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Abstract

Cross-lingual alignment is often assumed to
improve cross-lingual transfer by bringing rep-
resentations of different languages closer to-
gether. However, improvements in representa-
tional alignment do not consistently translate
into better downstream performance. We in-
vestigate this disconnect using XLM-R models
explicitly aligned across four language pairs
with token-level, sentence-level, and masked-
language-modeling objectives. We evaluate
their zero-shot transfer on a token-level task
(part-of-speech tagging) and a sentence-level
task (sentence classification), and analyze both
representational changes and the gradients in-
duced by the alignment and downstream ob-
jectives. We find that embedding-based align-
ment metrics do not reliably indicate whether
alignment will improve or degrade down-
stream performance. Moreover, alignment and
downstream-task gradients are often nearly or-
thogonal, particularly when the alignment ob-
jective and downstream task operate at different
representational levels. These findings suggest
that representation alignment alone is insuffi-
cient for assessing cross-lingual transfer, and
that the compatibility between alignment and
downstream objectives should be considered
when designing/evaluating alignment methods.

1 Introduction

Despite their growing multilingual use, large lan-
guage models (LLMs), including multilingual
LLMs, remain heavily English-centric in training
data (Blasi et al., 2022; Xu et al., 2025; Qin et al.,
2025). Recent multilingual corpora (Nguyen et al.,
2024; Penedo et al., 2025; Jumelet et al., 2026) and
model families (Üstün et al., 2024; Martins et al.,
2025; Hernández-Cano et al., 2025) have expanded
linguistic coverage, yet performance remains un-
even, particularly for low-resource languages, due
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to limited training data (Veitsman and Hartmann,
2025), typological variation (Petrov et al., 2023),
and capacity constraints such as the curse of multi-
linguality (Conneau et al., 2020).

A central strategy for improving performance in
low-resource languages is cross-lingual transfer, in
which knowledge learned from one or more source
languages is transferred to a target language under
zero-shot or few-shot conditions (Nooralahzadeh
et al., 2020; Asai et al., 2024). One widely studied
approach to facilitating this transfer is cross-lingual
alignment, which aims to make representations
comparable across languages (Wu and Dredze,
2020; Gaschi et al., 2023; Hämmerl et al., 2024;
Liu et al., 2025). Initially developed for multilin-
gual encoder models, this principle has motivated
a broad range of alignment objectives and training
methods (Chi et al., 2021; Philippy et al., 2023;
Xhelili et al., 2024; Hämmerl et al., 2024).

Despite its intuitive appeal, the relationship be-
tween representational alignment and downstream
cross-lingual transfer remains unclear. Explicit
alignment can substantially improve intrinsic mea-
sures such as embedding similarity and cross-
lingual retrieval, yet these improvements do not
consistently translate into better downstream per-
formance. In some cases, alignment even degrades
performance on tasks such as part-of-speech tag-
ging and named entity recognition (Gaschi et al.,
2023; Liu et al., 2024). This raises a fundamental
question: why does better cross-lingual alignment
not reliably lead to better cross-lingual transfer?

Approach and Contributions We investigate
this question from two complementary perspec-
tives. First, we examine how explicit alignment
changes the multilingual representation space and
whether these changes correspond to downstream
performance. Second, we study the interaction
between the optimization objectives themselves
by comparing gradients induced by alignment and
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Figure 1: Overview of the experimental setup, including three phases: 1) fine-tuning alignment of XLM-Rbase
model on 4 language pairs using a contrastive loss objective; 2) full or linear layer-only fine-tuning downstream
task performance of aligned models using English data for POS TAGGING and SENTENCE CLASSIFICATION; 3)
evaluation of the models via ∆ in accuracies on the task (zero-shot vs. fine-tuned), ∆ in cosine distances between
language embeddings, and alignment and task cosine similarity analysis.

downstream-task supervision. Intuitively, even
if an alignment objective brings representations
closer across languages, the resulting parameter
updates may not be compatible with those required
by a downstream task. This distinction allows us
to separate representational proximity from opti-
mization compatibility. For an overview of our
approach, refer to Figure 1.

Our contributions therefore lie along two axes:

1. We show that improvements in layer-wise
cosine-distance and retrieval-based alignment
metrics are not reliable predictors of down-
stream task performance (Section 4.1).

2. We find that gradients induced by alignment
and task-specific objectives are largely orthog-
onal, and that their interaction can conflict
with the optimization required for improved
downstream performance (Section 4.3).

Overall, our findings demonstrate that the down-
stream consequences of alignment are better char-
acterized by optimization compatibility—measured
here through gradient similarity—than by represen-
tational proximity alone.

2 Background and Related Work

We focus on encoder-only Transformer architec-
tures, such as BERT (Devlin et al., 2019) and XLM-
R (Conneau et al., 2020). Their cross-lingual gen-
eralization is primarily attributed to shared parame-
ters inducing a joint multilingual space (Pires et al.,

2019; Dufter and Schütze, 2020; K et al., 2020).
Contextual representations of this space provide a
common ground for measuring and defining cross-
lingual alignment (Hämmerl et al., 2024).

Cross-Lingual Alignment Cross-lingual align-
ment refers to the extent to which semantically
related inputs from different languages occupy sim-
ilar regions of this shared space. Two notions, com-
monly referred to as strong and weak alignment,
can be distinguished (Roy et al., 2020; Hämmerl
et al., 2024). Throughout this paper, we use the def-
inition of weak alignment provided in Appendix A.

Alignment can be encouraged at the token level,
the sentence level, or both (Hämmerl et al., 2024).
Token-level alignment is particularly relevant to
tasks such as part-of-speech tagging and named en-
tity recognition, whereas sentence-level alignment
is more directly relevant to sentence classification
and cross-lingual retrieval.

Internal Representations Languages occupy a
shared embedding space, with deeper layers ex-
hibiting stronger cross-lingual alignment (Mousi
et al., 2024). Shared tokens may serve as represen-
tational anchors (Hua et al., 2024), and alignment is
stronger among related languages, consistent with
semantic hubness patterns (Wu et al., 2025).

