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Abstract

In this extended abstract, we investigate the ca-
pability of Large Language Models (LLMs) to
represent texts in multilingual contexts. Our
findings reveal that sentence representations
derived from LLMs exhibit a high degree of
isomorphism across languages. This existing
isomorphism facilitates representational align-
ments in few-shot settings. Specifically, by
applying a contrastive objective at the represen-
tation level with only a small number (e.g., 100)
of translation pairs,1 we significantly improve
models’ performance on Semantic Textual Sim-
ilarity (STS) tasks across languages.2

1 Introduction

Representational isomorphism has been recognized
as a key factor of few-shot capabilities (Lample
et al., 2017; Søgaard et al., 2018). In this paper,
we analyze multilingual sentence representations
in LLMs through the lens of isomorphism. By ex-
amining the geometric properties of sentence pairs,
we show that while embeddings from different lan-
guages are not well clustered in a common space,
they exhibit high isomorphism. Projecting them
via an orthogonal matrix effectively aligns repre-
sentations across languages. It also explains the
previous success of combining non-English inputs
with English prompts (Etxaniz et al., 2023; Huang
et al., 2023).

Building on this observation and previous stud-
ies highlighting representational isomorphism as
a key factor in few-shot capabilities, we explore
multilingual semantic alignment in LLMs. Using
just 100 English-centric translation samples with
contrastive loss across language pairs, we achieve

*These authors contributed equally to this work.
1Due to page limits, these results are not included in the

extended abstract.
2Our anonymous code is available at https://anonymous.

4open.science/r/multilingual_reps.

effective representation space alignment. This sig-
nificantly improves cross-lingual Semantic Textual
Similarity (STS) task performance, proving more
efficient than continued multilingual training. No-
tably, this also boosts STS performance within in-
dividual languages, even without a monolingual
objective.

2 Representational Analysis

2.1 Representation Extraction
PromptEOL (Jiang et al., 2023) extracts sentence
embeddings from causal language models like
LLaMA (Touvron et al., 2023) using a simple
prompting template:

This sentence: “[TEXT]” means in one word:“

The last hidden layer’s vector for the final token
is used as the sentence representation. This method
has demonstrated strong performance on semantic
representation tasks (Agirre et al., 2015, 2016).

We adopt PromptEOL for its simplicity and
adaptability. For multilingual use, the English tem-
plate is translated into corresponding languages,
e.g., for German:

Dieser Satz: “[TEXT]” bedeutet in einem Wort:“

We use this method to derive multilingual LLM
representations.

2.2 Cross-lingual Structural Analysis
We use Procrustes analysis (Schönemann, 1966) to
assess the structural similarity of representations
across languages. This method optimally rotates or
reflects one set of points to align with another, pre-
serving the shape. The accuracy of this alignment
indicates the degree of isomorphism across spaces.

Formally, given two embedding sets, A and
B, from LLMs using sentence pairs in different
languages, Procrustes analysis learns an orthogo-
nal projection W that maps A to a shared space
with B by solving min ∥WA−B∥F subject to
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Precision@5 EN AR ZH JP RU DE ES Into X
EN - / - 0.33 / 0.67 0.61 / 0.97 0.03 / 0.82 0.36 / 0.96 0.82 / 0.96 0.76 / 0.99 0.49 / 0.90
AR 0.12 / 0.23 - / - 0.18 / 0.44 0.01 / 0.37 0.07 / 0.45 0.08 / 0.34 0.14 / 0.53 0.10 / 0.39
ZH 0.22 / 0.73 0.08 / 0.55 - / - 0.14 / 0.71 0.31 / 0.88 0.18 / 0.74 0.40 / 0.93 0.22 / 0.76
JP 0.04 / 0.33 0.02 / 0.34 0.21 / 0.59 - / - 0.17 / 0.56 0.03 / 0.56 0.06 / 0.62 0.09 / 0.50
RU 0.20 / 0.73 0.19 / 0.61 0.56 / 0.86 0.05 / 0.71 - / - 0.24 / 0.85 0.60 / 0.95 0.31 / 0.79
DE 0.67 / 0.88 0.09 / 0.62 0.37 / 0.89 0.01 / 0.80 0.36 / 0.92 - / - 0.83 / 0.96 0.39 / 0.85
ES 0.12 / 0.75 0.08 / 0.60 0.18 / 0.87 0.00 / 0.67 0.20 / 0.92 0.48 / 0.85 - / - 0.18 / 0.78

