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Abstract

The availability of many fine-tuned neural language models for different tasks naturally leads to the question of whether
it is worthwhile to combine them, particularly through parameter merging, which is the least resource-intensive option.
Among the many existing methods, some focus on parameter alignment before actual merging. In this article, we
propose a new method within this research area, based on Procrustes analysis. We evaluate this method for merging
fine-tuned models for the same task, derived from the same encoder-based model. Considering nine tasks from the
GLUE benchmark, three Named Entity Recognition tasks, and six reference merging methods, we show that our
proposal can improve upon existing merging methods in most tested configurations.
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1. Introduction

Neural language models, especially transformer-
based ones (Vaswani et al., 2017), play a central
role in current Natural Language Processing. How-
ever, their initial training and adaptation to a specific
application context through fine-tuning have a high
cost in computing resources. At the same time,
an increasing number of these models are being
released, typically on Hugging Face’s model repos-
itory". These models include both raw models and
models fine-tuned for specific tasks. When faced
with a specific application need, it is quite natural to
evaluate whether it can be met by an existing model,
or even by a combination of existing models. The
most direct form of such a combination is model
merging at the parameter level. This merging may
involve highly comparable models to obtain a more
robust model, in the manner of ensemble methods.
However, it may also seek to combine complemen-
tary models, especially task-wise, to broaden the
functional scope of the resulting model, which can
then handle multiple tasks.

As illustrated by (Li et al., 2023) and (Yang et al.,
2024), this field of research is particularly active,
with notable applications for decoder models, as
evidenced by the success of the MergeKit library
(Goddard et al., 2024). Yang et al. (2024) cate-
gorize the existing methods into two main groups:
methods that operate before merging and meth-
ods for the merging itself. In this article, we focus
more specifically on the first type, though the reader
can refer to section 3.1 for a presentation of sev-
eral reference methods of the second type. Within
the first category, Yang et al. (2024) distinguish
between i) fine-tuning methods that optimize the
ability to merge models by enabling them to coexist

1https ://huggingface.co/models

in the same representation space, ii) methods that
address architectural differences between models,
and iii) parameter alignment methods. We focus on
this last group. Within this field, several approaches
(Singh and Jaggi, 2020; Imfeld et al., 2024) have
relied on optimal transport to align the parameters
of multiple models. CCAMerge (Horoi et al., 2024)
uses canonical correlation analysis, maximizing
correlations between linear combinations of model
parameters. Finally, Ainsworth et al. (2023) pro-
pose three algorithms for permuting model parame-
ters to align one model with another: one based on
matching activations, another on matching weights,
and a third on learning an alignment.

In this context of parameter alignment methods
across models, we focus on two main contributions:

» We propose a new method to project the pa-
rameters of different neural language models
into the same space before merging.

» We apply this method to different state-of-the-
art merging methods and evaluate them, focus-
ing on the merging of models fine-tuned from
the same base model for the same task, a con-
figuration that has not always been evaluated
systematically.

2. Method

The problem we address in this article is the merg-
ing of n neural language models {LM; ... LM,},
each obtained by fine-tuning the same initial pre-
trained model LM on a given task. These models
differ only in the random seed used during fine-
tuning. Our objective is to merge these n models
into a single model applicable to the target task.
This setting is comparable to (Wortsman et al.,
2022), with the key difference that we do not rely
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Figure 1: Alignment of language models.

on a validation set for greedy selection of a subset
of the n models.

In addition to applying several standard model
merging techniques to this setting, as reported in
Section 3, we introduce a new approach that, prior
to merging, projects the models into a shared repre-
sentation space. More precisely, a language model
LM; is represented here by a collection of matri-
ces M,; = {M,; | i € {1,...,m}} corresponding
to the different components of the transformer ar-
chitecture: the attention blocks (keys, values, and
queries), the feed-forward networks following the
attention blocks, as well as the token embeddings.
Within this framework, our aim is to project, for a
fixed ¢, all matrices M;, = {M;; | j € {1,...,n}}
into a common representation space, thereby im-
proving the effectiveness of any merging method
applied to the models LM;, in line with neural
model weight alignment approaches discussed in
Section 1.

