
[21[?]ses
smallest 5 | a sudden I was left without a biking partner. I was sad and I missed the rides. I
10 | asudden I was left without a biking partner. I was sad and I missed the rides. I
15 | asudden I was left without a biking partner. I was sad and I missed the rides. I
20 | asudden I was left without a biking partner. I was sad and I missed the rides. I
30 | asudden I was without a bike and without a dad to ride with. I was sad. I
50 | asudden I was without a bike. I was sad. I was 10 years old.
100 | asudden I had to stop biking. I was sad. I missed biking. I missed the wind
200 | asudden I had to stop biking. I was sad. I missed the wind in my face,
500 | asudden I had to stop riding. I felt so sad. I had to stay home and watch
1000 | a sudden I had no one to ride with. I had a hard time to get used to the
2000 | his post-surgery care was very hard on him and he never got back to biking.
3000 | his left [?] [2102102020020020020020 02002000071
4000 | junilicked 1 ets]
5000 | FunctionFlags [?][?1[?1[?1[?1[?]
random 5 | a sudden I was left without a biking partner. I was sad and I missed the rides. I
10 | asudden I was left without a biking partner. I was sad and I missed the rides. I
15 | asudden I was left without a biking partner. I was sad and I missed the time we spent
20 | asudden I was left without a biking partner. I was sad and I didn’t know what to
30 | asudden I was left without a bike. I was 10 years old and I didn’t
50 | asudden I was left without a bike. I was 12 years old and I didn’t
100 | asudden I was left without a bike. I was 10 years old and I didn’t
200 | asudden my mom and I were left alone. I was 10 years old and my mom
500 | asudden my 10-year-old self was the only one left to take care of my little
1000 | sudden we had to stop going to bike together because my dad could not stand up yet to go for
2000 | sudden dad could not go cycling anymore but he was not going to _ his 2-year-old
3000 | newcoms([?1[?D[?I[?1f111111111111
4000 | [NALSE [[21[71[7] [21[[ [ 71$fdata$fdata[ ?]$fdata[ ?])$fdata$fdata$fdata$fdata$fdata$fdata$fdata$fdata
5000 | .dtpcola-kit/Branch/goto/portfolio/portfolio, volunte/lic/gif/Branch/goto/portfolio/portfolio/portfolio, vol-

unte/chart/Branch

Table 12: Generation upon ablation for qgwen-14b. See Appendix H for details.
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Model | opt-13b

prompt | Two years ago I learned to bike with my parents. On Sundays’ afternoon we always went for a ride. This
stopped when my dad broke his knee and needed to go under surgery. All of

default \ a sudden I was alone on the bike. I was scared to ride alone. I was scared to

Ablation \ Generated sentence

largest 5 | asudden I was alone on the bike. I was scared and didn’t know what to do.
10 | asudden I was alone. I was so sad. I miss my dad.\nI’m sorry
15 | asudden I was alone. I was so sad. I didn’t know what to do. T
20 | asudden I was alone. I was afraid to ride my bike alone. I was afraid to ride
30 | asudden I was alone. I was so sad. I didn’t know what to do. I
50 | asudden I was alone. I was afraid to ride my bike. I was afraid to go outside
100 | asudden I was alone. I was so sad. I miss my dad.\nI’m sorry
200 | asudden I was alone. I was so sad. I was so lonely. I was so angry
500 | asudden I was the only one who could go for a ride. I was so sad. I
1000 | us are getting older and we don’t have the energy anymore. I'm really happy I'm getting
2000 | us are getting older. My mom doesn’t want to ride anymore. My dad doesn’t want to
3000 | us are cyclists. Cycling is our favorite thing. Cycling is our favorite thing. Cycling is our favorite
4000 | my siblings bike, I'm alone. :(\nbike on!</s>
5000 | Oxacander PVvblogerherlabeleer missvenalsiche Jeriter Monitoring materialsrugeer