From X 0.23 / 0.61 0.13 / 0.57 0.35 / 0.77 0.04 / 0.68 0.24 / 0.78 0.3 / 0.72 0.47 / 0.83 0.25 / 0.71

Table 1: The success rate (Precision@5) for cross-lingual retrieval before/after applying Procrustes projection.
“From X” and “Into X” denote the average results for each column and row, respectively.

Precision@5 EN AR ZH JP RU DE ES Into X
EN - / - 0.78 / 0.73 0.93 / 0.94 0.95 / 0.93 0.76 / 0.94 0.96 / 0.96 0.97 / 0.97 0.89 / 0.91
AR 0.67 / 0.67 - / - 0.83 / 0.76 0.84 / 0.74 0.59 / 0.76 0.82 / 0.78 0.83 / 0.79 0.76 / 0.75
ZH 0.85 / 0.93 0.86 / 0.79 - / - 0.99 / 0.98 0.84 / 0.95 0.97 / 0.95 0.96 / 0.96 0.91 / 0.93
JP 0.88 / 0.92 0.86 / 0.78 1.0 / 0.97 - / - 0.83 / 0.95 0.96 / 0.95 0.95 / 0.95 0.91 / 0.92
RU 0.75 / 0.96 0.83 / 0.81 0.97 / 0.96 0.97 / 0.96 - / - 0.97 / 0.97 0.96 / 0.97 0.91 / 0.94
DE 0.9 / 0.96 0.68 / 0.79 0.91 / 0.94 0.89 / 0.94 0.75 / 0.96 - / - 0.99 / 0.97 0.85 / 0.93
ES 0.89 / 0.96 0.65 / 0.77 0.87 / 0.94 0.85 / 0.94 0.65 / 0.95 0.98 / 0.96 - / - 0.82 / 0.92

From X 0.82 / 0.9 0.78 / 0.78 0.92 / 0.92 0.91 / 0.92 0.74 / 0.92 0.94 / 0.93 0.94 / 0.93 0.86 / 0.90

Table 2: The success rate (Precision@5) for cross-lingual retrieval before/after applying Procrustes projection.
Note that all embeddings are derived from the prompting template in English, instead of the same language with
input sentences.

W TW = I . The solution W = UV T is derived
from the singular value decomposition (SVD) of
BAT .

We conduct experiments on seven languages.
We train W on translation pairs from NTREX (Fed-
ermann et al., 2022) and test on Flores (Goyal et al.,
2022), merging 1,997 and 2,009 samples from the
dev and test sets, respectively.

We then compute Precision@k by using embed-
dings in WA to retrieve those in B and checking
if their counterparts are among the k-nearest neigh-
bors based on cosine similarity, using this precision
to quantify structural similarity in each translation
direction.

2.3 Representation Discrepancy and
Isomorphism

Table 1 shows the success rate of the resulting em-
beddings in cross-lingual retrieval before/after ap-
plying Procrustes projection (§2.2). It is clear that
1) the initial representation discrepancies are gener-
ally substantial across languages. 2) However, after
properly rotating (applying W ), representations in
most of the directions are well aligned, leading to
clear gains from an average of 0.25 to 0.71.

2.4 Multilingual Representation via English
Prompts

Previous studies show decent improvements can be
achieved by simply adjusting/filling non-English
instructions into English-centric prompting tem-

plates in the inference stage (Etxaniz et al., 2023;
Huang et al., 2023). To explain the success, we in-
vestigate how the representations of LLMs change
when using the prompting template in the predom-
inant language, English, for different languages,
rather than the same ones mentioned in §2.1.