To perform this projection, we draw on Pro-
crustes analysis (Gower, 2010). This technique
has previously been used to align representation
spaces derived from static neural language mod-
els, particularly in multilingual alignment contexts
(Kementchedjhieva et al., 2018; Taitelbaum et al.,
2019), as well as for multiple comparable models
(Caciularu et al., 2021). To our knowledge, how-
ever, it has not yet been applied to transformer-
based language models.

In general, Procrustes analysis aligns one shape
with another by applying three types of linear trans-
formations: translations, uniform scalings, and ro-
tations. Adopting a matrix formalism and assuming
that M, is the reference matrix and W the ma-
trix to be aligned with M...¢, the goal is to find the

Algorithm 1 Generalized Procrustes Analysis
Inputs: M., a set of n matrices
Hyperparameters: maz_iter, the maximum
number of iterations; tol, the convergence cri-
terion

Let P,., the set of projected initial n matrices
Let M, s, the reference matrix for Orthogonal
Procrustes Analysis (OPA)

Let opa_dist, the distance between the reference
matrix and the mean of matrices after OPA

Let tol, the convergence criterion on opa_dist

M, + random choice among M. I: index of
Mref within Mz*
forj=1,... ,n,withj#1[do

Pij < OPA(M,.ef, Mlj)

end for

Pil — ]\/[ref

M,c¢ < mean(P,.); opa_dist < —co
forp=1,... , mazx_iter do

forj=1,...,ndo
Pij < OPA(M,.s, P;j)
end for
Mgyg <+ mean(P;,)
dist_fn < frobenius_norm(M,.¢, Mayg)
if opa_dist # —oco and
|opa_dist — dist_fn| < tol then
break
end if
Myef <= Mayg; opa_dist < dist_fn
end for

Outputs: P,

transformation 7" such that it minimizes:
||[WT — Myet||r (1)

In the present case, we restrict T to the space of
rotations, which corresponds to orthogonal Pro-
crustes analysis where the transformation matrix T
is orthogonal, by far the most common configura-
tion for this type of analysis®. Schénemann (1966)
proposes to compute T by performing a singular
value decomposition of the matrix WTM,.ef such
that W' M,.;, = UXVT and defining the transfor-
mationas T =UVT.

The Procrustes analysis described above applies
to the case of two matrices, one serving as the
reference for the other. In our work, however, we
aim to go beyond merging only two models. We
therefore build on Generalized Procrustes Analysis

2Note that the dot product, an operation central to
transformer architectures, is invariant under rotations
and translations but not under scalings, which provides
a rationale for disregarding the latter. In addition, transla-
tions can be handled beforehand by centering the vectors
at the origin.

9989



(GPA) (Gower, 1975). Formally, GPA seeks a set of
orthogonal transformations {11, ...,T,} such that
the transformed matrices {P;,. .., P,}, with P; =
W;Tj;, and the common reference M,y minimize?®:

D P — Myt 2)
j=1

This extension to more than two matrices is im-
plemented via an iterative procedure defined in
Algorithm 1. At each iteration, a reference matrix is
computed from the entire set of matrices, and each
matrix is then aligned with this reference through
orthogonal Procrustes analysis of pairs of matrices.
The procedure continues until the change in align-
ment distance between successive iterations be-
comes sufficiently small, or until a maximum num-
ber of iterations is reached. In practice, as shown in
the experiments of Section 3, convergence typically
occurs after a single iteration.

3. Experiments and Evaluation

3.1.
3.1.1.

Evaluation Framework
Evaluation Tasks

The projection method for aligning different mod-
els within a common representation space, as de-
scribed in Section 2, is applicable to any type of
neural language model and can be employed as
a preprocessing step for a wide range of model
merging techniques. In this work, we focus specif-
ically on encoder-based models in a single-task
setting. Merging is therefore performed across mul-
tiple models obtained by fine-tuning the same base
model on the same task. Our experiments were
conducted using the BERT model (Devlin et al.,
2019), specifically the bert-base-uncased vari-
ant.