Contrastive Alignment We focus on improving
explicit representation alignment (Wu and Dredze,
2020; Hu et al., 2021) via contrastive learning (Wei
et al., 2021; Chi et al., 2021). Contrastive objec-
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tives reduce the distance between representations
of semantically equivalent inputs (positive pairs)
while increasing their distance from unrelated in-
puts (negative pairs). Applied at the token and
sentence levels, they encourage more consistent
cross-lingual representations and a more isotropic
embedding space. For example, InfoXLM (Chi
et al., 2021) maximizes cross-lingual mutual infor-
mation alongside MLM, while HiCTL (Wei et al.,
2021) learns representations at the word, sentence,
and context levels. In our work, we use a modifica-
tion of the HiCTL objective.

Alignment and Transfer The link between align-
ment and downstream transfer remains insuffi-
ciently explained. Explicit contrastive alignment
yields inconsistent gains when controlling for
model size and seed variance (Wu and Dredze,
2020). Encoder-only models show stronger cor-
relations (Gaschi et al., 2023), but task-specific
fine-tuning can reduce alignment, particularly for
token-level tasks, possibly due to catastrophic for-
getting. Moreover, stronger alignment does not
reliably improve downstream performance and can
even degrade it, e.g., with transliteration-based ob-
jectives (Liu et al., 2024; Xhelili et al., 2024).

3 Experimental Setup

To study how better cross-lingual alignment inter-
acts with the downstream task performance in mul-
tilingual encoders, we develop two orthogonal hy-
potheses, related to either linguistic typology or to
downstream task interaction.

HI: Linguistic Relatedness Building on typo-
logical evidence, we expect that zero-shot transfer
depends on the linguistic proximity between (a)
alignment language pair, (b) the fine-tuning lan-
guage, and (c) the target language:

Hypothesis I

Zero-shot performance depends on the de-
gree of linguistic relatedness among align-
ment, fine-tuning, and target languages.

HII: Competing Objectives Previously, Wang
et al. (2023) reported interference between the gra-
dients of different languages (both typologically
similar and distinct) during pre-training stage. We
hypothesize that such misalignment can exist be-
tween languages, but also between training objec-

tives themselves. Therefore, we formulate the sec-
ond hypothesis as follows:

Hypothesis II

Alignment and downstream-task objectives
induce parameter updates in opposing direc-
tions, limiting joint optimization.

To evaluate the effects of improved representa-
tional alignment, we also test the following propo-
sitions suggested by prior work: (i) embedding
distances alone are insufficient predictors of task
performance; (ii) fine-tuning consistently improves
downstream task performance; and (iii) differ-
ent representation levels capture distinct linguistic
properties relevant to different tasks. To exam-
ine the above stated hypotheses and propositions
systematically, our experimental setup consists of
three phases: (i) alignment fine-tuning, (ii) down-
stream task fine-tuning, and (iii) zero-shot evalua-
tion.

3.1 Phase I: Cross-lingual Alignment
Fine-Tuning

Model, Data, and Languages For all experi-
ments, we use the 270M XLM-Rbase (Conneau
et al., 2020) model. We perform cross-lingual
alignment fine-tuning using OPUS (Tiedemann and
Nygaard, 2004) or MultiCCAligned (El-Kishky
et al., 2020) datasets, depending on the specific
language corpus availability. To allow for better
typological diversity, we select German-English,
English-Kazakh, Japanese-Kazakh, and Korean-
Kazakh language pairs. For brevity, we refer to
each checkpoint by the model-language pair ab-
breviation, for example XLM-Rde-en for German-
English (and XLM-Ren-kk, XLM-Rja-kk, or XLM-
Rkk-ko for other pairs respectively). We report rele-
vant data and training parameters in Appendix B.

Fine-tuning Objective We adopt the Hierarchi-
cal Contrastive Learning objective from Wei et al.
(2021) with a number of modifications. The overall
loss is a sum of scaled losses of two representation
levels (LS and LT ) and the regular MLM objective
(LM ):

L = λSLS + λTLT + λMLM (1)

Sentence-level Loss (LS) aims to pull sentence
of similar semantic content together, while push-
ing non-similar sentences apart. It is based on the
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POS Tagging

Full Model Fine-tuning

Model S0T0M1 S0T1M0 S0T1M1 S1T0M0 S1T0M1 S1T1M0 S1T1M1

XLM-Rbase .72 .72 .72 .72 .72 .72 .72

XLM-Rde-en .01± .00 .00± .02 .01± .01 .01± .02 .02± .01 .01± .01 .02± .01
XLM-Ren-kk −.02± .01 −.03± .02 −.02± .01 .01± .02 .00± .01 .01± .02 .00± .03
XLM-Rja-kk .02± .02 .00± .01 .02± .01 .02± .02 .03± .01 .01± .02 .04± .01
XLM-Rkk-ko .01± .02 .01± .03 .01± .01 .01± .02 .01± .02 .00± .03 .02± .02

Linear Layer-Only Fine-tuning

Model S0T0M1 S0T1M0 S0T1M1 S1T0M0 S1T0M1 S1T1M0 S1T1M1

XLM-Rbase .63 .63 .63 .63 .63 .63 .63

XLM-Rde-en .10± .00 .01± .01 .08± .00 .02± .00 .04± .00 .02± .01 −.03± .00
XLM-Ren-kk .08± .00 −.09± .00 .06± .00 .01± .00 .07± .00 .03± .00 −.01± .00
XLM-Rja-kk .10± .00 −.02± .00 .08± .00 .02± .00 .03± .00 −.02± .00 −.04± .00
XLM-Rkk-ko .06± .00 −.02± .00 .06± .00 .04± .00 .01± .00 .02± .00 −.02± .00

Sentence Classification

Full Model Fine-tuning

Model S0T0M1 S0T1M0 S0T1M1 S1T0M0 S1T0M1 S1T1M0 S1T1M1

XLM-Rbase .88 .88 .88 .88 .88 .88 .88
XLM-Rde-en .00± .00 −.02± .01 .00± .01 .00± .00 .00± .00 −.01± .01 .01± .00
XLM-Ren-kk .00± .00 −.02± .01 .00± .01 .00± .00 .01± .01 −.01± .01 .00± .01
XLM-Rja-kk .00± .00 −.03± .02 .00± .01 −.01± .00 .00± .00 .00± .00 .00± .01
XLM-Rkk-ko .01± .01 −.04± .02 .00± .00 .00± .00 .00± .01 −.01± .00 −.01± .00