smallest 5 | a sudden I was alone on the bike. I was scared to ride alone. I was scared to
10 | asudden I was alone on the bike. I was scared to ride alone. I was scared to
15 | asudden I was alone on the bike. I was scared and I didn’t know what to do
20 | asudden I was alone on the bike. I was scared and I didn’t know what to do
30 | asudden I was alone on the bike. I was scared and I didn’t know what to do
50 | asudden I was alone. I was so sad. I was so lonely. I was so scared
100 | a sudden I was alone on the bike. I was scared and I didn’t know what to do
200 | asudden I was the only one who could ride a bike. I was so sad.\n\n
500 | asudden I was the only one left in the family who could ride a bike. I was the
1000 | asudden I was the only one left in the family who could ride a bike.\n\nI
2000 | asudden the time for the bike rides was over.\n\nl was a bit disappointed, but
3000 | asudden,theonlytime,,,,,,,,,,,,,,
4000 | 5,y sssssnsnrsssssssss
5000 | ..

random 5 | a sudden I was alone on the bike. I was scared and I didn’t know what to do
10 | asudden I was alone on the bike. I was scared to ride alone. I was scared to
15 | asudden I was alone on the bike. I was scared to ride alone. I was scared to
20 | asudden I was alone on the bike. I was scared and I didn’t know what to do
30 | asudden I was alone on the bike. I was scared and I didn’t know what to do
50 | asudden I was alone on the bike. I was not able to ride with my parents anymore.
100 | asudden I was alone on the bike. I was not able to ride with my parents anymore.
200 | asudden I was alone on the bike. I was so scared that I stopped riding. I was
500 | asudden I was alone. I was so sad. I was so lonely. I was so bored
1000 | asudden I was alone. I was so happy when my mom said that she would take me on
2000 | us are getting older and I can’t really ride with my mom and my sister. I miss my
3000 | us missed it and I missed it the most. I miss my dad and I miss my mom who
4000 | asudden, my mom got lost on her scooter on a daily trip between shops, and lost
5000 | Course permanentalon Pug pendataneptri Irugi pendatanrientht Allegippy Pug pendatanrient

Table 13: Generation upon ablation for opt-13b. See Appendix H for details.
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Model | gemma-9b

prompt | Two years ago I learned to bike with my parents. On Sundays’ afternoon we always went for a ride. This
stopped when my dad broke his knee and needed to go under surgery. All of

default ‘ a sudden I was left alone with my bike. I was 10 years old and I was

Ablation \ Generated sentence

largest 5 | asudden I was left alone with my bike. I was afraid to go out alone, but I
10 | asudden I was left alone with my bike. I was afraid to ride it alone, but I
15 | asudden I was left alone with my bike. I was scared to ride it alone, but I
20 | asudden I was left alone with my bike. I was afraid to ride it alone, but I
30 | asudden I was left alone with my bike. I was afraid to ride it alone, but I
50 | a SUDDEN I was left alone with my bike. I was scared to ride it alone. I
100 | us were sad about it.\n\nlI was sad because I loved biking with my parents. I was
200 | us were sad about it. My mom and I were sad because we couldn XNUMXt ride anymore
500 | us were sad about it. My dad was sad because he couldn XNUMXct ride his bike anymore
1000 | us were devastated. My dad was always so active and sporty. He loved to play tennis, soccer
2000 | us were sad about it. My dad was sadder than anyone else. He loves biking. He
3000 | this stopped when I went to Beijing.\n\n plea[?]ure\n createSlice\n I\n I\n I\n I

smallest 5 | a sudden I was left alone with my bike. I was 10 years old and I was
10 | asudden I was left alone with my bike. I was scared to go out alone, but I
15 | asudden I was left alone with my bike. I was scared to go out alone, but I
20 | asudden I was left alone with my bike. I was scared to go out alone, but I
30 | asudden I was left alone with my bike. I was 12 years old and I was
50 | asudden I was left alone with my bike. I was 12 years old and I was
100 | asudden I was left alone with my bike. I was 12 years old and I was
200 | asudden I was left alone with my bike. I was 12 years old and I was
500 | a<strong>sudden</strong> I was left alone with my bike. I was 12 years
1000 | a <strong>sudden</strong>, I was left alone. I was 12 years <strong>
2000 | a2019 I was in a big and very very very very very very very very
3000 | the 2019 and 2020, I was in the 10