Following prior work on language model merging,
we carried out these experiments on nine tasks
from the GLUE benchmark (Wang et al., 2018):

CoLA (Warstadt et al., 2019). Grammatical ac-
ceptability of sentences. Metric: Matthews
correlation coefficient.

MNLI (Williams et al., 2018). Natural language
inference between sentence pairs (neutral, en-
tailment, contradiction). Metric: accuracy.

MRPC (Dolan and Brockett, 2005). Paraphrase
detection. Metric: average of accuracy and F1
score.

%In Equation 2, for simplicity, we consider the general
case of n matrices to project in a shared space but in our
case, we should formally use W;;, T;;, and P;; for taking
into account the fact that a language model includes m
matrices.

QNLI (Rajpurkar et al., 2016). Question answering
pairs from SQUAD recast as a textual entail-
ment task. Metric: accuracy.

QQP (Shankar et al., 2017). Detection of duplicate
questions. Metric: average of accuracy and
F1 score.

RTE (Dagan et al., 2005; Bar-Haim et al., 2006; Gi-
ampiccolo et al., 2007; Bentivogli et al., 2009).
Textual entailment detection. Metric: accuracy.

SST-2 (Socher et al., 2013). Sentiment analysis.
Metric: accuracy.

STSB (Cer et al., 2017). Semantic textual similar-
ity. Metric: average of Pearson and Spearman
correlations.

WNLI (Levesque et al., 2012). Winograd Schema
Challenge recast as textual entailment. Metric:
accuracy.

We fine-tuned five models for each task using
different random seeds but identical hyperparame-
ters. For fine-tuning and hyperparameter selection,
we relied on the implementation and guidelines pro-
vided by Hugging Face*. The specific hyperparam-
eter values used in our experiments are provided in
Section A.1.1 of the appendices. Since the GLUE
test set is not publicly available, we followed stan-
dard practice by reserving 10% of the training set
as a held-out test set.

Since eight of our GLUE tasks are classification
tasks, completed with a regression task, we also
considered the Named Entity Recognition (NER)
task for extending our experiments to sequence
annotation tasks. More precisely, we adopted the
following three benchmarks for English, with the
use of F1 score as a metric:

CoNLL 2003 (Tjong Kim Sang and De Meulder,
2003). Reference benchmark for general do-
main NER, with four types of entities: person,
location, organization, and miscellaneous.

NCBI disease (Dogan et al., 2014). Benchmark
in the biomedical domain made of PubMed
abstracts annotated for one type of entity: dis-
ease.

TweetNER7 (Ushio et al., 2022). Social media
benchmark made of tweets annotated with
seven types of entities: person, location, event,
product, group, corporation, and creative work.

These three benchmarks include both general
and specialized content and entity types, as well

*https://github.com/huggingface/
transformers/blob/main/examples/pytorch/
text-classification/run_glue.py
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as different types of corpora, covering both conven-
tional forms, such as newspaper articles or scien-
tific publications, as well as noisier forms, such as
tweets. As with the GLUE benchmark tasks, we
fine-tuned five models with different random seeds
but identical hyperparameters. The specific hyper-
parameter values for these models are provided in
Section A.1.2 of the appendices.