Linear Layer-Only Fine-tuning

Model S0T0M1 S0T1M0 S0T1M1 S1T0M0 S1T0M1 S1T1M0 S1T1M1

XLM-Rbase .72 .72 .72 .72 .72 .72 .72
XLM-Rde-en .01± .01 −.09± .00 −.05± .01 .15± .00 .15± .00 .14± .00 .13± .00
XLM-Ren-kk −.04± .00 −.20± .01 −.04± .01 .10± .00 .11± .00 .10± .00 .10± .00
XLM-Rja-kk .02± .01 −.06± .01 −.06± .00 .11± .00 .12± .00 .10± .00 .12± .00
XLM-Rkk-ko −.02± .01 −.18± .00 .01± .01 .13± .00 .11± .00 .11± .00 .11± .00

Table 1: POS TAGGING (top) and SENTENCE CLASSIFICATION (bottom) results per aligned model and loss
configuration. Each block reports ∆ accuracy from XLM-Rbase, averaged over 3 seeds. Red indicates deterioration,
green indicates improvement, and black indicates inconclusive results.

standard InfoNCE loss (van den Oord et al., 2019):

LS =
−1

2B

2B∑
k=1

log
exp(s(zk, zpos(k)))∑
j ̸=k exp(s(zk, zj))

, (2)

where B is the batch size, k is an index of the
sentence embedding in the parallel dataset, zk is the
k-th embedding of the concatenated tensor, pos(k)
is the index of the positive partner of the sentence,
and s is the chosen similarity metric (which is, in
our case, cosine similarity).

Token-level (LT ) Loss assumes that tokens often
occur in similar contexts. So, it uses a token-level
bag-of-words B from concatenated parallel sen-
tences as a positive set and S ⊂ V \ B, where V is
the model vocabulary, as a negative token subset:

LT =
−1

|B|

|B|∑
t=1

log
exp(s(qi, e(wt)))

exp(s(qi, e(wt))) +
∑

wj∈S exp(s(qi, e(wj)))
,

(3)

where e is the embedding lookup function, q is the
query token embedding, t is an index in B, and wt

is the respective token at that index, and s is the
chosen similarity metric.

Loss Scaling Factor λk. To evaluate the effect
of each loss component independently, we apply a
loss scaling factor as defined in Liu et al. (2024).
We enumerate all non-zero combinations of loss
coefficients:

λk ∈ {0, 1},
∑
k

λk > 0 (4)

This yields a total of 7 loss configurations C per
alignment pair:.
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C = (λS , λT , λM ) ∈ {0, 1}3 : (λS , λT , λM ) ̸= (0, 0, 0)
(5)

For visual clarity, we denote these configurations
in the form of S1T0M1, where letters corresponds to
loss type followed by the coefficient applied along
with that specific loss.

Sentence Retrieval and Embedding Distances
To verify the effectiveness of the alignment per-
formed in Phase I, we use two widely adopted mea-
sures: sentence retrieval recall and cosine-based
embedding distances (Hämmerl et al., 2024). Sen-
tence retrieval is evaluated on the FLORES-200 par-
allel dataset (Team et al., 2022) using mean-pooled
representations from the 8th layer, while token- and
sentence-level embedding distances are measured
using MUSE bilingual dictionaries (Lample et al.,
2018) and FLORES-200 (Team et al., 2022), re-
spectively. We compare embeddings under three
conditions: (i) the base model (XLM-Rbase), (ii)
the aligned models (XLM-Rde-en, XLM-Ren-kk,
XLM-Rkk-ko, and XLM-Rja-kk), and (iii) the down-
stream fine-tuned models. For this analysis, repre-
sentations are mean-pooled from the 4th, 8th, and
12th layers. Evaluation across these layers is done
so the changes within the layers that are supposed
to be more or less language-specific can be easily
captured.

3.2 Phase II: Downstream Fine-tuning

After alignment fine-tuning, we separately fine-
tune all checkpoints for token-level (POS TAG-
GING) and sentence-level (SENTENCE CLASSI-
FICATION) tasks on respective English language
data. For POS TAGGING task, we use Universal
Dependency treebanks (Nivre et al., 2020). For
SENTENCE CLASSIFICATION, we employ SIB-
200 (Adelani et al., 2024), which enhances the
FLORES-200 dataset (Team et al., 2022) with clas-
sification labels.

3.2.1 Fine-tuning Regimen
Encoder fine-tuning commonly follows one of two
strategies: (i) full fine-tuning, where the entire
model is updated, and (ii) linear-only fine-tuning,
where only the classification layer is trained while
the encoder backbone remains frozen (Devlin et al.,
2019; Peters et al., 2019). This comparison facil-
itates the investigation of our HII. In case the hy-
pothesis is correct, we expect that linear-only fine-
tuning will preserve the representations induced by

the alignment objective, whereas full fine-tuning
would amplify the interference between the objec-
tives.

Gradient Similarity Similar to a multi-task
learning setup, objectives of alignment and task
may produce conflicting gradients (Sener and
Koltun, 2018; Wang et al., 2023). Building on this
insight, we analyze gradient interactions at both
task and language levels. Specifically, we exam-
ine (i) gradients between downstream fine-tuning
task and alignment objectives, (ii) per-language
task gradients after alignment using zero-shot eval-
uation, and (iii) per-language alignment gradients
computed via the MLM objective on FLORES-200
(Team et al., 2022).

3.3 Phase III: Zero-shot Transfer

After downstream task fine-tuning, we perform
zero-shot evaluation of each checkpoint and re-
port the change in classification accuracy for down-
stream task. The set of evaluation languages for
both tasks includes both the languages that were
and were not present in the alignment enhancement
phase:

LPOS = LSENT = {de, es, fa, fr, hi, ja, kk, ko, ru} (6)

4 Results

We observe that even though cross-lingual align-
ment improves after Phase I, this improvement does
not directly translate to better performance, depend-
ing on the fine-tuning regimen and loss configu-
ration. We attribute this to the gradient conflict
between the alignment and the downstream task
training objectives.

4.1 Embedding Distances

After Phase I, we evaluate changes in token- and
sentence-level embedding distances and sentence-
level cosine similarity and retrieval. Despite sub-
stantial cross-lingual variance, consistent layer-,
model-, and objective-specific patterns emerge.