random 5 | asudden I was left alone with my bike. I was 10 years old and I was
10 | asudden I was left alone with my bike. I was 10 years old and I was
15 | asudden I was left alone with my bike. I was 10 years old and I was
20 | asudden I was left alone with my bike. I was 10 years old and I was
30 | asudden I was left alone with my bike. I was 10 years old and I was
50 | asudden I was left alone with my bike. I was 10 years old and I was
100 | asudden I was left alone with my bike. I was 10 years old and I was
200 | asudden I was left alone with my bike. I was not sure what to do with it.
500 | asudden I was left alone with my bike. I was afraid to ride it alone, but I
1000 | asudden I was left alone with my bike. I was afraid to go out alone, but I
2000 | asudden I was on my own. I was afraid to ride alone, but I knew I had
3000 | aextranjero[?]jimo. |=>]=>]=>]=>]=>]=>]=>|]=>

Table 14: Generation upon ablation for gemma-9b. See Appendix H for details.
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Model

| stable-12b

prompt | Two years ago I learned to bike with my parents. On Sundays’ afternoon we always went for a ride. This
stopped when my dad broke his knee and needed to go under surgery. All of
default | us were very sad. I was the only one who could still ride a bike. I was very
Ablation \ Generated sentence
largest 5 | a sudden, I was the only one who could go for a ride. I was 11
10 | asudden, I was the only one who could go for a ride. I was 11
15 | a\ns\ns\ns\ns\ns\ns\ns\ns\ns\n
20 | al10111 11211311
30 | allltl1111111111111
50 | al1l0111 11211311
100 | al10111 11211311
200 | a\n_\n_2.2.2 22222
500 | 0222222222
1000 | _1_23 4567 89_
2000 | dit dit dit dit dit dit dit dit dit dit dit dit dit dit dit dit dit dit dit dit
3000 | moo moo Moo MOO MOO MOO MOO MOO MOO MO0 MOO MOO MOO MOO MOO MOO MO0 MOO MOO MO0
4000 | sic sic sic sic sic sic sic sic sic sic sic sic sic sic sic sic sic sic sic sic
5000 | YELLOW ess repentDomain rit sic wel pens wel wel wel wel wel wel wel wel wel wel wel wel
smallest 5 | us were very sad. I was the only one who could still ride a bike. [ was very
10 | us were very sad. I was the only one who could still ride a bike. I was very
15 | us were very sad. I was the only one who could still ride a bike. I was very
20 | us were very sad. I was the only one who could still ride a bike. I was very
30 | us were very sad. I was the only one who could still ride a bike. I was very
50 | us were very sad. I was the only one who could still ride a bike. I was very
100 | us were very sad. I was the only one who could still ride a bike. I was very
200 | us were very sad. We missed the Sunday bike rides. We missed the time we spent together.
500 | us were very sad. I was the only one who could still go out on the road. I
1000 | asudden, I was the only one in the family who could still go for a ride. I
2000 | excer excer eXcer eXcer eXcer eXcer eXcer eXcer excer eXcer exXcer exXcer excer excer excer excer excer excer
excer excer
3000 | disappe,[71\n\n,[21\n\n,[21\n\N,[2]\n\N, [71Nn\n, [21\n\ N, [21\n AN, [2]\N\ N, [ 71NN \n, [21\n\n,[21\n\Nn,[?]\n\n,
4000 | ,[?I\n\nINCLUDED,[?]\n\nINCLUDED, [?]An\nINCLUDED,[?]\n\nINCLUDED,[?]\n\nINCLUDED,
5000 | underminhsiLOCKSLOCKSLOCKSLOCKSLOCKSLOCKSLOCKSLOCKSLOCKSLOCKSLOCKS
random 5 | us were very sad. I missed my dad’s company. I missed the bike rides. I missed
10 | us were very sad. I missed the bike rides. I missed my dad. I missed my mom
15 | us were very sad. My mom and I decided to go for a ride on our own. We
20 | us were very sad. My mom and I decided to go for a ride on our own. We
30 | us were very sad. My dad was the one who taught me to ride a bike. He was
50 | us were very sad. My dad was the one who taught me how to ride a bike. He
100 | us missed the bike rides. I was the one who missed it most. I was the one who
200 | us missed it so much. Now, two years later, my dad is back on his feet and
500 | asudden I found myself without a companion. I missed the rides and the fun. I missed my
1000 | us missed those outings. It’s not easy to go out and do such activities with just me and
2000 | his biking spares were sold. I still miss biking. INCIDENT INCIDENT INCIDENT INCIDENT INCIDENT
INCIDENT INCIDENT INCIDENT
3000 | DPAMAGEREENREENREENREENREENREENREENREENREENREENREENREENREENREEN
4000 | INCIDENT INCIDENT INCIDENT INCIDENT INCIDENT INCIDENT INCIDENT INCIDENT INCI-
DENT INCIDENT INCIDENT INCIDENT INCIDENT INCIDENT INCIDENT INCIDENT INCIDENT
INCIDENT INCIDENT INCIDENT
5000 | favorayo tob disg favor JsonRequest/DkIFn favor Clay ped favor Clay ped Clay ped Clay ped Clay ped