3.1.2. Merging Methods

In our experiments, we considered the following
merging methods, among the most commonly used
as baselines in prior work involving encoder-based
models:

Average (Wortsman et al., 2022). This method
simply averages the parameters with the same
role across the models to be merged;

Task arithmetic (llharco et al., 2023). The idea
behind this method is to capture the specificity
of a model fine-tuned for a given task by com-
puting, for each parameter, the difference be-
tween its value in the fine-tuned model and in
the pretrained base model. This yields task
vectors, which can then be combined by sim-
ple addition;

Fisher (Matena and Raffel, 2022). This method
performs parameter merging by estimating
their importance in each model using the
Fisher information matrix, computed from fine-
tuning data;

RegMean (Jin et al., 2023). This method also
leverages fine-tuning data, but in this case to
minimize the difference between the predic-
tions of the merged model and those of the
original models. The optimization is carried
out through local linear regression;

TIES (Yadav et al., 2023). TIES builds upon Task
arithmetic for model merging but introduces
two preliminary steps. First, it prunes the pa-
rameters, retaining only the top 20% that in-
fluence model performance most. Second, it
aligns parameter signs through a procedure
that accounts for their relative importance.

The aforementioned merging methods operate
at the level of parameter merging itself. However,
some methods, such as the one proposed in this
article, intervene before this merging to facilitate
it, meaning they can be combined with different
merging strategies. In our experiments, we used as
a reference the method considered most effective
in this regard among recent work:

DARE (Yu et al., 2024), which works by randomly
nullifying the parameter differences between

a fine-tuned model and its base model for a
subset of parameters, while rescaling the re-
maining ones.

The hyperparameters of these merging meth-
ods, along with the values used in our experiments,
can be found in Section A.2 of the appendices. Fi-
nally, from a merging perspective, encoder-based
models raise the specific issue of how to combine
their classification or regression heads®. Since we
merge models fine-tuned on the same task, we
chose to merge the heads in the same way as the
rest of the model, with two exceptions. The Task
arithmetic and TIES methods define task vectors
relative to the pretrained base model. However, the
head of this model is randomly initialized for the
downstream task, making the definition of a task
vector for this component meaningless. Therefore,
we merged the heads by simply averaging their pa-
rameters for these two methods. It is worth noting
that the projection method described in Section 2
is applied to both the models’ body and head.

3.2. Results for the GLUE benchmark

3.2.1. Base Model Merging

Table 1 reports the evaluation results of the differ-
ent baseline merging methods on the nine GLUE
tasks, with the last column on the right providing the
mean performance across these tasks. The first
three rows correspond to the minimum, maximum,
and mean values obtained over the five individual
models considered for each task.

Since the model mergings are performed in an
uninformed manner, i.e., without using a validation
set, we consider merging to be of interest whenever
its performance on a task exceeds that of the worst
individual model for the same task. From a statis-
tical perspective, comparing against the mean is
more meaningful; however, in an applied context
where one must select a single model without prior
knowledge of its performance, any solution that
improves upon the worst case is already valuable.

Overall, the last column of Table 1 shows that
outperforming the worst model is observed for most
merging methods, though not for all. Only Fisher
performs slightly below min. on average among
the five merging methods. The combination with
DARE slightly decreases Fisher’s performance,
and more significantly reduces the performance
of TIES, which otherwise stands as the strongest
merging method without DARE.

On average, none of the merging methods sur-
passes the maximum performance of individual
models, but TIES comes very close, while Task

5In the case of decoder or encoder-decoder models,
the target task is generally performed in a way that closely
resembles pretraining.
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cola mnli mrpc gnli qqp rte sst2 stsb wnli mean

min. 56.0 836 847 908 888 639 920 888 451 771
max. 583 843 857 913 89.0 70.0 925 898 56.3 797
mean 572 840 852 911 889 67.7 923 892 50.7 785
average 548 823 849 908 865 599 923 889 563 774
task arithmetic  59.4 80.7 88.8 906 876 682 927 878 56.3 79.1
regmean 56.8 83.5 865 913 88.7 69.0 921 888 56.3 792
fisher 50.7 796 86.2 913 848 606 924 859 56.3 764
ties 50.8 812 89.0 912 881 69.0 927 884 56.3 79.5

dare[average] 56.2 815 851 90.7 865 60.6 922 870 56.3 774
dare[task arith.] 59.9 80.7 89.0 90.6 876 682 927 878 56.3 79.2
dare[regmean] 56.2 83.3 872 911 88.7 69.7 921 887 437 779
dare][fisher] 53.0 805 873 911 855 614 924 877 437 758
dare][ties] 53.0 721 874 858 837 668 929 869 56.3 76.1