Distances Across Layers Layer-wise results (
Figure 5 in Appendix) support prior distinctions
between relatively language-agnostic and more
language- or task-specific layers (Pires et al., 2019;
Tanti et al., 2021; Choenni and Shutova, 2022). Dis-
tances generally decrease in the 8th layer for both
aligned and downstream fine-tuned models, ex-
cept under the S0T1M0 configuration (Figure 3).
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Figure 2: Group-averaged cosine similarity changes across loss configurations. Points show the mean ∆ cosine
similarity relative to XLM-Rbase, and whiskers show the averaged standard deviation within each group. Group
definitions and detailed results are provided in Appendix, Table 8.

Changes in lower and final layers, which are more
heterogeneous, likely reflect language- and task-
specific adaptation.

Cosine Similarities Sentence-level similarity
gains are generally modest, partly because some
baseline pairs are already highly similar (Figure
2, details in Appendix, Table 8). For example,
Spanish–English reaches approximately .98. Most
improvements remain below .02, with the small-
est gains observed for non-aligned pairs involving
English and different scripts (Group 3: hin–eng,
zho–eng, spa–eng, and rus–eng). This pattern sug-
gests that alignment fine-tuning may partially shift
these languages away from the English-centered
representational space. Sentence retrieval results
exhibit the same tendency (see Tables 5 and 6 in
Appendix).

4.2 Downstream Task Performance
We find that downstream task performance is rather
driven by the specific loss configuration and fine-
tuning regimen, than a particular language align-
ment pair (Table 1).

Loss Configuration Some loss combinations
generally hurt the performance across tasks, lan-
guages, and fine-tuning modes. For example, in the
case of the S0T1M0 configuration, performance
degrades in both fine-tuning modes and tasks. On
the other hand, configurations that include a com-

bination of sentence-level loss with either or both
token-level and MLM objectives, tend to improve
the downstream accuracy more often. Moreover,
inclusion of sentence-level loss also positively af-
fects POS TAGGING, specifically in the linear layer
fine-tuning case.

Fine-tuning Regimen Choice of the fine-tuning
regimen is also impactful: full model fine-tuning
tends to affect task solving abilities negatively,
while the linear layer-only fine-tuning shows more
robust improvements. For example, XLM-Rde-en
experiences up to 15% accuracy gain on SEN-
TENCE CLASSIFICATION in the case of S1T0M0
and S1T0M1 configurations. Consistent improve-
ments are also seen in POS TAGGING, XLM-
Ren-kk becomes up to 7% more accurate.

Thus, although the similarity metrics showcase
improved alignment, the impact on downstream
performance is more fine-grained, particularly so
more within the applied loss and training mode,
than language pairs.

4.3 Gradient Similarity

To test HII, we calculate the cosine similarity be-
tween task and alignment objectives. Here we ob-
serve a clear separation: gradients for SENTENCE

CLASSIFICATION are generally more positively
aligned with the alignment objective, whereas POS
TAGGING gradients frequently approach zero or be-
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Figure 3: ∆ in cosine distance from XLM-Rbase for
embeddings averaged across models and languages and
grouped by loss configuration. Full figure, including
layers 4 and 12, is available in the Figure 5 in Appendix.

come negative, indicating orthogonality or conflict
(Figure 4). These results suggest fundamental dif-
ferences in how alignment objectives interact with
token- vs. sentence-level supervision.

Language pair and loss configuration refine this
picture. Alignment pairs that exclude English show
higher gradient similarity and thus reduced task
conflict. On the other hand, English-involving
alignments exhibit stronger task separation, with
consistently positive cosine values for SENTENCE

CLASSIFICATION and negative ones for POS TAG-
GING. Adding a sentence-level alignment loss in-
creases similarity for sentence-level tasks as ex-
pected, whereas the MLM-only setup shows mod-
erate synergy with SENTENCE CLASSIFICATION

but remains weakly aligned with token-level objec-
tives. Overall, the findings confirm that alignment
and downstream tasks differ substantially in op-
timization behavior, depending on representation
level and alignment configuration.

5 Discussion

We confirm that improving cross-lingual represen-
tational alignment is not, by itself, sufficient to
improve zero-shot downstream performance. In-
stead, the effect of alignment fine-tuning depends
on which representation level is optimized, how
compatible the alignment and downstream objec-
tives are, and whether subsequent fine-tuning pre-
serves or modifies the aligned encoder.

Alignment fine-tuning consistently changes the
multilingual representation space, particularly in
the 8th layer, where token- and sentence-level dis-
tances generally decrease. Sentence-level cosine
similarities and retrieval performance also improve
for many language pairs. Nevertheless, these repre-
sentational improvements do not consistently trans-
late into higher downstream accuracy. Some con-
figurations produce clearer cross-lingual similarity
while having little effect on task performance, and
the token-only S0T1M0 objective frequently deteri-
orates performance despite explicitly optimizing
token-level alignment.

Takeaway I

Embedding similarity and sentence-
retrieval metrics are insufficient predictors
of downstream task performance.

Gradient analysis provides a more direct explana-
tion for the discrepancy between representational
alignment and downstream performance. Gradi-
ents from SENTENCE CLASSIFICATION are more
positively aligned with the preceding alignment
objective, whereas gradients from POS TAGGING

are frequently close to orthogonal or negatively
aligned. Thus, the two downstream tasks inter-
act differently with the same aligned representa-
tion space: sentence-level supervision can often
reuse directions encouraged during alignment fine-
tuning, while token-level supervision more fre-
quently requires updates that compete with them.
This conclusion is supported by the comparison of
downstream accuracy results in the fully and lin-
ear layer-only tuned models, where tuning across
layers seems to amplify the interference.
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Figure 4: Cosine similarity between gradients induced by the alignment objective and those induced by each
downstream task: POS TAGGING (top) and SENTENCE CLASSIFICATION (bottom), averaged over four alignment
pairs and grouped by loss configuration. Detailed results per language pair with corresponding standard deviations
are available in Appendix, Table 7.

Takeaway II

Compatibility between alignment and down-
stream objectives depends on the task and
representation level.

More broadly, the results emphasize that the use-
fulness of alignment depends not only on how close
representations become, but also on which infor-
mation is preserved and whether the downstream
objective can exploit them without undoing the
alignment itself.