Table 15: Generation upon ablation for stable-12b. See Appendix H for details.
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Abstract

This paper investigates the language dominance
hypothesis in multilingual large language mod-
els (LLMs), which posits that cross-lingual un-
derstanding is facilitated by an implicit trans-
lation into a dominant language seen more
frequently during pretraining. We propose a
novel approach to quantify how languages in-
fluence one another in a language model. By
analyzing the hidden states across intermedi-
ate layers of language models, we model inter-
actions between language-specific embedding
spaces using Gaussian Mixture Models. Our
results reveal only weak signs of language domi-
nance in middle layers, affecting only a fraction
of tokens. Our findings suggest that multilin-
gual processing in LLMs is better explained by
language-specific and shared representational
spaces rather than internal translation into a sin-
gle dominant language.

1 Introduction

Large Language Models (LLMs) built on the Trans-
former architecture (Vaswani et al., 2017) have
demonstrated remarkable capabilities in acquiring
linguistic knowledge from raw text (Devlin et al.,
2019; Brown et al., 2020). When exposed to mul-
tilingual corpora during training, these models de-
velop the ability to process and generate text across
multiple languages (Conneau and Lample, 2019;
Conneau et al., 2020; Xue et al., 2021; Shi et al.,
2023). Intriguingly, they appear to internalize struc-
tural and syntactic differences between languages
even without direct supervision or explicit instruc-
tion in grammar (Lin et al., 2022).

Recent interpretability studies suggest that this
multilingual proficiency is highly influenced by the
composition of languages in the pretraining data
(Papadimitriou et al., 2023; Ustiin et al., 2024; Yue
et al., 2025). Languages that are heavily repre-
sented in pretraining data, often referred to as dom-
inant languages, appear to play a mediating role in
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Centre for Language Technology
University of Copenhagen
alib@hum.ku.dk

an implicit translation mechanism that may under-
lie multilingual capabilities (Wendler et al., 2024;
Zhang et al., 2023). According to this dominance
hypothesis, LLMs internally translate inputs from
less-represented languages into a more dominant
or familiar language, perform intermediate compu-
tations in this shared representation space, and then
translate the result back into the original language.

We introduce a novel probabilistic approach to
assess how the embedding space of a dominant lan-
guage may become activated when other languages
are processed within an LLM. Our approach em-
ploys Gaussian Mixture Models to capture language
interactions based on token embeddings from inter-
mediate layers. By analyzing posterior probabilities
and cross-language activation patterns within this
probabilistic framework, we compute both global
dominance scores at the language level and token-
level likelihood ratios that a token from a source
language might be processed within the embedding
space of another language.

Our investigation of two publicly available mul-
tilingual language models (mGPT (Shliazhko et al.,
2022) and BLOOM (Scao et al., 2023)) with differ-
ent language coverage shows that language domi-
nance, when present, primarily emerges in the mid-
dle layers of the models and only for a relatively
small fraction of tokens. At stricter dominance
thresholds, these tokens primarily comprise func-
tion words and cross-lingually aligned lexical items
such as cognates and shared vocabulary. As the
threshold relaxes, more content-bearing words be-
gin to emerge in the set of dominated tokens. Over-
all, our empirical results across a diverse set of
languages do not provide clear evidence that any
particular language exerts substantial influence over
the internal processing of others. Instead, we ob-
serve that the models tend to process languages
in isolation at their lower and upper layers, while
forming shared, language-agnostic representations
in their middle layers.
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2 Related Work

Recent work has sought to uncover the internal
mechanisms underlying the multilingual capabil-
ities of LLMs. These studies explore a range of fac-
tors, including the influence of training data com-
position and model accent (Guo et al., 2025; Pa-
padimitriou et al., 2023), the role of training time
(Blevins et al., 2022) and language diversity (Ustiin
et al., 2024) in cross-lingual generalization, and
the semantic modeling in multimodal settings (Yue
et al., 2025). In this section, we focus on those
studies that particularly examine whether multilin-
gual models employ an internal translation strategy
across languages.