Table 1: Evaluation results of different reference merging methods for five bert-base-uncased models
fine-tuned on one of the 9 tasks from the GLUE benchmark. The first three rows correspond to the highest
(max.), lowest (min.), and average (mean) results for the five base models to merge. The following five
rows give the results obtained by the merging of these five base models performed by the five merging
methods we considered. Finally, the dare[*] rows show the results of the combination of DARE and each
of the five merging methods we considered. Bold values indicate the highest score a merging method
achieves for a given task. Values x100.

cola mnli mrpc qnli qqp rte sst2 stsb whnli mean
min. 56.0 83.6 84.7 90.8 88.8 63.9 92.0 88.8 45.1 771
max. 58.3 84.3 85.7 91.3 89.0 70.0 92.5 89.8 56.3 79.7
mean 57.2 84.0 85.2 91.1 88.9 67.7 92.3 89.2 50.7 78.5
average 57.32.5 83615 86.61'7 91 .3()'5 88.41.9 64345 92.0_043 88.8().() 56.3().() 78715
task arithmetic ~ 60.3. 9 81.4¢7 88.4_y4 89.8 (g5 87.4_g3 7153, 92.9¢.2 88.9 1 56.3,p 79.7,5
regmean 57.00.3 83.50.9 87.005 91 300 88.5_ 32 639 5, 91 6_95 87.6_11 56.3().0 78.5 o7
fisher 58.37_6 83.84,1 87.91_7 91 .0,0_3 88.63_8 66.1 5.4 92.370_1 89.53_6 56.30_0 79.32_9
ties 59.1_p7 82311 875 14 904_p5 879_p1 71525 92.8¢.1 88.501 56.39 79.60-
dare[average] 57.513 83.75.5 86.81 7 91-4(]}7 88.55 9 64.33¢ 92.0_p52 89.25; 56.3().() 78.81 5
dare[task arith.] 45.4,14_4 81 .40,7 88.6,0_4 89.7,0_9 87.3,0_3 711 2.9 92.90_2 88.91_1 56.30_0 78.0,1_2
dare[regmean] 57.00.8 83-5(],2 87.4¢ 3 91.4(]‘2 88.4,()(3 64.37&4 91 .97()‘2 87.7_11 56.312‘7 78.6[)(8
dare[fisher] 58.05_0 83833 88.41.0 91 .10_0 88631 66.14_7 92.2,042 89.51_8 56.312_7 79.3345
dare][ties] 51.2_;3 713_0s 86599 852 45 819_,; 71.8;5; 93.1)2 86.90.0 56.300 76.00.0

Table 2: Results comparable to those in Table 1 but with merging methods preceded by the application
of the model projection method into a shared space proposed in this article. The first three result rows
are identical to those in Table 1 and are included here for reference. Subscript numbers indicate the
performance gain or loss relative to the corresponding result in Table 1. Values x100.

arithmetic (with or without DARE) and RegMean  models fine-tuned on the same task.
approach this level to a lesser extent. However, all
these methods outperform the mean of the individ-
ual models. Finally, it should be noted that DARE,
which, like our proposed method, intervenes before
the merging itself and can therefore be applied to

different merging strategies, yields an overall nega-  4q however, clearly outperform the best individual

tive outcome: it is neutral or nearly neutral for Aver- 4o for specific tasks: for instance, the combi-
age and Task arithmetic, but substantially degrades nation of Task arithmetic and DARE f’or CoLA. or

the performance of RegMean, Fisher, and TIES. Task arithmetic, Fisher, and RegMean (with or with-

This flndlng is consistent with Huang et al. (2024), out DARE) for MRPC. A noteworthy case is WNLI,
who suggest that DARE may not be well-suited for o0 o)l merging methods, except for the combi-

merging more than two or three models. Moreover, | 4tions of DARE with Fisher or RegMean, match
prior evaluations of DARE have concerned merg- ¢ pet individual model. The small size of this
ing models trained on different tasks, rather than dataset may explain this observation.