Table 2 shows the success rate within the same
data setting in §2.3. Notably, the initial represen-
tations’ degree of alignment is much higher than
that in Table 1 (0.86 v.s., 0.25), resulting in a sim-
ilar alignment level with the latter after rotation.
Also, the gain from applying Procrustes projection
is marginal in this setting. We interpret the degen-
eration of the rotation gain as that English prompts,
to some extent, have taken on the role of the cor-
responding spatial transformation, i.e., mapping
representations into a shared English space.

3 Conclusion

In this extended abstract, we show that LLMs’
representations exhibit a high degree of isomor-
phism across languages, which explains their cross-
lingual zero-shot or few-shot capabilities in a mul-
tilingual context. Further experiments demonstrate
that LLMs’ semantic representations can be en-
hanced across languages through alignment using
just 100 translation samples, offering a more ef-
ficient and effective approach than sample-level
pretraining or instruction tuning.

294



Limitations

We conduct experiments exclusively on two fami-
lies of LLMs, namely LLaMA2 and Tower. There-
fore, the generalizability of our findings to other
LLMs remains uncertain. Additionally, our seman-
tic analysis is restricted to a few languages.
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A Appendix

A.1 Semantic Alignment across Languages on
STS tasks

Table 3 shows the multilingual cross-lingual STS
results in different settings after contrastive learn-
ing on both LLaMA2 and Tower models.

A.2 Representation Isomorphism with
Additional Metrics

We present the results of Precision@1 and Pre-
cision@10 on representation isomorphism with
LLaMA-7B in Table 4, 5, 6, and 7.

A.3 Representation Isomorphism with Last
Token Pooling-Derived Representations

Table 8 shows the results on representation isomor-
phism with last token pooling-derived representa-
tions of the LLaMA2-7B model.

A.4 Representation Isomorphism with
LLaMA-13B

Table 9 and 10 show the results on representation
isomorphism with the LLaMA2-13B model.
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Model Settings EN AR ES AR-EN ES-EN TR-EN Avg
LLaMA2-7B self -prompts 0.72 0.24 0.28 0.17 0.11 0.09 0.27
LLaMA2-7B en-prompts 0.72 0.46 0.46 0.36 0.27 0.12 0.40
LLaMA2-7B en-prompts (+100) 0.76 0.62 0.73 0.52 0.64 0.42 0.62
LLaMA2-7B en-prompts (+1000) 0.82 0.62 0.80 0.54 0.75 0.55 0.68
Tower-7B self -prompts 0.69 0.25 0.41 0.14 0.15 0.08 0.29
Tower-7B en-prompts 0.69 0.45 0.70 0.26 0.35 0.11 0.43
Tower-7B en-prompts (+100) 0.73 0.57 0.67 0.50 0.60 0.41 0.58
Tower-7B en-prompts (+1000) 0.76 0.60 0.65 0.54 0.62 0.47 0.61

Table 3: The multilingual and cross-lingual STS results in different settings using contrastive learning. self -prompts
and en-prompts denote using prompting methods in §2.1 and §2.4, respectively. Tower continues to pre-train
LLaMA2 with large amounts of multilingual data but fails to align semantics. However, aligning LLaMA2 at the
representation level using a few translation samples from NTREX (e.g., 100), results in clear improvements from
0.40 to 0.68.

Precision@1 EN AR ZH JP RU DE ES Into X
EN - / - 0.20 / 0.47 0.44 / 0.88 0.01 / 0.63 0.19 / 0.87 0.65 / 0.88 0.54 / 0.93 0.34 / 0.78
AR 0.06 / 0.09 - / - 0.10 / 0.26 0.00 / 0.2 0.03 / 0.26 0.02 / 0.21 0.06 / 0.33 0.05 / 0.23
ZH 0.07 / 0.52 0.02 / 0.36 - / - 0.07 / 0.50 0.12 / 0.71 0.07 / 0.57 0.11 / 0.79 0.08 / 0.57
JP 0.01 / 0.15 0.00 / 0.19 0.10 / 0.38 - / - 0.08 / 0.35 0.01 / 0.38 0.02 / 0.40 0.04 / 0.31
RU 0.01 / 0.52 0.01 / 0.43 0.38 / 0.72 0.02 / 0.54 - / - 0.09 / 0.73 0.36 / 0.86 0.14 / 0.63
DE 0.40 / 0.72 0.01 / 0.42 0.02 / 0.73 0.00 / 0.63 0.21 / 0.83 - / - 0.62 / 0.88 0.21 / 0.70
ES 0.02 / 0.55 0.04 / 0.41 0.09 / 0.72 0.00 / 0.49 0.11 / 0.80 0.26 / 0.73 - / - 0.09 / 0.62