Zhang et al. (2023) explore the internal dynam-
ics of multilingual understanding in a decoder-only
GPT-3 architecture. Their behavioral analysis ex-
amines how the model performs on tasks requiring
reasoning, knowledge retrieval, and pragmatic lan-
guage use across different languages. Their findings
indicate that English often serves as a mediating
language, with other languages processed through
representations grounded in English to varying de-
grees. However, these conclusions are drawn solely
from model outputs, leaving the underlying inter-
nal mechanisms that give rise to such behavior un-
explored. Furthermore, the proprietary nature of
the model's training data and parameters (OpenAl,
2024) limits insights into the true extent of its mul-
tilingual or English-dominated bias.

To address such limitations, Wendler et al. (2024)
apply the logit lens method (nostalgebraist, 2020)
to investigate whether LLaMA-2 exhibits English
dominance in its internal processing. Instead of
relying on outputs taken from the final layer, this
approach analyzes intermediate activations by trans-
forming internal logits into token probability distri-
butions. Their results suggest that English is pre-
dominantly used as an internal "working language"
in intermediate layers, with information being trans-
lated back into the source language at deeper layers
during output generation.

Similarly, by applying the logit lens to bilingual
English-Japanese LLMs, Zhong et al. (2025) show
that internal representations are influenced by both
languages, and that the extent of reliance on one lan-
guage depends on the model’s training balance and
the input language. The more balanced bilingual
model tends to represent Japanese text more faith-
fully in Japanese, whereas the English-dominated
model relies more heavily on English. This study

provides evidence that LLMs may flexibly use mul-
tiple languages in their internal processing rather
than rigidly translating all content into a single dom-
inant language.

While the logit lens offers a useful tool for inter-
preting intermediate representations by projecting
them into the model’s output vocabulary space, it
comes with notable limitations. Crucially, the fi-
nal vocabulary projection layer is optimized during
training to map only the final hidden states to to-
ken probabilities. Applying the same projection to
earlier layers assumes that intermediate represen-
tations are already aligned with the output space,
which is not necessarily the case and can lead to mis-
leading interpretations. Furthermore, using token
probabilities as a proxy for a "working language"
can oversimplify the distributed and non-symbolic
nature of internal processing.

The logit lens limitations are specifically stud-
ied by Belrose et al. (2025), who show that the
technique fails to produce meaningful results for
modern language models, including BLOOM (Scao
et al., 2023). They show that the top prediction of
the logit lens is often identical to the input token
and that it tends to allocate higher probability mass
to tokens that differ from those emphasized by the
true output distribution.

To address the limitations of behavioral evalua-
tions and logit lens, we shift focus from projecting
intermediate representations into the output vocab-
ulary space toward analyzing the structural relation-
ships among the internal activations themselves.
Specifically, we examine the similarity and diver-
gence of layer activations across languages to assess
the extent to which the representation of a language
is influenced by other languages in the model. This
approach allows us to investigate whether multi-
lingual models rely on dominant-language repre-
sentations or develop shared and language-specific
processing at different layers.

3 Method

To investigate the language dominance hypothesis,
we propose a framework for modeling language in-
teractions in LLMs based on the geometry of their
embedding spaces at each layer. Specifically, we
examine whether the embedding space of a dom-
inant language contributes to processing another
language. If so, we interpret it as a translation-like
mechanism in which representations are internally
mapped into the dominant language’s space.
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3.1 Language Space

Let L denote a language in a language pool £ and
M a multilingual language model. For a sample
text Sp, = {z1,...,x,} in L, we input Sy, into
M and extract its intermediate layer representa-
tions. For each layer i € {1,...,m}, we collect
the token-level embeddings HL = {hz 1oe-- ,hZLn
from Transformer layers, where h ; is the embed-
ding of token z; € Sy, at layer <.