At the task level, no merging method matches
or exceeds the performance of min. consistently
across all tasks, with RegMean being the closest
to achieving this objective. Some merging meth-

9992



3.2.2. Merging with Procrustes Analysis

Table 2 reproduces the experiments from Table 1,
but applies beforehand the projection method
based on Procrustes analysis described in Sec-
tion 2, which aligns models into a common rep-
resentation space. In the specific case of DARE,
three different process are thus applied sequen-
tially: our projection method, DARE, and finally, a
merging method. At the global level (last column
on the right), we observe that the impact of this pro-
jection method is overall positive. Only RegMean
and the combination of Task arithmetic with DARE
show a decrease in overall performance due to the
projection. In contrast, Fisher’s performance im-
proves substantially, both with and without DARE.
In the latter case, projection even yields the best
results reported with DARE. It also enables Task
arithmetic to match the maximum performance of
the individual models, and leads to only TIES with
DARE failing to surpass the minimum of individ-
ual model performance. Moreover, the number of
merging methods exceeding or matching the aver-
age of the individual models increases from four to
eight, with all non-DARE variants included.

A more direct comparison between our projec-
tion method and DARE (see the last part of Table 1
vs. the central part of Table 2), which are quite
similar in terms of usage, highlights the former’s
superiority. The average gain with our projection
method is 0.83 points, whereas the average loss
with DARE is 1.1. Figure 2 shows a task-by-task
analysis of the impact of the two methods: while
our Procrustes analysis has a slight negative im-
pact only on QNLI and SST-2, DARE has a slight
positive impact only on MRPC and SST-2. Finally,
combining our projection method with DARE (i.e.,
applying the projection, then DARE, followed by a
merging method) turns out to be relatively neutral:
in this configuration, the average loss due to DARE
decreases slightly from 1.1 to 1.0 points.

At the task level, systematically surpassing the
minimum individual performance remains out of
reach, primarily due to QQP, which appears to be a

-0,5 cola mnli{ — mrpc anli qqp rte sst2 stsb wili | mean|

Procrustes DARE

55

Figure 2: Comparison of performance gains or
losses brought by DARE and Procrustes for the
tasks of the GLUE benchmark.

challenging dataset for the tested merging methods.
Nevertheless, Fisher, benefiting the most on aver-
age from our projection method, comes close to this
objective. Projection also raises WNLI results to the
maximum individual level and produces substantial
gains for the combination of DARE with RegMean
or Fisher. By contrast, the sharp performance drop
observed for DARE combined with Task arithmetic
on ColLA is difficult to interpret. Finally, our pro-
jection method leads to two additional tasks, QNLI
and RTE, surpassing the maximum performance
of individual models, and one additional task, RTE,
surpassing their average performance.

3.3. Results for NER benchmarks

Table 3 brings together in a single table the results
of the individual models (first three rows), those
resulting from their combination using the various
methods previously considered (base column), as
well as those obtained by the same combination
methods but preceded by our projection method
based on Procrustes analysis (procr. column). Re-
garding the merging methods, we excluded Reg-
Mean and Fisher, as they require access to a subset
of the training examples® and were not among the
top two options in Table 2.

The first observation regarding the individual
models is that their variance is very low in the case
of CoNLL, and much higher, with a similar mag-
nitude, for NCBI and TweetNER7. While the low
variance in CoNLL 2003 does not prevent merging
methods from yielding gains, these improvements
remain modest compared to the individual models.
Although TIES and the application of DARE to TIES
degrade performance, the other merging methods
at least match the average performance of the in-
dividual models, and in some cases even achieve
the best overall performance. For both NCBI and
TweetNER7, TIES is also the worst-performing
merging method. This effect is particularly pro-
nounced for TweetNER?7. In both cases, merging
makes it possible to surpass the worst individual
model, and even exceed the average for NCBI, but
it cannot outperform the best individual model.