6 Conclusion

We show that improved cross-lingual representa-
tional alignment does not necessarily translate into
better downstream transfer: embedding similarity
can indicate stronger alignment even when down-
stream performance remains unchanged or deteri-
orates. Our gradient analysis provides a comple-
mentary explanation for this disconnect, showing
that alignment and downstream objectives are of-
ten weakly aligned or conflicting, particularly when
they operate at different representational levels. We
further find that linear-only fine-tuning more con-
sistently preserves the benefits of alignment than
full-model fine-tuning. Overall, our results suggest
that representational alignment should be treated
as a diagnostic model property rather than a task-
independent proxy for transfer, and highlight the
importance of considering the compatibility be-
tween alignment and downstream objectives when
designing cross-lingual alignment methods.

7 Limitations

Model Architecture Our analysis is constrained
by its reliance on a single Transformer-based en-
coder model, which limits the generality of the
findings. Different encoder and decoder-only archi-
tectures exhibit varying multilingual capabilities,
and extending the study would help test whether
the observed dynamics hold more broadly.

Pre-training and Tokenization Disparities We
do not examine the effect of pre-training language
distributions, data quality, or volume on the effec-
tiveness of the cross-lingual alignment. Addition-
ally, we do not account for potential tokenization
disparities, which might further drive linguistic in-
equality.

Training Objective Limitations We test only
one specific contrastive learning objective. Other
design choices, for example, replacing the token-
level alignment with a carefully designed word-
level alignment using bilingual dictionaries, may
be of interest for future work.

8 Acknowledgements

YV thanks Vera Demberg, Mark Rofin, and Oleh
Bakumenko for useful discussions and feedback
on the draft. YL and HS were supported by DFG
(grant SCHU 2246/14-1).

126



References
David Ifeoluwa Adelani, Hannah Liu, Xiaoyu Shen,

Nikita Vassilyev, Jesujoba O. Alabi, Yanke Mao, Hao-
nan Gao, and En-Shiun Annie Lee. 2024. SIB-200:
A simple, inclusive, and big evaluation dataset for
topic classification in 200+ languages and dialects.
In Proceedings of the 18th Conference of the Euro-
pean Chapter of the Association for Computational
Linguistics (Volume 1: Long Papers), pages 226–245,
St. Julian’s, Malta. Association for Computational
Linguistics.

Akari Asai, Sneha Kudugunta, Xinyan Yu, Terra
Blevins, Hila Gonen, Machel Reid, Yulia Tsvetkov,
Sebastian Ruder, and Hannaneh Hajishirzi. 2024.
BUFFET: Benchmarking large language models for
few-shot cross-lingual transfer. In Proceedings of
the 2024 Conference of the North American Chap-
ter of the Association for Computational Linguistics:
Human Language Technologies (Volume 1: Long
Papers), pages 1771–1800, Mexico City, Mexico. As-
sociation for Computational Linguistics.

Damian Blasi, Antonios Anastasopoulos, and Gra-
ham Neubig. 2022. Systematic inequalities in lan-
guage technology performance across the world‘s
languages. In Proceedings of the 60th Annual Meet-
ing of the Association for Computational Linguistics
(Volume 1: Long Papers), pages 5486–5505, Dublin,
Ireland. Association for Computational Linguistics.

Zewen Chi, Li Dong, Furu Wei, Nan Yang, Saksham
Singhal, Wenhui Wang, Xia Song, Xian-Ling Mao,
Heyan Huang, and Ming Zhou. 2021. InfoXLM: An
information-theoretic framework for cross-lingual
language model pre-training. In Proceedings of the
2021 Conference of the North American Chapter of
the Association for Computational Linguistics: Hu-
man Language Technologies, pages 3576–3588, On-
line. Association for Computational Linguistics.

Rochelle Choenni and Ekaterina Shutova. 2022. Inves-
tigating language relationships in multilingual sen-
tence encoders through the lens of linguistic typology.
Computational Linguistics, 48(3):635–672.

Alexis Conneau, Kartikay Khandelwal, Naman Goyal,
Vishrav Chaudhary, Guillaume Wenzek, Francisco
Guzmán, Edouard Grave, Myle Ott, Luke Zettle-
moyer, and Veselin Stoyanov. 2020. Unsupervised
cross-lingual representation learning at scale. In Pro-
ceedings of the 58th Annual Meeting of the Asso-
ciation for Computational Linguistics, pages 8440–
8451, Online. Association for Computational Lin-
guistics.

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.

Philipp Dufter and Hinrich Schütze. 2020. Identifying
elements essential for BERT’s multilinguality. In
Proceedings of the 2020 Conference on Empirical
Methods in Natural Language Processing (EMNLP),
pages 4423–4437, Online. Association for Computa-
tional Linguistics.

Ahmed El-Kishky, Vishrav Chaudhary, Francisco
Guzmán, and Philipp Koehn. 2020. CCAligned: A
massive collection of cross-lingual web-document
pairs. In Proceedings of the 2020 Conference on
Empirical Methods in Natural Language Processing
(EMNLP 2020), pages 5960–5969, Online. Associa-
tion for Computational Linguistics.

Felix Gaschi, Patricio Cerda, Parisa Rastin, and Yannick
Toussaint. 2023. Exploring the relationship between
alignment and cross-lingual transfer in multilingual
transformers. In Findings of the Association for Com-
putational Linguistics: ACL 2023, pages 3020–3042,
Toronto, Canada. Association for Computational Lin-
guistics.
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A Strong and Weak Cross-Lingual
Alignment

We formalize strong and weak cross-lingual align-
ment as follows. Let S = {L1, . . . , Ln} be the set
of languages and XL the input space for language
L. An encoder

fθ :
⋃
L∈S

XL → Rd (7)

maps inputs into a shared representation space, and
sim : Rd × Rd → R measures embedding simi-
larity. We define a semantic equivalence relation
x ∼ x′ for pairs expressing the same meaning and
polarity; non-equivalent x ̸∼ x′ includes unrelated
or opposite content. Let Dpos and Dneg denote
distributions over equivalent and non-equivalent
pairs.

Strong Alignment. The encoder fθ satisfies
(δ, ϵ)-strong alignment between La and Lb if, with
probability at least 1 − ϵ over (x, x′)∼Dpos and
(x, x′′)∼Dneg,

sim
(
fθ(x), fθ(x

′)
)
≥ sim

(
fθ(x), fθ(x

′′)
)
+ δ.