Given the high dimensionality of the token em-
beddings, we apply Principal Component Analysis
(PCA) independently at each layer to make the anal-
ysis tractable. Specifically, for a given layer i, we
aggregate the token embeddings HZL across all lan-
guages L. € L into a single matrix, and compute
a PCA transformation over this multilingual em-
bedding set. The resulting projections I:IZL map all
languages at layer ¢ into a shared lower-dimensional
space, enabling direct cross-lingual comparison.

Finally, we fit a Gaussian Mixture Model (GMM)
to the PCA-reduced embeddings at each layer to
model the embedding spaces across languages in
a unified manner. In the GMM associated with
layer ¢, each component corresponds to a language
L € L and is parameterized by a uniform prior
weight 7rZL = |—£| over all languages, a mean vector

p¥, and a covariance matrix 37, estimated via
maximum likelihood from the embeddings in I:IZL
(i.e., the PCA-reduced token embeddings).

In this way, each language is represented as a
Gaussian distribution in the latent space of a layer
i, from which its hidden states are drawn:

H ~ N (ul, =)

We refer to this Gaussian distribution as the lan-
guage space of L at layer . The GMM probabilisti-
cally models interactions between language spaces
at each layer, enabling analysis of how one language
influences the representation of another.

3.2 Language Dominance

We define the dominance degree of a target lan-
guage 1" over a source language S as the expected
probability that the language space of T is activated
when the model processes input from .S. Intuitively,
if the language model internally represents or inter-
prets S through structures in 7', then the likelihood
of activation within 7”’s embedding space should
be comparatively high when handling inputs from
S. This measure serves as a proxy for identifying

whether 7" functions as an internal mediating lan-
guage in the model’s multilingual representation.

In a continuous formulation, where token embed-
dings are drawn from the language spaces formed
at layer 1, this expectation is expressed as:

Pi(T | ) = B pus s [P(T | )]

- . ~ (D
:/P(T!h)-P(h|S)dh

Here, P(T | h) denotes the GMM posterior proba-
bility that a PCA-reduced vector h belongs to the
component associated with 7', and P(h | S) is the
distribution of the language space for .S.

Since the integral in Equation 1 is intractable in
practice, we approximate it using a Monte Carlo
estimate. Given a set of PCA-reduced token embed-
dings {fli,l, . ,flim} extracted from layer 7 while
processing a sample {z1, ..., z,} from language
S, the dominance score is computed as:

B(T|S)~ ZPT\hU ()

A higher score indicates that the internal representa-
tions of S are well-aligned with the representational
geometry of T, suggesting that 7" may function as
a mediating language within the model's internal
processing of S.

Accordingly, we approximate the dominance
score for a language 7' at a given layer ¢ as the
average dominance of 7" over all other languages:

Dy(T) = ][,]1—1 >

Lel\{T}

P(T|L) @3

This score reflects how strongly language 1" domi-
nates the internal representations of other languages
within the model. A higher value indicates that
representations from other languages tend to align
closely with the embedding space of T', suggesting
its role as an internal mediating language.

4 Experiment Setup

This section outlines the experimental setup used to
evaluate the language dominance hypothesis. We
begin by detailing the selection of the models, fol-
lowed by a description of the data collection pro-
cess, and our method for extracting and processing
hidden representations from each model layer.
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4.1 Model Selection

Since the language dominance hypothesis has pri-
marily been proposed in the context of autoregres-
sive decoder-only architectures, we evaluate it us-
ing two publicly available multilingual language
models: mGPT (Shliazhko et al., 2022), containing
1.3 billion parameters, and BLOOM (Scao et al.,
2023), with 1.7 billion parameters. Both models
are built on decoder-only Transformer architectures
and consist of 24 layers. They are specifically de-
signed to process multilingual text and are trained
on linguistically diverse corpora.