The use of Procrustes analysis is generally ben-
eficial, as indicated by the superscript values in the
procr. columns. The only negative, albeit minor,
impact of this analysis is observed for the Average
merging method in the case of NCBI. Conversely,
it can sometimes lead to substantial gains, as seen
when combined with DARE for the Average method
on TweetNER7, enabling a return to competitive
performance from an initially very low level. For

5These two methods use a subset of the training data
for computing some statistics they need, which limits
their ability to merge models for which the training data
are unavailable.

9993



CoNLL 2003 NCBI TweetNER7 mean

base procr. base procr. base procr. base procr.
min. 90.4 - 84.2 - 48.9 - 74.5 -
max. 90.6 - 86.1 - 51.7 - 76.1 -
mean 90.5 - 84.9 - 50.6 - 75.3 -
average 90.6 90.791 85.8 85.6_p2 43.0 48.9, 73.1 7514
task arithmetic 90.7 90.8 o1 85.3 85805 49.9 5111 75.3 75906
ties 90.2 90.8p5 85.1 85.70.6 417 52.0,03 723 76.253
dare[average] 90.5 90.7p- 85.0 85.7,7 27.8 494, 4 67.8 75.2;5
dare[task arith.] 90.9 90.9,, 85.4 85.8;3 498 51.4,4 754 76.0g5
dare[ties] 89.6 90.0p4 83.5 84.3p% 472 4884 734 74444

Table 3: Evaluation results for the three NER benchmarks. As with the previous tables, the first three
rows refer to the individual models’ results, with the best (max.) and worst (min.) models alongside the
mean of all these models. For the following rows and each benchmark, base corresponds to the initial
results of the merging methods, while procr. shows the results of the same merging methods preceded
by the Procrustes analysis. Subscript numbers in column procr. indicate the performance gain or loss
relative to the corresponding result in the column base. Values x100.

this same dataset, it even allows for a significant
improvement over the best individual model, and
it systematically yields better results than the best
individual model for all merging methods, except
DAREITIES], in the case of CoNLL 2003.

Finally, Figure 3 allows for a more specific com-
parison of the projection method based on Pro-
crustes analysis we propose and DARE. As for the
GLUE benchmark, this comparison clearly favors
Procrustes analysis, as it yields systematic gains
across all three base merging methods and for each
of the three benchmarks considered. In contrast,
DARE systematically results in performance degra-
dation under the same conditions. However, Ta-
ble 3 shows that for the NER task, unlike what was
observed for GLUE tasks, the combination of DARE
with Procrustes analysis yields almost systematic
improvements over using DARE alone.

CoNLL 2003 NCBY TweetNER7 mean

Procrustes DARE

Figure 3: Comparison of performance gains or
losses brought by DARE and Procrustes for the
NER benchmarks.

4. Conclusion and Future Work

The study presented in this article takes place within
the context of neural language model merging meth-
ods, focusing on parameter alignment techniques
applied before the merging itself. More specifically,
we proposed a new method based on the theo-
retical framework of Procrustes analysis to project
the parameters of a set of transformer-based lan-
guage models into a common representation space,
thereby facilitating their merging.

We applied this method to the merging of mod-
els fine-tuned on the same task and derived from
the same base model. Experiments conducted on
the nine GLUE benchmark tasks and six reference
merging methods demonstrate the effectiveness of
our approach, yielding in most cases a notable im-
provement in the performance of the tested merging
methods. Furthermore, experiments on three com-
plementary NER benchmarks confirmed the trends
observed for the GLUE benchmark. All these evalu-
ations also highlight that model merging is a promis-
ing option for reducing the risk of selecting a poorly
performing model among multiple fine-tuned vari-
ants, and in many cases, even allows surpassing
the average performance of individual models.