(8)
This enforces that equivalent pairs remain more
similar than non-equivalent ones by at least a mar-
gin δ.
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Weak Alignment. To relax the binary equiva-
lence assumption, we introduce a graded semantic
similarity function

σ :
(⋃

L

XL

)
×
(⋃

L

XL

)
→ [−1, 1], (9)

with σ(x, x′) = 1 for perfect translations and val-
ues near −1 for antonyms. We instantiate sim us-
ing cosine similarity:

sim(u, v) =
u · v

∥u∥∥v∥
. (10)

For a distribution D over arbitrary cross-lingual
pairs, fθ exhibits γ-weak alignment if

Cov(x,x′)∼D
[
σ(x, x′), sim(fθ(x), fθ(x

′))
]
≥ γ,

(11)
or equivalently,

Corr(x,x′)∼D
[
σ(x, x′), sim(fθ(x), fθ(x

′))
]
≥ ρ,

(12)
with ρ = γ/

√
Var[σ]Var[sim]. Weak alignment

thus requires embedding similarity to increase with
semantic relatedness without assuming strict trans-
lation equivalence.

B Hyperparameters and Computational
Resources

Parameter Value

Learning rate 1e− 5
Batch size 16
Max sequence length 128
Word negatives 512
Temperature 0.1
Number of epochs 1
Number of steps ≈ 6, 000
Number of sentences* ≈ 100, 000
Seed 42

Table 2: Hyperparameters used during alignment en-
hancement (Phase I). * each language pair uses 100,000
sentences, except English-Kazakh which only has
80,000 sentences available.

In Phase I (alignment fine-tuning), we use a sin-
gle V100 NVIDIA GPUxt to tune each variant of
XLM-Rbase for each language pair (7 loss config-
urations per alignment pair, a total of 28 models).
Total amount of GPUh spent on alignment fine-
tuning across models is ≈ 275, with individual
model tuning time varying from 5 to 22 GPUh.

Parameter Value

Batch size 16
Backbone learning rate (full model) 1e− 4
Classifier learning rate (full model) 1e− 3
Learning rate (linear layer only) 5e− 3
Number of epochs 15
Weight decay 0.01
Max sequence length 256
Seeds 15, 33, 42

Table 3: Hyperparameters used for full model and linear
layer only fine-tuning (Phase II) for POS-Tagging.

Parameter Value

Batch size 16
Learning rate (full model) 2e− 5
Learning rate (linear layer only) 3e− 3
Number of epochs 15
Max sequence length 256
Seeds 15, 33, 42

Table 4: Hyperparameters used for full model and linear
layer only fine-tuning (Phase II) for Sentence Classifi-
cation.

In Phase II for POS Tagging fine-tuning, we use
a single V100 NVIDIA GPU to fine-tune each
variant of aligned XLM-Rbase, i.e. XLM-Rde-en,
XLM-Ren-kk, XLM-Rja-kk, XLM-Rkk-ko for POS
TAGGING as well as the baseline (XLM-Rbase) it-
self. We fine-tune the whole model as well as the
linear layer only. Total amount of GPUh spent on
POS TAGGING fine-tuning across models is ≈ 30.
In Phase II for Sentence Classification fine-tuning
we use 1xV100 GPU to fine-tune each variant
of aligned XLM-Rbase, i.e. XLM-Rde-en, XLM-
Ren-kk, XLM-Rja-kk, XLM-Rkk-ko for SENTENCE

CLASSIFICATION as well as the baseline (XLM-
Rbase) itself. We fine-tune the whole model as well
as the linear layer only. Total amount of GPUh
spent on SENTENCE CLASSIFICATION fine-tuning
across models is ≈ 8.
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Figure 5: ∆ in cosine distance from XLM-Rbase for embeddings averaged across models and languages and grouped
by loss configuration across 4th, 8th, and 12th layers.
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C Evaluation Details
Lang Pair S0T0M1 S0T1M0 S0T1M1 S1T0M0 S1T0M1 S1T1M0 S1T1M1

Group 1: Aligned Languages With English

deu-eng 0.00± 0.00 −0.09± 0.05 0.00± 0.00 0.00± 0.00 0.00± 0.00 0.00± 0.00 0.00± 0.00
kaz-eng 0.04± 0.01 −0.67± 0.22 −0.03± 0.07 0.06± 0.02 0.05± 0.02 0.03± 0.05 0.04± 0.04
kor-eng 0.02± 0.01 −0.58± 0.22 −0.01± 0.03 0.02± 0.01 0.01± 0.02 −0.01± 0.04 −0.02± 0.04
jpn-eng 0.01± 0.02 −0.49± 0.09 −0.03± 0.02 0.02± 0.01 0.01± 0.01 0.02± 0.01 0.01± 0.01

Group 2: Aligned Languages Without English

jpn-kaz 0.02± 0.01 −0.51± 0.13 −0.02± 0.03 0.04± 0.02 0.05± 0.02 0.03± 0.02 0.03± 0.03
kor-kaz 0.03± 0.01 −0.41± 0.13 0.00± 0.03 0.04± 0.01 0.04± 0.01 0.03± 0.02 0.02± 0.02

Group 3: Other Languages With English

hin-eng 0.03± 0.01 −0.48± 0.15 −0.03± 0.03 0.03± 0.01 0.02± 0.01 0.01± 0.02 0.00± 0.03
zho-eng 0.02± 0.00 −0.32± 0.08 0.00± 0.01 0.02± 0.01 0.02± 0.00 0.02± 0.01 0.02± 0.01
spa-eng 0.00± 0.00 −0.06± 0.03 0.00± 0.00 0.00± 0.00 0.00± 0.00 0.00± 0.00 0.00± 0.00
rus-eng 0.00± 0.00 −0.29± 0.15 0.00± 0.01 0.00± 0.00 0.01± 0.00 0.00± 0.00 0.00± 0.00

Group 4: Languages of the Same Script, Non-Aligned

lit-spa 0.02± 0.00 −0.30± 0.12 0.01± 0.02 0.04± 0.01 0.04± 0.01 0.04± 0.01 0.03± 0.01
hin-kas 0.00± 0.01 −0.02± 0.01 −0.02± 0.02 0.06± 0.02 0.03± 0.01 0.06± 0.04 0.04± 0.01
spa-fra 0.00± 0.00 −0.06± 0.03 0.00± 0.00 0.00± 0.00 0.00± 0.00 0.00± 0.00 0.00± 0.00
rus-bul 0.00± 0.00 −0.05± 0.01 0.00± 0.00 0.00± 0.00 0.00± 0.00 0.00± 0.00 0.00± 0.00