The composition of the training data differs sub-
stantially between the two models. mGPT is trained
on a large multilingual Common Crawl corpus
mainly covering languages from the CIS region,
along with several curated text corpora, where En-
glish and Russian are particularly prominent. In
contrast, BLOOM is trained on the ROOTS corpus,
a more diverse multilingual dataset in which En-
glish accounts for approximately 30% of the total to-
kens. Other high-resource languages in BLOOM’s
training data include French, Spanish, and Arabic.
This wider linguistic coverage makes BLOOM's
training data substantially more diverse than that of
mGPT, although mGPT includes a larger number
of languages in its pre-training data (61 vs. 46).

4.2 Data Collection

Our analysis is based on a subset of languages
present in the Parallel Universal Dependencies
(PUD) treebanks (Zeman et al., 2017). The PUD
treebanks offer aligned sentences in various lan-
guages from news sources and Wikipedia, anno-
tated for both morphological and syntactic struc-
tures. The cross-lingual alignment of sentences
ensures that our findings are not skewed by domain-
specific variations or differences in syntactic and
semantic structures in certain languages. Addition-
ally, the availability of syntactic annotations allows
us to effectively assess the syntactic aspects of pos-
sible overlaps between the language spaces.
Among the 21 languages available in the PUD
treebanks, we select 7 languages that are included in
the pretraining data of both mGPT and BLOOM. In
addition, we include two languages — Czech and
Icelandic, which are not present in the training
data of either model. These out-of-distribution lan-
guages allow us to investigate the generalization
capabilities of the models beyond their supervised
multilingual scope. For each selected language,

Language Family Genus ISO Train
Arabic Afro-Asiatic  Semitic ar v
Czech Indo-European Slavic cs -
English Indo-European Germanic en v
French Indo-European Romance fr v
Hindi Indo-European Indo-Aryan hi v
Icelandic  Indo-European Germanic is -
Indonesian Austronesian ~ Malayo-Polynesian id v
Portuguese Indo-European Romance pt v
Spanish Indo-European Romance es v
Table 1: Languages used to evaluate mGPT and

BLOOM. v indicates presence in the training data.

our analysis is conducted on the first 100 sentences
from its corresponding PUD treebank, providing
a controlled and parallel dataset for cross-lingual
comparison. A summary of the selected treebanks
is provided in Table 1.

4.3 Extraction of Hidden Representations

We begin by extracting raw sentences from each
of the selected PUD treebanks and input them into
the language models under investigation. Each sen-
tence is first tokenized using the model-specific
tokenizer. The resulting tokenized sequences are
then fed independently into the language models.
During processing, we collect the hidden represen-
tations produced at each intermediate layer.

For each token in the original sentence, we com-
pute its representation by averaging the embeddings
of its corresponding sub-tokens at a given layer.
This yields a real-valued tensor of shape n x m x d,
where n is the number of tokens in the sentence, m
is the number of layers in the language model, and
d is the dimensionality of the token embeddings.
For each token, the embeddings averaged over its
sub-tokens produce a single token representation,
which is subsequently aligned to the token's syntac-
tic properties, such as part-of-speech (POS) tags,
using a single token representation per layer.

We collect the token embeddings for all selected
sentences across all languages. For each Trans-
former layer, we aggregate the token embeddings
from all languages into a single matrix. We then
apply PCA to this aggregated set of embeddings to
obtain a shared low-dimensional projection space.
The number of principal components is selected
such that the PCA-projected embeddings retain 98%
of the total explained variance.

Finally, we fit a GMM to the PCA-projected em-
beddings for each layer, using one mixture com-
ponent per language, resulting in 9 clusters. Each
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cluster represents a language space parameterized
by a mean vector, computed as the average of all
PCA-projected token embeddings from that lan-
guage, and a full covariance matrix estimated from
the same set of embeddings.

5 Results

We first examine the overall structure and dis-
tribution of language spaces modeled by the
GMM. Then, we turn to the dominance scores at the
token level to assess how internal representations
of a language may be influenced by another.

5.1 Language Dominance Analysis

At the distributional level, if the language domi-
nance hypothesis holds, we would expect substan-
tial overlap between the embedding space of a given
language and that of the most frequent or domi-
nant language in the model’s pretraining corpus,
leading to less distinct language-specific clusters.
To evaluate this, we compute the Normalized Mu-
tual Information (NMI) between the GMM com-
ponents (i.e., language spaces) and the true lan-
guage labels across all layers of the test models.
Low NMI values would indicate that the clusters do
not align well with language identities, suggesting
a shared representational space or some levels of
language space overlap. Conversely, higher NMI
scores would reflect more distinct language-specific
structure, weakening strong dominance effects.