The most immediate direction for future work is
to apply our method to other types of models, in
particular decoder-only and encoder-decoder ar-
chitectures, given that merging methods are of-
ten more beneficial for these architectures than
for encoder-only models. Applying the proposed
projection method to adapter parameters (Rebuffi
et al., 2017) or LoRA modules (Hu et al., 2022)
would also be of considerable interest.

Beyond extending the method to other model
types, it would also be worthwhile to compare the
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early merging approaches considered here, along
with our proposed improvement, against later merg-
ing strategies such as bagging, jointly assessing
their respective performance and computational
cost. Finally, from a more explanatory perspective,
a closer examination of the impact of the proposed
alignment method at the parameter level, similar
to the analysis conducted by Jin et al. (2025) for
LoRA, would be necessary to characterize better
the transformations performed and to identify po-
tential avenues for further improvement.

5. Ethical Considerations and
Limitations

The limitations of this work are closely related to
the perspectives mentioned above: the proposed
method has so far been validated only with encoder
language models focusing on a single task. Its per-
formance with decoder and encoder-decoder mod-
els, as well as with models fine-tuned for different
tasks still needs to be evaluated. Moreover, our
method falls within the category of early fusion ap-
proaches. A comparison with late fusion methods
would also be of interest, even though early fusion
methods can be expected to outperform the latter, a
superiority coming at the cost of significantly higher
inference time.

Finally, it should be noted that while our exper-
iments show that our method for projecting lan-
guage models into a shared space improves their
merging, they do not provide any insight into its
impact on the intrinsic biases of these models. Ad-
ditional experiments testing model biases before
and after projection should therefore be conducted
to determine whether the method is neutral in this
regard, tends to amplify these biases, or conversely,
mitigates them.
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A. Hyperparameters

A1,
Ad.1.

Training of Individual Models
Tasks of the GLUE benchmark

For all the GLUE tasks, we adopted the following
hyperparameter values for training models:

* number of epochs: 3

* maximum sequence length: 128
 weight decay: 0

« warm-up ratio: 0

* batch size: 32

In addition, we used the following learning rate
values for the different tasks:

» CoLA: 2e-5
« MNLI: 1e-5
* MRPC: 5e-5
* QNLI: 1e-5
+ QQP: 1e-5
« RTE: 5e-5

« SST-2: 1e-5
» STSB: 5e-5

WNLI: 1e-5

A.1.2. NER Tasks

For all the NER tasks, we adopted the following
hyperparameter values for training models:

* number of epochs: 25
* learning rate: 5e-5

+ weight decay: 0.1

« warm-up ratio: 0.1

* batch size: 32

A.2. Merging of Individual Models

For the implementation of the different merging
methods, we relied on the codebase provided
by the authors of the DARE method: https://
github.com/yule-BUAA/MergelM

In the absence of a validation set, we adopted for
the various hyperparameters of the merging meth-
ods the values recommended as the most robust
in the original papers presenting these methods:

» Task arithmetic

— A: weighting factor for the different tasks,
in this case, the different models; A = 0.3

« TIES

-A=1.0

— k: percentage of the highest parameter
values not reset to zero; k£ = 20

» Fisher

number of examples: 1,024
batch size: 16

minimum value for Fisher coefficients:
1e-6

rescaling factor for Fisher coefficients: 0.3

normalization of Fisher coefficients: yes
* RegMean

— number of examples: 1,024
— batch size: 16

— «: weighting factor for the non-diagonal
terms of the parameter matrices; oo = 0.9

+ DARE

— parameter masking strategy: random
— percentage of masked parameters: 50

— format of masked parameters: value dif-
ferences of parameters between models

— parameter scaling: yes

B. Code and Data Availability

The code for projecting a set of neural lan-
guage models in a shared representation
space via the Procrustes analysis is avail-
able here: https://github.com/0sf9018/
procrustes—-merging

Some of the models used for the experiments
presented in this article are available here:
https://huggingface.co/collections/
ferret/procrustes-merging
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