Group 5: Languages of the Same Script, Aligned

kaz-bul 0.06± 0.00 −0.46± 0.17 0.02± 0.04 0.08± 0.01 0.08± 0.01 0.06± 0.05 0.06± 0.02
kaz-rus 0.05± 0.01 −0.45± 0.18 0.03± 0.03 0.08± 0.02 0.08± 0.01 0.06± 0.05 0.07± 0.01
deu-spa 0.01± 0.00 −0.17± 0.07 0.00± 0.00 0.01± 0.01 0.01± 0.00 0.01± 0.00 0.01± 0.00
deu-fra 0.01± 0.00 −0.13± 0.07 0.00± 0.00 0.01± 0.01 0.01± 0.00 0.01± 0.01 0.01± 0.00

Group 6: Languages of Different Scripts, Non-Aligned

spa-rus 0.00± 0.00 −0.15± 0.05 0.00± 0.00 0.01± 0.00 0.01± 0.00 0.00± 0.00 0.00± 0.00
spa-kas 0.01± 0.01 −0.01± 0.01 −0.01± 0.01 0.05± 0.01 0.03± 0.01 0.05± 0.02 0.03± 0.01
heb-fra 0.03± 0.00 −0.36± 0.10 0.01± 0.02 0.04± 0.01 0.04± 0.01 0.04± 0.01 0.03± 0.01
hin-zho 0.03± 0.02 −0.41± 0.05 −0.02± 0.05 0.03± 0.03 0.04± 0.03 0.02± 0.04 0.02± 0.03

Group 7: Languages of Different Scripts, Aligned

deu-heb 0.01± 0.00 −0.26± 0.09 0.00± 0.00 0.00± 0.00 0.01± 0.00 0.00± 0.00 0.00± 0.01
kaz-hin 0.06± 0.01 −0.42± 0.16 0.02± 0.05 0.09± 0.01 0.09± 0.01 0.09± 0.01 0.08± 0.01
jpn-rus 0.03± 0.01 −0.31± 0.04 0.00± 0.02 0.05± 0.01 0.05± 0.01 0.04± 0.02 0.04± 0.01
kor-fra 0.06± 0.01 −0.53± 0.17 0.01± 0.05 0.07± 0.02 0.08± 0.01 0.05± 0.05 0.04± 0.04

Table 5: R@5 ∆ from baseline (XLM-Rbase), averaged over all aligned models and grouped by loss configuration.
Color coding indicates the averaged performance change magnitude: red for degradations, green for gains (adjusted
for standard deviation).
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Lang Pair S0T0M1 S0T1M0 S0T1M1 S1T0M0 S1T0M1 S1T1M0 S1T1M1

Group 1: Aligned Languages With English

deu-eng 0.00± 0.00 −0.07± 0.04 0.00± 0.00 0.00± 0.00 0.00± 0.00 0.00± 0.00 0.00± 0.00
kaz-eng 0.03± 0.01 −0.64± 0.23 −0.03± 0.05 0.04± 0.02 0.04± 0.02 0.02± 0.04 0.02± 0.02
kor-eng 0.01± 0.00 −0.52± 0.23 −0.01± 0.02 0.01± 0.01 0.00± 0.01 −0.01± 0.03 −0.01± 0.03
jpn-eng 0.00± 0.01 −0.42± 0.08 −0.02± 0.01 0.01± 0.01 0.01± 0.01 0.01± 0.01 0.00± 0.01

Group 2: Aligned Languages Without English

jpn-kaz 0.02± 0.01 −0.46± 0.13 −0.01± 0.03 0.03± 0.01 0.04± 0.01 0.02± 0.02 0.02± 0.01
kor-kaz 0.03± 0.01 −0.34± 0.11 0.01± 0.02 0.03± 0.01 0.03± 0.01 0.03± 0.01 0.02± 0.01

Group 3: Other Languages With English

hin-eng 0.02± 0.00 −0.43± 0.16 −0.02± 0.02 0.02± 0.01 0.02± 0.01 0.01± 0.01 0.00± 0.02
zho-eng 0.01± 0.00 −0.26± 0.08 0.00± 0.01 0.02± 0.01 0.01± 0.00 0.01± 0.00 0.01± 0.00
spa-eng 0.00± 0.00 −0.04± 0.02 0.00± 0.00 0.00± 0.00 0.00± 0.00 0.00± 0.00 0.00± 0.00
rus-eng 0.00± 0.00 −0.23± 0.13 0.00± 0.01 0.00± 0.00 0.00± 0.00 0.00± 0.00 0.00± 0.00

Group 4: Languages of the Same Script, Non-Aligned

lit-spa 0.02± 0.00 −0.25± 0.10 0.00± 0.01 0.03± 0.01 0.03± 0.00 0.03± 0.00 0.02± 0.01
hin-kas 0.00± 0.01 −0.04± 0.01 −0.03± 0.03 0.07± 0.03 0.04± 0.02 0.07± 0.05 0.04± 0.01
spa-fra 0.00± 0.00 −0.04± 0.02 0.00± 0.00 0.00± 0.00 0.00± 0.00 0.00± 0.00 0.00± 0.00
rus-bul 0.00± 0.00 −0.03± 0.01 0.00± 0.00 0.00± 0.00 0.00± 0.00 0.00± 0.00 0.00± 0.00

Group 5: Languages of the Same Script, Aligned

kaz-bul 0.05± 0.01 −0.42± 0.19 0.01± 0.03 0.06± 0.01 0.06± 0.01 0.04± 0.04 0.05± 0.01
kaz-rus 0.04± 0.01 −0.42± 0.19 0.01± 0.02 0.06± 0.01 0.06± 0.01 0.04± 0.04 0.05± 0.01
deu-spa 0.00± 0.00 −0.12± 0.06 0.00± 0.00 0.01± 0.00 0.01± 0.00 0.01± 0.00 0.01± 0.00
deu-fra 0.00± 0.00 −0.10± 0.06 0.00± 0.00 0.01± 0.00 0.01± 0.00 0.01± 0.00 0.01± 0.00