Figure 1 presents the NMI values across all layers
of the models for three clustering tasks: languages
included in the models' pretraining data (left), lan-
guages absent from pretraining (middle), and the
full set of languages (right). The results show a
consistent pattern across both models where NMI
values start relatively high in the initial layers, drop
sharply in the middle layers, and rise again in the up-
per layers. This pattern holds regardless of whether
alanguage was seen during pretraining and suggests
that the middle layers (3-14 in mGPT and 5-18 in
BLOOM) are more prone to cross-lingual overlap
or shared representation, while both early and late
layers encode more language-specific structure.

These results are consistent with research on neu-
ron activation patterns in LLMs (e.g., Kojima et al.,
2024; Tang et al., 2024), which report that language-
specific neurons are mainly found at the top and bot-
tom internal layers of LLMs, and language-agnostic
neurons are found in the middle layers.

A comparison between the two models shows
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that the intermediate representations of BLOOM
are generally more informative about the language
labels. This could be attributed to the composition
of BLOOM's pretraining data, which includes a
more diverse and balanced set of languages com-
pared to mGPT, whose training data is biased to-
ward CIS languages (see Section 4.1).

We further analyze the clustering performance
of GMMs with low NMI to investigate whether
a dominant language might be responsible for re-
duced alignment with language identities. Figure 2
presents confusion matrices for the GMM cluster-
ing of token embeddings across all languages, for
mGPT and BLOOM. The matrices are aggregated
over layers 3-14 for mGPT and 5-18 for BLOOM,
corresponding to the ranges where the GMMs yield
the lowest NMI with the true language labels.

Under the language dominance hypothesis, we
would expect a dominant language space to span
those of other languages, leading to systematic mis-
clustering toward that language in the confusion
matrix. Such a pattern would manifest as dispro-
portionately high off-diagonal values concentrated
in the dominant language’s column. However, our
results show no such consistent misclustering. In-
stead, for both models, strong diagonal dominance
indicates that most tokens are correctly assigned to
their respective language clusters.

The results further indicate that misclustered to-
kens are distributed across all languages, providing
little evidence for a single dominant language medi-
ating others. A slightly higher rate of misclustering
into Hindi across language pairs might be due to dis-
tinct statistical regularities in the Devanagari script,
particularly in punctuation usage, or to biases in
the composition of the pretraining data. Further
work, involving a detailed examination of training
data distribution and cross-lingual representational
similarities, is needed to better understand the fac-
tors driving this pattern. However, such analysis is
beyond the scope of the present work.

Next, we analyze the dominance scores for each
language, as described in Section 3.2. Figure 3
presents the average dominance scores across layers
for both models. We ran a two-sided Mann-Whitney
U test, finding significant layer-wise differences
in dominance scores for most cases (p < .05 in
97% of the cases for mGPT, 100% for BLOOM).!
Consistent with the previous cluster analysis, Fig-

'We used this non-parametric test as it does not assume
normality in the distribution of the average dominance scores.
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Figure 1: Normalized Mutual Information (NMI) for three language sets: (left) languages present in the models’
pretraining data, (middle) languages absent from pretraining, and (right) all languages.
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Figure 2: Confusion matrices of the GMM clustering.
Top: mGPT; Bottom: BLOOM.

ure 3 shows that language dominance is minimal in
the initial and final layers, suggesting that at these
stages, the representations are largely language-
specific. In parallel, the middle layers, specifically
layers 3 to 14 in mGPT and 5 to 18 in BLOOM,
form a region where the models internally align or
translate representations across languages.

The results do not point to a single dominant
language exerting significant influence over all oth-

ers.” Instead, the dominance scores are relatively
balanced across the languages, suggesting the for-
mation of a shared representational space in the
middle layers rather than reliance on a specific dom-
inant language <ns1:XMLFault xmlns:ns1="http://cxf.apache.org/bindings/xformat"><ns1:faultstring xmlns:ns1="http://cxf.apache.org/bindings/xformat">java.lang.OutOfMemoryError: Java heap space</ns1:faultstring></ns1:XMLFault>