From X 0.10 / 0.42 0.05 / 0.38 0.19 / 0.62 0.02 / 0.50 0.12 / 0.64 0.18 / 0.58 0.28 / 0.70 0.14 / 0.55

Table 4: The success rate (Precision@1) for cross-lingual retrieval before/after applying Procrustes projection with
the LLaMA2-7B model. The embeddings in each language are derived from the LLaMA2-7B model using the
prompting method as described in §2.1.

Precision@10 EN AR ZH JP RU DE ES Into X
EN - / - 0.40 / 0.73 0.67 / 0.98 0.05 / 0.88 0.44 / 0.98 0.86 / 0.97 0.82 / 0.99 0.54 / 0.92
AR 0.16 / 0.31 - / - 0.24 / 0.51 0.02 / 0.45 0.12 / 0.54 0.12 / 0.41 0.19 / 0.62 0.14 / 0.47
ZH 0.30 / 0.80 0.16 / 0.62 - / - 0.20 / 0.77 0.40 / 0.91 0.28 / 0.80 0.53 / 0.95 0.31 / 0.81
JP 0.06 / 0.41 0.06 / 0.42 0.28 / 0.69 - / - 0.23 / 0.64 0.06 / 0.65 0.13 / 0.70 0.14 / 0.58
RU 0.27 / 0.80 0.27 / 0.68 0.63 / 0.90 0.08 / 0.76 - / - 0.34 / 0.89 0.69 / 0.97 0.38 / 0.83
DE 0.78 / 0.92 0.16 / 0.69 0.46 / 0.92 0.04 / 0.84 0.43 / 0.95 - / - 0.88 / 0.97 0.46 / 0.88
ES 0.24 / 0.82 0.10 / 0.67 0.24 / 0.90 0.02 / 0.73 0.27 / 0.94 0.56 / 0.89 - / - 0.24 / 0.83

From X 0.30 / 0.68 0.19 / 0.64 0.42 / 0.82 0.07 / 0.74 0.32 / 0.83 0.37 / 0.77 0.54 / 0.87 0.32 / 0.76

Table 5: The success rate (Precision@10) for cross-lingual retrieval before/after applying Procrustes projection
with the LLaMA2-7B model. The embeddings in each language are derived from the LLaMA2-7B model using the
prompting method as described in §2.1.

Precision@1 EN AR ZH JP RU DE ES Into X
EN - / - 0.59 / 0.52 0.83 / 0.81 0.83 / 0.80 0.57 / 0.82 0.87 / 0.88 0.87 / 0.90 0.76 / 0.79
AR 0.50 / 0.44 - / - 0.68 / 0.56 0.69 / 0.56 0.41 / 0.58 0.63 / 0.61 0.65 / 0.63 0.59 / 0.56
ZH 0.70 / 0.79 0.67 / 0.60 - / - 0.96 / 0.92 0.68 / 0.86 0.89 / 0.87 0.80 / 0.88 0.78 / 0.82
JP 0.74 / 0.77 0.69 / 0.59 0.97 / 0.91 - / - 0.67 / 0.85 0.87 / 0.85 0.81 / 0.86 0.79 / 0.81
RU 0.51 / 0.84 0.63 / 0.64 0.91 / 0.88 0.88 / 0.87 - / - 0.88 / 0.93 0.86 / 0.91 0.78 / 0.85
DE 0.80 / 0.87 0.51 / 0.61 0.80 / 0.85 0.78 / 0.85 0.57 / 0.89 - / - 0.95 / 0.92 0.73 / 0.83
ES 0.76 / 0.87 0.45 / 0.58 0.73 / 0.83 0.69 / 0.82 0.46 / 0.87 0.94 / 0.91 - / - 0.67 / 0.81