Group 6: Languages of Different Scripts, Non-Aligned

spa-rus 0.00± 0.00 −0.12± 0.04 0.00± 0.00 0.00± 0.00 0.00± 0.00 0.00± 0.00 0.00± 0.00
spa-kas 0.00± 0.01 −0.02± 0.02 −0.02± 0.02 0.06± 0.01 0.03± 0.01 0.06± 0.03 0.04± 0.01
heb-fra 0.03± 0.00 −0.29± 0.10 0.01± 0.02 0.03± 0.01 0.03± 0.00 0.03± 0.01 0.03± 0.01
hin-zho 0.03± 0.01 −0.37± 0.06 −0.01± 0.04 0.03± 0.02 0.03± 0.02 0.02± 0.03 0.02± 0.03

Group 7: Languages of Different Scripts, Aligned

deu-heb 0.00± 0.00 −0.21± 0.07 0.00± 0.00 0.00± 0.00 0.00± 0.00 0.00± 0.00 0.00± 0.00
kaz-hin 0.04± 0.01 −0.39± 0.16 0.01± 0.04 0.07± 0.01 0.07± 0.01 0.07± 0.01 0.06± 0.01
jpn-rus 0.01± 0.01 −0.26± 0.04 0.00± 0.02 0.03± 0.01 0.03± 0.01 0.02± 0.01 0.03± 0.00
kor-fra 0.04± 0.00 −0.50± 0.17 0.01± 0.03 0.05± 0.01 0.05± 0.01 0.03± 0.04 0.02± 0.03

Table 6: R@10 ∆ from baseline (XLM-Rbase), averaged over all aligned models and grouped by loss configuration.
Color coding indicates the averaged performance change magnitude: red for degradations, green for gains (adjusted
for standard deviation).

Model S0T0M1 S0T1M0 S0T1M1 S1T0M0 S1T0M1 S1T1M0 S1T1M1

POS Tagging

XLM-Rde-en .00 .00 −.01 −.10 −.02 −.78 −.03
XLM-Ren-kk −.02 −.03 −.02 −.02 −.06 −.08 −.10
XLM-Rja-kk .08 .04 .08 −.01 .08 .00 .10
XLM-Rkk-ko −.01 −.02 −.02 −.01 −.08 −.01 −.07

Sentence Classification

XLM-Rde-en .03 −.05 −.03 .12 −.03 .12 −.03
XLM-Ren-kk .12 −.03 .11 .18 .03 .11 .01
XLM-Rja-kk .06 .01 −.02 .13 .01 .04 .07
XLM-Rkk-ko .13 .02 .01 .12 .02 .05 .02

Table 7: Cosine similarity between task gradients for POS TAGGING (top) and SENTENCE CLASSIFICATION
(bottom) and respective alignment objective by model (aligned and then fine-tuned on the task). Red indicates
negative similarity.
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Lang Pair S0T0M1 S0T1M0 S0T1M1 S1T0M0 S1T0M1 S1T1M0 S1T1M1

Group 1: Aligned Languages With English

deu-eng .00± .00 −.01± .00 .00± .00 .01± .00 .01± .00 .01± .00 .01± .00
kaz-eng .00± .00 −.03± .01 .00± .00 .01± .00 .01± .00 .01± .00 .01± .00
kor-eng .00± .00 −.02± .01 .00± .00 .01± .00 .01± .00 .01± .00 .01± .00
jpn-eng .00± .00 −.02± .00 .01± .00 .01± .00 .01± .00 .01± .00 .01± .00

Group 2: Aligned Languages Without English

jpn-kaz .00± .00 −.02± .01 .00± .00 .01± .00 .01± .00 .01± .00 .01± .00
kor-kaz .00± .00 .01± .01 .00± .00 .01± .00 .01± .00 .01± .00 .01± .00

Group 3: Other Languages With English

hin-eng .00± .00 −.02± .01 .00± .00 .01± .00 .01± .00 .01± .00 .01± .00
zho-eng .00± .00 .01± .01 .00± .00 .01± .00 .01± .00 .01± .00 .01± .00
spa-eng .00± .01 .00± .00 .00± .00 .01± .00 .01± .00 .01± .00 .01± .00
rus-eng .00± .00 .01± .01 .00± .00 .01± .00 .01± .00 .01± .00 .01± .00

Group 4: Languages of the Same Script, Non-Aligned

lit-spa .00± .00 −.01± .00 .00± .00 .01± .00 .01± .00 .01± .00 .01± .00
hin-kas .00± .00 −.08± .05 .00± .00 .02± .01 .01± .00 .01± .01 .01± .01
spa-fra .00± .00 .00± .00 .00± .00 .01± .00 .00± .00 .00± .00 .01± .00
rus-bul .00± .00 .00± .00 .00± .00 .01± .00 .01± .00 .01± .00 .01± .00

Group 5: Languages of the Same Script, Aligned

kaz-bul .00± .00 −.02± .01 .01± .00 .01± .00 .01± .00 .01± .00 .01± .00
kaz-rus .00± .00 −.02± .01 .01± .00 .01± .00 .01± .00 .01± .00 .01± .00
deu-spa .00± .00 .00± .00 .00± .00 .01± .00 .01± .00 .01± .00 .01± .00
deu-fra .00± .00 .00± .00 .00± .00 .01± .00 .01± .00 .01± .00 .01± .00

Group 6: Languages of Different Scripts, Non-Aligned

spa-rus .00± .00 −.01± .00 .00± .00 .01± .00 .01± .00 .01± .00 .01± .00
spa-kas .01± .00 −.10± .06 .00± .01 .03± .01 .02± .00 .02± .00 .02± .01
heb-fra .01± .00 .01± .01 .01± .00 .01± .00 .01± .00 .01± .00 .01± .00
hin-zho .00± .00 .01± .01 .01± .00 .01± .00 .01± .00 .01± .00 .01± .00

Group 7: Languages of Different Scripts, Aligned

deu-heb .01± .00 .01± .01 .01± .00 .01± .00 .01± .00 .01± .00 .01± .00
kaz-hin .00± .00 .01± .01 .00± .00 .01± .00 .00± .00 .00± .00 .01± .00
jpn-rus .00± .00 .01± .01 .01± .00 .01± .00 .01± .00 .01± .00 .01± .00
kor-fra .01± .00 .01± .01 .01± .00 .01± .00 .01± .00 .01± .00 .01± .00

Table 8: Cosine similarity ∆ from XLM-Rbase, averaged over all aligned models and grouped by loss configuration.
Color coding indicates the averaged similarity change magnitude: red for decreased similarity (accounting for
standard deviation), green for gains from +.01 and above, black for negligible improvements or inconclusive
measurements.
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