From X 0.67 / 0.76 0.59 / 0.59 0.82 / 0.81 0.81 / 0.80 0.56 / 0.81 0.85 / 0.84 0.82 / 0.85 0.73 / 0.78

Table 6: The success rate (Precision@1) for cross-lingual retrieval before/after applying Procrustes projection with
the LLaMA2-7B model. Note that all embeddings are derived from the prompting template in English as described
in §2.4, instead of the same language with input sentences.
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Precision@10 EN AR ZH JP RU DE ES Into X
EN - / - 0.83 / 0.80 0.95 / 0.96 0.97 / 0.95 0.80 / 0.96 0.98 / 0.97 0.98 / 0.98 0.92 / 0.94
AR 0.73 / 0.75 - / - 0.88 / 0.81 0.89 / 0.80 0.66 / 0.82 0.87 / 0.84 0.87 / 0.84 0.82 / 0.81
ZH 0.89 / 0.95 0.90 / 0.84 - / - 1.00 / 0.98 0.89 / 0.97 0.98 / 0.97 0.98 / 0.97 0.94 / 0.95
JP 0.91 / 0.94 0.90 / 0.83 1.00 / 0.98 - / - 0.88 / 0.97 0.98 / 0.97 0.98 / 0.97 0.94 / 0.94
RU 0.80 / 0.97 0.88 / 0.86 0.98 / 0.97 0.98 / 0.97 - / - 0.98 / 0.98 0.98 / 0.98 0.93 / 0.96
DE 0.93 / 0.97 0.74 / 0.84 0.94 / 0.96 0.92 / 0.96 0.79 / 0.97 - / - 0.99 / 0.98 0.89 / 0.95
ES 0.92 / 0.97 0.71 / 0.82 0.90 / 0.96 0.88 / 0.96 0.72 / 0.96 0.99 / 0.97 - / - 0.85 / 0.94

From X 0.86 / 0.92 0.83 / 0.83 0.94 / 0.94 0.94 / 0.94 0.79 / 0.94 0.96 / 0.95 0.96 / 0.95 0.90 / 0.93

Table 7: The success rate (Precision@10) for cross-lingual retrieval before/after applying Procrustes projection
with the LLaMA2-7B model. Note that all embeddings are derived from the prompting template in English as
described in §2.4, instead of the same language with input sentences.

Precision@5 EN AR ZH JP RU DE ES Into X
EN - / - 0.05 / 0.23 0.04 / 0.51 0.08 / 0.41 0.13 / 0.54 0.09 / 0.57 0.08 / 0.70 0.08 / 0.49
AR 0.03 / 0.07 - / - 0.02 / 0.13 0.02 / 0.08 0.03 / 0.13 0.01 / 0.12 0.02 / 0.16 0.02 / 0.12
ZH 0.19 / 0.24 0.08 / 0.18 - / - 0.46 / 0.34 0.15 / 0.37 0.19 / 0.40 0.11 / 0.44 0.20 / 0.33
JP 0.11 / 0.12 0.06 / 0.09 0.35 / 0.25 - / - 0.05 / 0.17 0.08 / 0.13 0.06 / 0.17 0.12 / 0.15
RU 0.15 / 0.23 0.05 / 0.12 0.08 / 0.30 0.06 / 0.15 - / - 0.19 / 0.36 0.18 / 0.45 0.12 / 0.27
DE 0.06 / 0.20 0.02 / 0.10 0.03 / 0.28 0.04 / 0.11 0.09 / 0.38 - / - 0.18 / 0.45 0.07 / 0.25
ES 0.07 / 0.28 0.02 / 0.14 0.02 / 0.33 0.02 / 0.15 0.08 / 0.45 0.13 / 0.43 - / - 0.06 / 0.30

From X 0.10 / 0.19 0.05 / 0.14 0.09 / 0.30 0.11 / 0.21 0.09 / 0.34 0.12 / 0.33 0.10 / 0.40 0.10 / 0.27

Table 8: The success rate (Precision@5) for cross-lingual retrieval before/after applying Procrustes projection with
the LLaMA2-7B model. The embeddings are derived by taking the output hidden vector of the last token without
prompting (last token pooling).

Precision@5 EN AR ZH JP RU DE ES Into X
EN - / - 0.26 / 0.72 0.66 / 0.90 0.66 / 0.88 0.22 / 0.96 0.56 / 0.85 0.30 / 0.83 0.44 / 0.86
AR 0.02 / 0.37 - / - 0.09 / 0.28 0.11 / 0.34 0.10 / 0.64 0.03 / 0.33 0.03 / 0.41 0.06 / 0.40
ZH 0.02 / 0.68 0.04 / 0.29 - / - 0.42 / 0.50 0.02 / 0.68 0.00 / 0.32 0.00 / 0.38 0.08 / 0.47
JP 0.02 / 0.62 0.05 / 0.40 0.74 / 0.54 - / - 0.05 / 0.86 0.01 / 0.57 0.01 / 0.53 0.15 / 0.59
RU 0.01 / 0.43 0.07 / 0.30 0.07 / 0.28 0.12 / 0.43 - / - 0.02 / 0.47 0.02 / 0.48 0.05 / 0.40
DE 0.47 / 0.84 0.24 / 0.61 0.19 / 0.57 0.52 / 0.79 0.20 / 0.95 - / - 0.41 / 0.80 0.34 / 0.76
ES 0.25 / 0.71 0.29 / 0.52 0.09 / 0.46 0.46 / 0.57 0.14 / 0.83 0.52 / 0.70 - / - 0.29 / 0.63

From X 0.13 / 0.61 0.16 / 0.47 0.31 / 0.51 0.38 / 0.58 0.12 / 0.82 0.19 / 0.54 0.13 / 0.57 0.20 / 0.59

Table 9: The success rate (Precision@5) for cross-lingual retrieval before/after applying Procrustes projection with
the LLaMA2-13B model. The embeddings in each language are derived from the LLaMA2-13B model using the
prompting method as described in §2.1.

Precision@5 EN AR ZH JP RU DE ES Into X
EN - / - 0.89 / 0.82 0.90 / 0.94 0.89 / 0.93 0.77 / 0.94 0.99 / 0.98 0.98 / 0.98 0.90 / 0.93
AR 0.81 / 0.80 - / - 0.82 / 0.86 0.86 / 0.85 0.78 / 0.85 0.94 / 0.88 0.94 / 0.88 0.86 / 0.85
ZH 0.59 / 0.95 0.89 / 0.88 - / - 1.00 / 0.98 0.88 / 0.97 0.97 / 0.97 0.99 / 0.98 0.89 / 0.96
JP 0.69 / 0.94 0.91 / 0.87 1.00 / 0.99 - / - 0.91 / 0.96 0.98 / 0.98 0.99 / 0.97 0.91 / 0.95
RU 0.44 / 0.95 0.94 / 0.89 0.94 / 0.98 0.95 / 0.97 - / - 0.98 / 0.99 0.98 / 0.98 0.87 / 0.96
DE 0.98 / 0.98 0.94 / 0.90 0.94 / 0.98 0.94 / 0.97 0.91 / 0.98 - / - 1.00 / 1.00 0.95 / 0.97
ES 0.95 / 0.97 0.93 / 0.88 0.90 / 0.97 0.91 / 0.96 0.86 / 0.97 0.99 / 0.98 - / - 0.92 / 0.96

From X 0.74 / 0.93 0.92 / 0.87 0.92 / 0.95 0.93 / 0.94 0.85 / 0.94 0.97 / 0.96 0.98 / 0.96 0.90 / 0.94

Table 10: The success rate (Precision@5) for cross-lingual retrieval before/after applying Procrustes projection
with the LLaMA2-13B model. Note that all embeddings are derived from the prompting template in English as
described in §2.4, instead of the same language with input sentences.
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